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Abstract — The clustering of large and high-dimensional data is still a problem because of the problems of scalability,
memory, and quality evaluation of the cluster. This paper also suggests a Hybrid Scalable Clustering Framework (HSCF)
which is a combination of hierarchical and partition-based clustering algorithms to provide efficient and effective behavior
at different scales of data. The framework uses the BIRCH clustering algorithm of memory efficient, incremental clustering
coupled with fast and scalable centroid-based optimization with MiniBatchKMeans clustering algorithm. Elbow Method
is used to have the optimal clustering configuration, to make the number of clusters manually chosen and thus minimize
human involvement and enhance reproducibility. The quality of clustering is computationally assessed by the Silhouette
Score which gives information about the cohesiveness within a cluster and the distance between clusters. Moreover, PCA
is applied to dimensionality reduction and visualization, with the help of which it becomes possible to produce useful
visualizations of the structure of clustering in reduced feature space. Experimental evidence shows that MiniBatchKMeans
is more efficient in its computational speed with large datasets whereas BIRCH is more efficient in terms of memory usage
and hierarchical representation. The proposed framework is the most appropriate in the application of the real-world large-
scale data analysis. The combination of multi-scale assessment, automatic optimization and multi-scale clustering is the
main innovation of this article with the ability to provide a complete solution to the contemporary clustering problems.

Keywords — Clustering, BIRCH, MiniBatchKMeans, Dimensionality Reduction, Silhouette Analysis.

I. INTRODUCTION
Another crucial task in the two fields is Machine Learning and Data Mining Clustering that can be common dressed and
used in popular terms to detect latent forms and patterns of data. Due to the continued increase in the size and complexity
of large scale and high-dimensional data sets, such as in the domains of healthcare, finance, and social networks, traditional
clustering algorithms are becoming especially problematic in terms of their scalability, computational and memory usage.
These problems suggest the development of effective and scalable clustering systems capable of serving diverse data
properties and maintaining the quality of the clustering processing [1].

Hierarchical clustering algorithms such as BIRCH clustering algorithm have performed well with large data sets with
respect to incremental learning as well as compact data representation. The tree structure of a Clustering Feature (CF) is
used by BIRCH to reduce the memory usage and offer effective data summing up. However, it may turn to be poor in the
clustering accuracy in the case of complex or non-spherical data distributions. On the other hand, the algorithms based on
partition such as mini-batchKMeans clustering have significant advantages of low computational efficiency because of
mini-batches update, which should be used with large data sets. Despite this merit, these methods are rather sensitive to
the decision of the number of clusters, and may be sensitive to initialisation [2].

To address the constraints, a number of optimization and evaluation procedures have been proposed. Elbow Method is
the most common method of obtaining the most optimal number of clusters, which examines Within-Cluster Sum of
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Squares (WCSS) in order to obtain the best number of clusters [3], the Silhouette Score is the second method of measuring
the quality of the clustering in terms of intra-cluster cohesion and inter-cluster separation. Another application of the
Principal Component Analysis that has been extensively utilized is to lower the dimensionality and hence to enable
significant visualization and interpretation of the high dimensional clustering results [4]. Despite the availability of these
techniques, most of the research that exists will focus on the individual clustering algorithms and does not use multiple
methods within a single framework. Such an imbalance of integration prevents the opportunity of establishing trade-offs
of scalability, accuracy and interpretability in whole. Further, there has been a minimal emphasis on the analysis of the
multi-scale dataset and joint approaches of assessment incorporating optimization and visualization [5].

In order to solve these problems, the present paper proposes Hybrid Scalable Clustering Framework (HSCF) [6] that
integrates hierarchical clustering and partition-based clustering into a single pipeline. The framework shown here is a
hybrid version of the efficiency of both BIRCH and MiniBatchKMeans in order to achieve the efficiency of both memory
and computational scale. It also applies the EIbow Method of automatic cluster selection and evaluates the performance of
clustering by the Silhouette Score and applies the Principal Component Analysis to visualize high-dimensional data [7].
The major findings of this work are as follows:

e Another hybrid clustering system that combines BIRCH and MiniBatchKMeans was proposed.
e  Multi-scale dataset evaluation using a scalable pipeline.

o Elbow Method of automated cluster optimization.

e  Extensive analysis by Silhouette Score and PCA diagram.

e Critical comparative analysis of efficiency-accuracy trade-offs.

The rest of the paper is structured in the following way. Section II is a literature review on related works in clustering
methods, Section III gives the proposed methodology, Section IV discusses the experimental results, and Section V gives
the conclusion of the paper.

