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1. INTRODUCTION

Understanding the factors associated with student graduation is an important issue in higher
education because it supports academic planning, policy development, and early intervention strategies.
Educational datasets are typically multidimensional and contain complex relationships among variables.
Clustering techniques are machine learning methods used to categorize related data points without the need
for predetermined class labels. K-means and fuzzy C-means (FCM) are frequently used in educational
analytics for their versatility and effectiveness across diverse, heterogeneous datasets [1]-[5].

K-means is often used for its computational efficiency and straightforward implementation.
Nonetheless, its efficacy depends on the choice of initial centroids. FCM is more appropriate for overlapping
datasets, permitting data to be incorporated into numerous clusters. Determining the number of clusters
before the clustering procedure yields highly accurate results [6]. The elbow technique serves as a
preliminary reference; however, the elbow point may not always be distinctly apparent. The silhouette
approach enhances the elbow method's efficacy by analyzing cluster quality through intra-cluster
cohesiveness and inter-cluster separation [7]. The task of grouping graduation-related criteria shares
similarities with segmentation problems in healthcare, business, and social analytics. Across these domains,
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researchers must address heterogeneous data characteristics, boundary cases, and the need to generate
clusters that are both meaningful and actionable for decision makers.

Previous studies reveal research gaps, particularly the employment of restricted algorithms, as
evidenced by [8]-[10], which compares K-means, K-medoids, and FCM algorithms for clustering jobs
without including further optimizations to enhance the accuracy of these algorithms in clustering
multi-criteria data. This research enhances the accuracy and efficiency of clustering, particularly in managing
multi-criteria data, by incorporating hitherto unutilized metaheuristic optimization strategies [11]. Determine
the ideal number of clusters by using the elbow technique or gap statistic, as outlined by [12]. This research
addresses the ambiguity encountered in determining the elbow point by applying silhouette optimization
approaches to enhance the selection of the number of clusters. Prior studies also address multi-criteria
clustering as shown in [13], concentrated solely on clustering data using a limited number of criteria. This
research examines multi-criteria data clustering, incorporating multiple factors to assess student graduation
and academic performance, so offering a more holistic and pertinent approach to educational realities.

This research is novel in incorporating elbow—silhouette optimization to ascertain the cluster layout
prior to clustering. A comparison was conducted among several clustering techniques, including K-means,
FCM, K-medoids, density-based spatial clustering of applications with noise (DBSCAN), spectral clustering,
Gaussian mixture models (GMM), and deep learning (DL) [14]-[16]. The clustering outcomes from K-means
and FCM are improved using particle swarm optimization (PSO) and genetic algorithm (GA) to enhance
cluster quality [17]. The primary donations of this research are:

A comparison analysis of K-means and FCM focusing on factors influencing student graduation.
Evaluation of each algorithm's performance in terms of cluster separation, overlap handling,
computational efficiency, and interpretability within an educational context.

Elbow method for determining cluster quantity.

Integration of metaheuristic optimization techniques to enhance the accuracy of clustering.

2. METHOD

The clustering process, which begins with academic and non-academic datasets, is depicted in the
research design in Figure 1. Elbow optimization utilizing silhouette analysis to determine the ideal number of
clusters. The optimization outcomes are applied in K-means, FCM, K-medoids, DBSCAN, spectral
clustering, GMM, and DL [18]. To make sure the clustering results are consistent and dependable, algorithms
then optimized using PSO and GA, assessed using silhouette score, purity, normalized mutual information

(NMI), and adjusted Rand index (ARI), and validated using bootstrapping and cross-validation.
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Figure 1. Research methodology
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2.1. Data collection

Samples from academic datasets at several universities are used in this study and are supported by
references to relevant research. Direct observation on campus and a review of the literature were used to
gather data. The criteria were established by referencing previous research in the domain of educational data
mining, which demonstrated that these factors have a significant impact on student graduation rates [19].

The proposed dataset includes 33 criteria that represent contextual academic and non-academic
performance variables associated with student achievement [20], [21]. The cumulative grade point average
(GPA) [22], course completion rates, the number of repeated courses, semester credit load, and general trends
in academic achievement [23]-[26] are examples of academic factors. Conversely, involvement in
extracurricular activities, school attendance, socioeconomic circumstances, and demographic traits such as
age and gender [27] are examples of non-academic influences. These characteristics were selected because a
number of interrelated factors affect student performance and graduation prospects.