II. BACKGROUND AND RELATED WORKS

Clustering has been extensively researched in the fields of Machine Learning and Data Mining resulting in the creation of
different hierarchical, partition-based, and density-based algorithms. BIRCH clustering algorithm was introduced by the
authors in [8] and uses Clustering Feature (CF) tree to summarize large datasets in an efficient manner. This method
consumes a lot less memory and facilitates incremental clustering thus being appropriate in massive applications. BIRCH
can however not cope with complicated cluster shapes and needs tuning of the parameters. Clustering methods based on
partition have also attracted much attention because they are computationally efficient. It has been commonly used in the
K-Means algorithm which has certain limitations in clustering large datasets, which resulted in the creation of mini-batch
clustering MiniBatchKMeans [9] which is a K-Means algorithm with mini-batch optimization to minimize the time of
computation and produce the same quality clustering results. It has been found that MiniBatchKMeans converges faster
than regular K-Means especially in high dimensional data [10]. However, the choice of the number of clusters and strategies
of initiation is very influential on its results.

To resolve the issue of providing the best numbers of clusters, various methods of evaluation have been suggested.
Elbow Method is among the most popular methods of determining the correct value of the number of clusters through the
analysis of Within-Cluster Sum of Squares (WCSS) [11]. Also, a new measure called the Silhouette Score has been
implemented, which is a strong metric to assess the quality of a clustering by the cohesion and the separation [12]. Such
techniques have been widely used in other clustering studies in order to improve model choice and testing.

The dimensionality reduction methods are significant in enhancing the performance of clustering and interpretability.
One of the most popular techniques used to reduce the high dimensional data to a lower space by maintaining the variance
is Principal Component Analysis [13]. Some of the studies have shown that PCA enhances clustering visualization and
removes noise on high-dimensional datasets [14]. Nonetheless, the information can be lost when PCA is improperly
configured. In the recent past, studies have concentrated on hybrid and scalable clustering models, which integrate two or
more techniques to address the weaknesses of the single techniques. It has been demonstrated that hybrid methods that
combine hierarchical and partition-based clustering have better performance with regard to scalability and accuracy [15].
Also, parallel and distributed clustering systems have been put forward to process large scale data efficiently [16]. Although
these advancements have been made, there are numerous available methods which do not have a complete evaluation
strategy including the combination of the techniques of optimization and visualization.

Also, as of late, it has been highlighted that multi-metric evaluation is necessary to cluster performance analysis. Internal
validation scores like Silhouette Score and visualization tools like PCA have been found to give more insight into cluster
structures when combined [17]. Nevertheless, little has been done to determine how such methods can be incorporated into
an overall and scalable system. Unlike the current methods, the suggested HSCF combines both BIRCH clustering
algorithm and MiniBatchKMeans clustering in one pipeline, with all cluster selections being automated with the help of
the Elbow Method and all the cluster evaluations being carried out with the help of the Silhouette Score and Principal
Component Analysis. This integration is based on the shortcomings of the existing approaches and delivers a scalable,
efficient and interpretable solution of clustering.
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III. PROPOSED METHODOLOGY

The developed HSCF is aimed to offer a broad and scalable assessment of clustering algorithm through specifically
combining hierarchical and partition-based methods in a single pipeline. The framework involves the use of BIRCH
clustering algorithm and MiniBatchKMeans clustering to examine performance in various dataset sizes and dimensional
configurations.
Three major points make the suggested framework novel:

(i) multiple scale dataset analysis, which allows the analysis of small and large datasets.

(i1) automated cluster selection based on Elbow Method, and

(iii) high-dimensional validation Principal Component Analysis.

This merger approach guarantees quantitative and qualitative validation of performance of the clustering.
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Fig 1. Proposed Hybrid Scalable Clustering Framework (HSCF).

Fig. 1 illustrates the proposed Hybrid Scalable Clustering Framework (HSCF) which is a structured pipeline when it
comes to scalable and effective clustering of high dimensional datasets. The architecture starts with the input data phase,
which receives both synthetic and real-world data. These data are fed into a preprocessing module in which normalization
and feature scaling is done to provide uniformity and remove bias due to different magnitudes of the features. After
preprocessing, a parallel clustering layer that comprises of BIRCH clustering algorithm and MiniBatchKMeans clustering
algorithms are introduced. This two-way structure allows hierarchical and partition-based clustering, which is more
scalable and efficient in terms of computation. The results of the two clustering methods are then sent to the optimization
module whereby Elbow method is utilized to get the best number of clusters based on WCSS analysis.

Later, the evaluation module evaluates the clustering performance of the Silhouette Score which gives information
about the cohesiveness and the separation of the cluster. The framework also uses Principal Component Analysis to reduce
dimensions and visualize them to allow easy interpretation of clustering results in lower dimensional space. Lastly, output
layer yields the clustered data with performances measures and hence a reliable and scalable clustering solution to big and
complicated data. In the suggested framework, BIRCH clustering algorithm is subsequently utilized in facilitating effective
hierarchical clustering by building up a Clustering Feature (CF) tree. The nodes in the CF tree are represented as

CF = (N,LS,SS) (1)

where N denotes the number of data points, LS = Yx; represents the linear sum, and SS = Y x? denotes the squared
sum of data points within the cluster. Using these parameters, the centroid of each cluster is computed as

ss  [(LS\?
R=15-(5) )
This sparse form allows BIRCH to process very large datasets with a small amount of memory consumption, which
would be very well suited to scalable and streaming data settings.