After that, all data values are standardized to the same range, 0 to 1, using min-max normalization.
For distance-based clustering techniques like K-means and FCM, this step is crucial. 16 specialists examined
33 factors to determine the final dataset. The K-means and FCM clustering techniques were then used to
process the data in order to find groupings of criteria with comparable academic and non-academic traits that
might have an impact on student graduation. By converting input data into fuzzy membership degrees,
assessing these values using a set of fuzzy rules, and applying defuzzification to obtain the final clustering
result, fuzzy inference facilitates flexible decision-making. Membership values in the ambiguous range of
0.5023 to 0.5903 indicate that this method effectively controls uncertainty for students whose data
placements are near the cluster boundary.

2.2. Cluster optimization using elbow method

Establishing the appropriate cluster configuration is essential in clustering research, as it directly
influences cluster interpretability and model reliability [28]. A model that overfits the data or has poor cluster
separation can result from selecting an incorrect value of k, thereby lowering the accuracy and interpretability
of the study's findings. To determine the best cluster structure, this study used the elbow method, with the
sum of squared errors (SSE) as the benchmark.

SSE computes the aggregate squared distance between each data point and the weighted centroid in
FCM or the cluster centroid assigned to the data point in K-means. Stated differently, SSE quantifies the
degree to which the data points cluster around the center of each individual cluster. SSE can be stated
mathematically as (1). Where x is the data point, C; represents the i cluster, and y; of the centroid of cluster i.

SSE = ¥ Yxec, |1 — |2 (1)

For K-means, SSE only shows how close together groups are around clear centers [7], [29]-[32].
Fuzzy SSE is more sensitive in identifying overlapping data groups in FCM since it takes into account the
membership weights of each data point. In the meantime, the elbow method is employed to ascertain the
proper value of k so that the resulting clusters are both easily interpretable and statistically supported in
both approaches.

The degree of membership is taken into account while using the FCM approach. Because each data
point may partially belong to more than one cluster, the SSE can be measured in a fuzzy form. The elbow
method is then used by computing the SSE values for range of potential cluster counts, from k = 2 to k = 10.
The SSE value will often drop as the number of clusters rises. But the decline becomes less noticeable after a
certain point. This point is then used to balance error reduction and model complexity to find the ideal
number of clusters.

The silhouette coefficient (SC) is used to verify the quality of the clustering results after the elbow
method determines the ideal number of clusters. Strong internal similarity and distinct separation from other
clusters are guaranteed by this validation. Therefore, more dependable and accurate clustering findings on
datasets linked to graduation requirements can be obtained using a two-stage optimization procedure that
includes elbow-SSE to select the candidate number of clusters and silhouette analysis for cluster validation.

2.3. Validating clusters with the silhouette

Silhouette analysis is employed to assess cluster validity by evaluating cohesion and the distinctions
generated by the proposed method. This method allows for a more objective assessment of cluster formation
accuracy by comparing the extent of resemblance among data within the identical cluster and the degree of
difference between clusters [33]—[36]. This formula is defined in (2) [37].

N b(i)—a(i)
S(l) 7 max {a(®),b(@)} (2)
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Where b(i) denotes the lowest average distance between point i and objects in the closest neighboring
cluster; and a(i) represents the average distance between point i and all other objects in the same cluster. The
range of values for the SC is -1 to +1. A value around 0 indicates that the data point is close to the boundary
among two clusters; a value near +1 shows that the point has been correctly clustered inside its cluster, and a
value near -1 indicates that the point is probably in the wrong cluster.

The overall SC is the mean of all the data points. A cluster with higher numbers is closer together
and less spread out. After K-means and FCM clustering on multiple factors (GPA, course completion, credit
load, attendance, extracurricular activities, socioeconomic background, age, and gender), SC was used in this
study. For K-means, SC is used to check whether the student grouping is correct, while in FCM, SC is used
to see fuzzy membership. When used with elbow—SSE, SC guarantees accurate and simple grouping for
studying factors that affect graduation.

2.4. Clustering algorithms

The study examined data sets from previous research on multi-criteria, which contain both academic
and non-academic elements that influence a student's capacity to graduate. Using different types of analysis
in different studies supports the idea that using both academic and non-academic factors together makes
graduation expectations more accurate than using only one type of factor. Strategies to raise the graduation
rate of students don't just focus on improving academic performance; they also look at things like students'
drive, the support they get in the classroom, and their social situations to make a more complete and
long-lasting plan [38].

2.4.1. Clustering using K-means for multiple criteria

Graduation-related criteria are grouped into academic and non-academic categories using the
K-means clustering approach. This technique partitions the data into a fixed number of clusters, each with a
centroid. To limit variance within the cluster until a convergence condition is met, the cluster membership is
updated by first computing the Euclidean distance from each data point to the centroid [39]-[45]. This
approach partitions the data into a predetermined quantity. of clusters, k. A central point, known as the
centroid, is then used to represent each cluster. The K-means algorithm iteratively assigns observations to the
closest centroid and updates the centroid positions until a stable partition is attained. The calculation typically
uses Euclidean distance as shown in (3).

d(x, ) =0 —c)? + (2 — )2 + -+ (%, — ¢)? 3

Where x = (xq, x5, ..., X,,) is a data point and ¢ = (¢4, ¢y, ..., ) is the centroid, update centroid in (4).
— 1 Z 4
¢ = H X'jECi xj ( )

Where C; is a collection of data in cluster I, |C;| is the number of data in the cluster.

—  Convergence: until the maximum iteration limit is reached or the centroid changes only slightly, this
process is repeated.

—  Results: final centroid: the centroid’s ultimate location for every cluster. The cluster label is based on
how close it is to the nearest cluster; each data point is labeled accordingly.

2.4.2. Clustering using fuzzy C-means for multiple criteria

The method known as FCM was used in this study to group students together based on academic
and non-academic factors that affect their chances of graduating [46]. By using the soft clustering approach,
FCM assigns a membership level to one or more clusters in addition to placing each criterion absolutely in
one cluster [47]-[49]. How the algorithm continuously modifies centroids and membership values:
i)  Set up the membership matrix (u) = [u;] randomly, ensuring Z?zl ;=1
i)  Compute cluster centroids in (5).

N uMx;
G = W &)

i=1"ij
iii) Update membership values are updated according to (6).

1
= T ©

=1 — ¢l

uij
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iv) The objective function to be minimized is given in (7).

t m t
W= 2 2w d? (v ) (7)

v)  Repeat steps ii—iii again and again until convergence, which means that the change in U is less than the
key value.

GPA course completion rate, number of repeated courses, credit load, attendance rate, extracurricular

involvement, socioeconomic background, age, and gender are some of the factors that were used in this

study. U all values are adjusted to fall between 0 and 1 using the min-max scale.

2.5. Optimization using particle swarm optimization and genetic algorithm

Clustering optimization can be carried out using GA and PSO to improve the quality of clustering
findings. While PSO modifies centroid placements based on the best particle's experience and the best global
solution, GA creates the optimal centroid configuration through selection, crossover, and mutation
operations. The objective function to be minimized is either Jm in FCM or inertia in K-means. By using both
strategies, this method can prevent local minima, the PSO and GA improve cluster cohesion and dissociation,
and result in more effective clustering procedure on complicated datasets. The formulas are as in (8) and (9).

PSO Particle Position v;(t + 1) = w.v;(t) + o1y (pbesti — X (t)) + o1y (gbest - xi(t))

1

Fitness Function GA = - )
Jm(FCM)or Inertia (K—Means)

3. RESULTS AND DISCUSSION
3.1. Dataset

Table 1 shows that the data used in this study consists of 33 criteria and 16 experts who provided
assessments for each criterion. Weighting is given based on the level of factors influencing student
graduation, such as weights 0.43796 (very influential), 0.21898 (influential), and 0.14599 (less influential).
These differences in what experts agree on are important in multi-criteria decision-making because they add
value to the review and help us understand why people have different ideas. By uniting the views of the
majority and minority, the decision will be more complete, stronger, and open to everyone. Table 2 displays
the outcomes of applying high-dimensional handling with an autoencoder prior to clustering, utilizing two
methods: encoder (compressed features) and decoder (reconstructing the original data), which reduces the
number of criteria from 33, 16 features to 2 features.

Table 1. Dataset of assessments for each criterion
Expert Critl Crit2 Crit3 Crit4 Crit5 Crit6 Crit7 Crit8.. Crit33
1 043796 021898 0.43796 0.43796 0.43796 0.21898 0.43796 0.43796 0.43796
2 0.43796 0.21898 0.43796 0.43796 0.43796 0.21898 0.43796 0.43796 0.43796
3 0.43796 0.43796 0.21898 0.21898 0.43796 0.43796 0.43796 0.43796 0.43796
4

0.43796  0.43796 0.43796 0.43796 0.43796 0.43796 0.21898 0.43796 0.43796
0.43796  0.43796 0.43796 0.43796 0.21898 0.43796 0.21898 0.21898  0.43796

5
16 0.21898 0.43796 0.43796 0.21898 0.43796 0.21898 0.21898 0.21898 0.21898

Table 2. Feature compression results with autoencoder
Number 0 1 2 3. 32
Latent Feature 1 0.112381 0.112381 0.112381 0.112381  -2.827449
Latent_Feature 2 0.816452 0.816452  0.816452 0.816452  -2.721458

Cluster 0 0 0 0 1

3.2. Elbow with silhouette

A more objective foundation for figuring out the ideal number of clusters can be obtained by
combining the elbow technique with the silhouette score. This combination evaluates the quality of cluster
creation by considering the degree of separation between clusters and the potential for overlap. The elbow
technique uses the pattern of SSE reduction to ascertain the optimal quantity of clusters.
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3.2.1. Elbow

Table 2 displays the outcomes of the SSE computation using (1). Every data point (xi) is
determined, grouped according to the centroid (ui), and the squared distance between each data point and the
associated centroid (||x — ui||2) is then calculated. The SSE is then determined by summing the squared
distances of each point within each cluster. One of the computation outputs, for instance, produced an SSE
value of 371.911898. In the following round, this value dropped dramatically until it reached an SSE of
323.771577 at k =3. This decline suggests that the best clustering outcome is three clusters [50].

x = [0.43796,0.43796,0.43796,0.43796,0.43796,0.43796,0.43796,0.43796,0.43796,0.43796,0.43796, ... |

i = [0.3384,0.3008,0.3296,0.3119,0.3097,0.3362,0.2964,0.3008,0.2853,0.2853,0.2920,0.2676,0.3163, ... ]
[lx — u|| = [(0.43796 — 0.3384)% + (43796 — 0.3008)? + (0.43796 — 0.3296)? + (0.43796 — 0.3119)% + --- |
SSE = 371.911898

3.2.2. Silhouette

Silhouette is then used to process the elbow's k =3 value. For every data point i, two values are
computed: b(i), which is the average distance to the closest other cluster used to measure separation, and
a(i) [51]-[53]. In (2) is used to calculate the silhouette value, which ranges from —1 to 1. The cluster's
quality is evaluated using the silhouette score, where a number near 1 denotes a good cluster, a value near 0
indicates that the data is close to the cluster boundary, and a negative value suggests a potential clustering
error. The total silhouette value is calculated by averaging each data score. Finding the average distance
between members of each cluster is the first stage in this computation. For instance, cluster 0 has ten
members, while cluster 1 has twenty-three. Computing the distances d(a), d(b), and b(i).

d(a) = \/(0.43796 —0.21898)2 4 --- + (0.43796 — 0.21898)? = 3.574779
d(b) = \/(0.43796 —0.21898)2 4 --- + (0.43796 — 0.21898)2=6.803666

Silhouette = 2823650733770 _ ) 966789
6.803666

Table 3 shows the SSE value dropped from 323.9119 at k = 3 to 173.15291 at k = 10, suggesting
that as the number of clusters rises, the distance between data points and centroids decreases. But the SSE
value is not the only factor that determines the optimal number of clusters. The silhouette score reached its
maximum value of 0.266789 at k = 2. From k = 3 to k = 7, the score dropped; it then increased slightly at
k = 8 and k = 9, but remained below the peak value at k = 2. This demonstrates that the optimal number of
clusters for this dataset is k = 2. With the elbow point apparent at k = 3, the elbow technique demonstrates
that the SSE value falls as the number of clusters rises. Since the silhouette score reaches its greatest value at
k =2, k=2 is the ideal number of clusters for this dataset.

Table 3. Result of elbow and silhouette average
k  Inertia (SSE) _Silhouette score

2 3719119 0.266789

3 323.77158 0.196341

4

290.65492 0.189455
265.10648 0.183155

5
10 173.15291 0.152549

3.3. Cluster algorithms

This study employs an unlabeled data clustering technique to cluster a multi-criteria dataset based on
similarity patterns. It also compares several clustering techniques, including K-means, FCM, K-medoids,
DBSCAN, and spectral clustering [54]-[56]. The comparison aims to identify the best way to create precise
and significant clusters.

3.3.1. K-means

The value of k is determined by selecting the optimal cluster using the hybrid elbow-silhouette
method applied to K-Means, as illustrated in Figure 2. The K-means algorithm resolution process consists
of five stages. Table 4 shows the initial stage of randomly determining the centroid [57]-[59], where the
data is taken from Table 1. Table 5. shown Euclidean distance to initial centroid, two initial centroids

Comparison algorithms with optimization for clustering multi-criteria (Ida Mulyadi)
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(cluster 0, cluster 1) are shown in rows (0, 1). One of the data's features is column (0...15). As a result,
every centroid possesses multidimensional coordinates based on Euclidean distance in (1).

In comparison to C1, the distance between all data (criteria 1-33) and centroid CO is the shortest.
This indicates that all of the data will probably be placed in cluster CO during the first clustering cycle. The
clustering results, which show two clusters—cluster 0 with 10 members and cluster 1 with 23 members—are
shown in Table 6. The member requirements are displayed for each cluster.

d, (xoCy) = /(0.474039 — (~0.2061))% + (0.776439 — (—0.33758))% + (0.353666 — (—0.15377))% + +--
d(xy, C;) = 2.083304

Elbow (Inertia/SSE) Method Silhouette Score vs k
] T
28 : ~—- Elbow k=3 026
350 1 i
i 0.24 1
3254 .
i 0.22 A
. b
300 i g
W 275 i 5 020
3 ! §
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250 4 H 2 0.18 A
1 n
2251 | 0.16 -
1
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i 0.14 1
175 i
r - - 0.12
2 3 4 3 6 7 B B 10 2 3 4 5 6 7 8 3 10
K k

Figure 2. Elbow and silhouette visualization

Table 4. Initial centroid
Cluster 0 1 2 3 4 5 6 7 8.. 15
Cluster 0 0.474039 0.776439 0.353666 0.834446 0.341325 0.481077 1216459 1.140741 1.389483 -0.04153
Cluster 1~ -0.2061 -0.33758 -0.15377 -0.3628 -0.1484  -0.20916  -0.5289  -0.49597 -0.60412 0.018057

Table 5. Euclidean distance to initial centroid
Criteria Centroid 0 Centroid 1

Critl 2.083304 5.7933
Crit2 3.112823 5.666317
Crit3 2.819333 5.623008
Crit4 .. 2.091753 5.686948
Crit 33 6.520207 3.55264

Table 6. Cluster membership of K-means

Cluster  Total member (n) Criteria
Co 10 0,1,2,3,4,56,7,8,9
Cl 23 10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 27, 28, 30, 31, 32

3.3.2. Fuzzy C-means
The clustering procedure in FCM generates multiple primary outputs that depict the generated
cluster structure. Each data point's membership matrix (u), cluster centroid values, objective function values,

and cluster labels are among these outputs [60]—[65].

i)  Membership matrix (u): the membership matrix (u) for 33 data points in the FCM algorithm,
indicating the membership levels toward two clusters, is displayed in Table 7. Cluster 0 has a
membership of 0.778303 for data point 0, while cluster 1 has a membership of 0.221697, suggesting a
greater correlation with cluster 0. For data point 32, cluster 0 is 0.323105, and cluster 1 is 0.676895,
suggesting a stronger correlation with cluster 1 [66]. Each column sums to 1, and defuzzification is
used to determine the final cluster label: label O if cluster 0 membership is higher, and label 1 if
cluster 1 membership is higher.

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3476-3491
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ii)

iii)

Table 7. Membership (U) and label
Cluster 0 1 2 3 4 5 32
Cluster 0 0.778303  0.714785 0.735585 0.776149  0.698873  0.737631  0.323105
Cluster 1 0221697  0.285215 0.264415 0.223851 0.301127 0.262369 0.676895
Label 0 0 0 0 0 0 1

Cluster centroids: the weighted sum of F1 values, based on the square of the membership degrees, is
divided by the total square of the memberships. To determine the centroid value of cluster 0 for feature
F1 in FCM (m = 2). The fuzzy weighted average of F1 in cluster 0O is represented by the resulting
centroid value 0.275272.

_ ((0.9030)2x0.43796)+((0.0970)2x0.21898) +-+((0.903)?x0.43796) _
- (0.9030)2+(0.903)2+---+(0.097)2 -

0.275272

Vo1

Table 8 presents the centroid values of the two clusters derived by fuzzy C-means. Each number from
F1 to F16 denotes the fuzzy weighted average of each feature in a classification. Cluster 0 exhibits
centroid values that are predominantly positive, including F1 = 0.275272 and F4 = 0.454959. This
signifies that the data inside this cluster are comparatively above average, assuming the data have been
normalized. Conversely, cluster 1 exhibits a predominant negative centroid value, such as
F1=-0.21055 and F4 = -0.35017. This signifies that the data within this cluster is subpar.

Table 8. Centroid cluster

Cluster F1 F2 F3 F4 F5 ... F16
Cluster 0 0.275272 0.437355 0.199145 0.454959 0.147754 0.016061
Cluster 1 -0.21055 -0.32511 -0.15805 -0.35017 -0.09593 -0.07279

The objective function value: Table 9 shows that the fuzzy C-means’ objective function value dropped
from 309.672222 in the first iteration to 264.242724 in the second, demonstrating notable
improvements in the membership matrix (1) and centroid adjustments. The value decline slowed and
stabilized after the third iteration. Its value reached 259.352419 at iteration 33, suggesting that the
optimization process has stabilized and the algorithm is almost convergent.

Table 9. Iteration and objective function
Iteration  Objective function (Jm)

1 309.672222
2 264.242724
3 263.348574
4 262.827033
5. 262.291954
33 259.352419

The objective function (Jm) is determined by summing the Euclidean distance (d) for each row and the
membership matrix (u) according to (5). This procedure is executed for all data and all clusters. The
cumulative findings yield a total objective function value of 309.672222 in that iteration.

Jm = (0.778303)2 x (0.43796 — 0.275272) 2 + (0.221697)2 x (0.21898
— (—0.21055))2 +..) = 309.672222

Label cluster: Table 10 presents the conclusive outcomes of data clustering employing FCM subsequent
to the defuzzification procedure. Cluster CO comprises 10 data points (indices 0-9), representing the
data with the highest affiliation to Cluster 0. Cluster C1 comprises 23 data points (indices 10-24, 27,
28, 30, 31, and 32), exhibiting a greater affinity for Cluster 1.

Table 10. Cluster membership of fuzzy C-means

Cluster  Total member (n) Criteria
Co 11 0,1,2,3,4,5,6,7,8,9,15
Cl 22 10,11, 12, 13, 14, 16, 17, 18, 19, 20, 21, 22, 23, 24, 27, 28, 30, 31, 32
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With 11 data points in cluster CO and 22 in cluster C1, Table 11 demonstrates that both K-means and
FCM generate the same cluster structure. The primary distinction lies in the assignment mechanism:
FCM uses soft assignment, which allows data points to have membership values in multiple clusters
simultaneously, making it more appropriate for data with ambiguous cluster boundaries, whereas K-
means utilizes hard assignment.

Table 11. Analysis comparison hybrid elbow+ silhouette, K-means, and FCM

Comparison Cluster  Number of members Criteria
Hybrid elbow + silhouette + K-means Co 10 0,1,2,3,4,5,6,7,8,9
Cl 23 10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20,
21,22,23,24,27,28, 30,31, 32
Hybrid elbow + silhouette + fuzzy C-means Co 11 0,1,2,3,4,5,6,7,8,9, 15
Cl 22 10,11, 12, 13, 14, 16, 17, 18, 19, 20, 21,

22,23, 24,27,28,30,31,32

This study clarifies the factors that affect student graduation in terms of ethics and justice. Two
clusters are produced by this study: cluster 1 (influential non-academic criteria) and cluster 0 (very influential
academic criteria). Demographic and socioeconomic factors are positioned as supplementary settings rather
than as the primary foundation for clustering or determining a criteria.

3.4. Depth of comparison using K-medoids, DBSCAN, spectral cluster, GMM, and DL

Table 12 shows the results of the comparison analysis of K-means, FCM, K-medoids, DBSCAN, and
Spectral with the elbow+silhouette hybrid. K-means, FCM, GMM, and DL clustering methods yield the same
results: a small cluster CO and a large cluster C1. For centroid-based techniques, the dataset structure is quite
obvious. A more equal distribution of K-medoids shifts some data from the big cluster to CO0, strengthening its
resistance to outliers. Spectral clustering with inverted clusters emphasizes data similarity and global
connectedness [67]-[71]. DBSCAN generates a large number of minor clusters that are not directly
comparable to two major clusters but are useful for detecting outliers and local density structures [72]-[76].

Using the K-means, FCM, K-medoids, DBSCAN, spectral clustering, GMM, and DL algorithms
based on the distance of data to the centroid and the distance between centroids, Figure 3 illustrates the
differences between the hybrid elbow and silhouette. K-means, fuzzy C-means, GMM, and DL clustering are
the most straightforward methods. The centroids are quite clearly separated in all four techniques.
Nonetheless, GMM and K-means appear to be the most practical options if we must select the most visually
stable, as they yield two comparatively distinct and fairly explicable groups. Following a comparison of each
algorithm's clustering performance in Table 12, a criterion selection technique was applied to identify the
most influential factors. The Shapley additive explanations (SHAP) method was used to evaluate the
significance of these factors in shaping clustering outcomes.

Table 12. Comparison analysis of K-means, FCM, K-medoids, DBSCAN, spectral, GMM, and DL with
elbow + silhouette

Comparison Cluster ~ Number of Criteria
members
Hybrid elbow + silhouette + K-means Co 10 0,1,2,3,4,5,6,7,8,9
Cl 23 10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21,
22,23, 24, 25, 26, 27, 28, 30, 31, 32
Hybrid elbow + silhouette + Fuzzy C-means Co 11 0,1,2,3,4,5,6,7,8,9,15
Cl 22 10,11, 12, 13, 14, 16, 17, 18, 19, 20, 21, 22,
23,24, 25, 26, 27, 28, 30, 31, 32
Hybrid elbow + silhouette + K-medoids Cco 22 0,1,2,3,5,8,10,11,13,15,16,19,20,22,23,24,2
5,26,28,29,31,32
Cl 11 4,6,7,9,12,14,17,18,21,27,30
Hybrid elbow + silhouette + spectral clustering Co 32 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21,
22,23, 24,25,26,27,28, 29, 30,31, 32
Cl 10 0,1,2,3,4,5,6,7,8,9
Hybrid elbow + silhouette + DBSCAN 32 clusters are formed, with cluster 6 having two criteria—6 and 7.
Hybrid elbow + silhouette + GMM Cco 10 0,1,2,3,4,5,6,7,8,9
Cl 23 10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21,
22,23, 24,25, 26, 27, 28, 30, 31, 32
Hybrid elbow + silhouette + DL Cco 10 0,1,2,3,4,5,6,7,8,9
Cl 23 10,11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21,

22,23, 24, 25, 26, 27, 28, 30, 31, 32
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Figure 3. Comparison of hybrid elbow-tsilhouette using K-means, FCM, K-medoids, spectral clustering,
DBSCAN, GMM, and DL clustering

The range of influence from strong to low is illustrated in Figure 4. K-means is quick,
memory-efficient, and still generates two clusters, Table 13 demonstrates that it is the most balanced method.
Although FCMean is faster than K-means, it uses a little more memory. Because DBSCAN can only create a
single cluster with the given parameters, it is not advised. While K-medoids is still useful but needs further
cluster quality assessment, spectral clustering is less effective for large data.
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Table 13. Efficiency benchmark
No  Algorithm  Scalability n_F Runtime_mean Memory_mean C  Noise_ Labels_Last_Run
(sec) (MB) Points
0  K-means 500 16 0.031039 0.188286 2 0 ILLLLLLL,1L,1,1,0,0,0,0,0,.
1 FC-mean 500 16 0.012761 0.363861 2 0 [0,0,0,0,0,0,0,0,0,0,1,1,1,1,0,.
2 DBSCAN 500 16 0.035176 4.065701 1 0 [0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,
3 Spectral 500 16 0.102301 7.647919 2 0 L,1,1,1,1,1,1,1,1,1,0,0,0,0,0,.
clustering
4 K-medoids 500 16 0.013960 3.426704 2 0 [0,0,0,1,1,0,1,1,0,1,0,0,1,0,1,.
5  K-means 700 16 0.054815 0.238579 2 0 [1,1,1,1,1,1,1,1,1,1,0,0,0,0, 0, .
6  FCMean 700 16 0.032087 0.482880 2 0 [1,1,1,1,1,1,1,1,1,1,0,0,0,0, 0,
7  DBSCAN 700 16 0.079708 7.959934 1 0 [0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, .
8  Spectral 700 16 0.281860 14.975927 2 0 [0,0,0,0,0,0,0,0,0,0,1,1, 1,1, 1, .
clustering
9  K-medoids 700 16 0.018340 6.539619 2 0 [1,1,0,0,1,1,1,1,0,0,0,1, 1,1, 1, ...

3.5. Optimization using particle swarm optimization and genetic algorithm

Table 14 shows that if inter-cluster separation is the primary indicator, K-means + PSO is the most
logical approach to select as the main outcome. The optimal fuzzy comparison is FCM + PSO if the study
requires interpreting membership degrees. Because the distance between centroids is too small, FCM + GA
approach produces fewer distinguishable clusters and should not be employed as the primary method.

Table 14. Comparative result: baseline, PSO, and GA

Method CO0 Cl  Objective Distance between Data to centroid Interpretation
value centroids Co Cl

Elbow + silhouette + 10 23 0.550765 0.584326  0.490721 K-means shows two clusters with a

K-means clear separation.

Elbow + silhouette + 11 22 0.332845 0.504167  0.485086 FCM is able to show the degree of

fuzzy C-means membership, but the separation of
centroids is lower.

Elbow + silhouette + 10 23 5601771 0.577250 0.609683  0.490822  The separation of the centroid is the

K-means + PSO strongest.

Elbow + silhouette + 23 10 5.391484 0.543394 0.492977  0.578223 Lowest SSE so that it is the most

K-means + GA compact internally.

Elbow + Silhouette + 11 22 3.701355 0.267310 0.493568  0.481103  Best fuzzy objective; more feasible than

FCM + PSO GA-FCM.

Elbow + Silhouette + 11 22 3.740730 0.103449 0.476656  0.474827 The centroids are too close to one

FCM + GA another, resulting in a very poor
separation.

3.6. Cluster evaluation

Table 15 shows that K-means + PSO is the best clustering assessment method since, together with
K-means + GA, it has the highest silhouette score but a lower objective value. In comparison to the first
silhouette scores, the last silhouette scores values remain lower. Thus, altogether, it is not yet possible to say
that the optimization findings have successfully enhanced clustering performance. To improve the results,
more testing is required, such as experimenting with different values of k, increasing the number of PSO/GA
iterations, expanding the population/particle size, carrying out feature selection or normalization, and
incorporating the original labels if the values of purity, NMI, and ARI are to be computed.

Table 15. Cluster evaluation

No Method Objective  Last_silhouette ~ Purity =~ NMI ARI Cluster label First_
value score silhouette
1 K-means + PSO  5.782470 0.254177 NaN NaN  NaN [0,0,0,0,0,0,0,0,0,0,1,1,1,1,1,..] 0266789
2 K-means + GA 5925785 0.254177 NaN NaN NaN [0,0,0,0,0,0,0,0,0,0,1,1,1,1,1,..] 0266789
3 FCM +PSO 3.721401 0.223247 NaN NaN  NaN [0,0,0,0,0,0,0,0,0,0,1,1,0,1,0,..] 0.266789
4 FCM + GA 3.959529 0.212373 NaN NaN NaN [I,1,1,1,1,1,1,1,1,1,0,1,1,0,0,..]  0.266789

3.7. Validation

Using a new dataset and the cross-dataset validation metrics method, Table 16 displays the clustering
findings. Although there are still many mistakes and overlaps between clusters, the ARI of 0.478 indicates
moderate similarity. Although there is still considerable uncertainty, the NMI value of 0.433 indicates moderate
shared knowledge, with the clusters capturing some of the original label patterns. Table 17 compares clustering
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between Al and experts. Members of clusters 0 and 1 correspond to the categories highly influential and
influential, as defined by Al and experts. This indicates that the clustering algorithm can capture patterns in
academic criteria that align with expert assessments. The input values in Table 1 of the dataset are those
provided by the expert. Figure 5 shows the clustering K-means and FCM are fairly robust at differentiating
the two primary groups, particularly along the X-axis, as indicated by the error bars and standard deviations.
The consistency of results within the cluster must be preserved throughout the experimental assessment
process, though, as there is still uncertainty or internal variance on the Y-axis.

Table 16. New dataset (cross-dataset prediction)
No. Crl Cr2 Cr3 Cr4.. Cr33 Actual Cluster
1 0.2304 0.2304 0.2304 0.2304 0.1152 On time 1
2.. 02304 0.2304 0.2304 0.2304 0.1152 On time 1
15 02304 02304 02304 0.2304 0.1152 Not on time 1
16 0.2304 0.2304 0.2304 0.2304 0.1152 On time 1

Table 17. Comparison of Al and expert grouping

Al clustering results Factors Criteria Expert Interpretation
Cluster 0 Very influential ~ GPA, course values, amount of credits taken,  0.43796  According to the expert
and number of credits passed/not passed.
Cluster 1 Influential Family income financial aid, attendance and 0.21898  According to the expert

participation, extracurricular activities, tuition
fees, salary status

Cluster 2 Quite influential  Extracurricular activities, and college status 0.14599  According to the expert
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Figure 5. Error bars of K-means and FCM

3. CONCLUSION

This analysis determines that two clusters represent the best quantity according to the integrated
elbow and silhouette methodologies. K-means and GMM exhibited the most distinct and persistent cluster
separation among the evaluated techniques. Post-optimization, K-means + PSO emerged as the preferred
method for maximizing inter-cluster separation, whilst FCM + PSO was more appropriate for interpreting
unclear or overlapping membership degrees. The FCM + GA method is inadvisable, as the resulting clusters
are difficult to discern due to the minimal distances between centroids. Furthermore, the optimization
outcomes have not significantly improved clustering performance, as the final silhouette value remains
inferior to the original. Additional testing is required to verify the purity, NMI, and ARI values. This
encompasses testing with various k values, increasing the number of PSO/GA iterations, increasing the
particle or population size, performing feature selection or normalization, and incorporating original labels.
The cross-dataset validation results, with an ARI of 0.478 and an NMI of 0.433, demonstrate that the
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clustering model exhibits considerable consistency on the new dataset. The findings suggest that the model
can discern some patterns in the reference labels, despite the presence of overlaps and categorization
inaccuracies. The clustering outcomes align with expert evaluations, indicating that academic aspects are
highly influential, whereas socio-economic and institutional elements are also impactful in student
graduation. This paradigm facilitates more precise institutional decision-making by associating each cluster
with actions such as achievement development, remedial programs, counseling, monitoring, or academic
coaching. This method, while akin to segmentation techniques in other domains, encounters obstacles like
data heterogeneity, instances situated at the peripheries of clusters, and practical implementation issues.
Consequently, the model ought to serve as a decision-support instrument rather than a replacement for
institutional discernment. Subsequent development must integrate a continuous learning mechanism to enable
the model to adapt to changes in criteria that influence student graduation.
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