Simultaneously, the MiniBatchKMeans clustering algorithm is applied to do effective partitioning-based clustering. This
method aims at reducing WCSS, which is defined as

while the cluster radius is estimated using

J =Y Bxec Il x = i 2 @)
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where p; represents the centroid of cluster C;. Unlike conventional K-Means, MiniBatchKMeans updates centroids
using randomly sampled mini-batches, significantly reducing computational complexity. The centroid update rule is given

by
W= - ) (5)

where 1 denotes the learning rate. This formulation ensures faster convergence while preserving clustering quality,
especially for large-scale datasets.

To determine the optimal number of clusters, the Elbow Method is incorporated within the framework. This method
evaluates the variation of WCSS, expressed as

WCSS = 2, Tyec, Il x — pi I1? (6)

across different values of k. The optimal number of clusters is identified at the point where the rate of decrease in WCSS
exhibits a sharp transition, indicating an appropriate balance between model complexity and clustering accuracy.

For evaluating clustering quality, the Silhouette Score is employed. The silhouette coefficient for a data point is defined
as

~ _ b()-a()
S(l) - max(a(i),b®)) (7)

where a(i) represents the average intra-cluster distance and b(i) denotes the nearest-cluster distance. The overall
clustering performance is obtained by averaging across all data points, given by

S =¥, S@) ®

This metric effectively captures both cluster cohesion and separation, providing a reliable measure of clustering
performance.

To analyze clustering behavior in high-dimensional space, Principal Component Analysis is applied. The covariance
matrix of the dataset is computed as

_1lyr
S=-X"X (€)]
followed by eigen decomposition defined by
v =274 (10)

where A and v represent eigenvalues and eigenvectors, respectively. The dataset is then projected onto a reduced-
dimensional space using

Z=XW (11)

where W contains the principal eigenvectors. This transformation facilitates effective visualization and interpretation
of clustering structures.

The suggested HSCF combines hierarchical and partitions-based clustering with parameter optimization and multi-
metric analysis. Through the integration of effective data summary, scalable optimization schemes and dimensionality
reduction algorithm, the framework offers a solid and holistic solution to clustering analysis in a wide range and large
volume of data.

IV.RESULTS AND DISCUSSION

In this section, the experimental analysis of the suggested model, which is denoted as the Hybrid Scalable Clustering
Framework (HSCF), is provided. The HSCF model is aimed at systematically contrasting hierarchical and partition-based
clustering methods through the combination of BIRCH clustering algorithm and MiniBatchKMeans clustering into a single
evaluation flow. The main novelty of the suggested framework is the fact that both algorithms are compared on different
data sizes in a multi-scale comparative term, and automated identification of clusters with the help of the Elbow Method
and high-dimensional validation with the Principal Component Analysis (PCA) is performed. Compared to the traditional
research where a researcher or investigator is only able to analyze one data or a specific number of metrics, the proposed
methodology offers a holistic and scalable evaluation of the performance of clustering based on efficiency, quality and
structure.

Synthetic datasets were created with the make-blobs function of scikit-learn to make sure that the experimentation was
controlled and reproducible. The datasets were constructed in such a way that they replicated realistic clustering conditions
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having well-defined but moderately overlapping cluster structures. The amount of samples was adjusted between 1,000 to
20,000; this allowed the analysis of the algorithm scaled to larger amounts of data. All the datasets had 12 clusters which
were determined with each dataset having validated the previous time with the Elbow Method and this was the best trade-
off between the small and the complex. In their visualization, the data with two features were employed whereas the data
with six dimensions were created in order to analyse them with the help of Principal Component Analysis in high
dimensions. To achieve consistency and reproducibility of the results, a fixed random state was used in all experiments.
All the simulations were done on a Python-based computational environment with standard scientific libraries. The
adoption took NumPy to perform numerical operations, Matplotlib to visualize and scikit-learn to clustering algorithms
and evaluation measures. It was tested on a standard computing system with an Intel i7 processor and 8-16 GB of RAM.
All calculations were done on a processor that does not support the use of a GPU so that the performance could be evaluated
equally. This design will make the differences in performances witnessed be explained by the algorithmic nature instead
of hardware variation.

Table 1. Quantitative Performance Comparison Across Dataset Sizes

Dataset BIBCH MiniBatchKMeans Time BIRCH MiniBatchKMeans Silhouette
Size | Tlime Time (s) Improvement | oo o ette Silhouette Improvement
(s) (%) (%)
1,000 0.12 0.08 33.3% 0.61 0.65 6.56%
5,000 0.58 0.32 44.8% 0.59 0.63 6.78%
10,000 1.21 0.67 44.6% 0.57 0.62 8.77%
20,000 2.85 1.34 53.0% 0.55 0.60 9.09%

Table 1 shows a comparison of the performance of the BIRCH clustering algorithm and MiniBatchKMeans clustering
in terms of different dataset sizes in a quantitative manner. The findings have made it clear that MiniBatchKMeans is
always faster than BIRCH in execution, with up to 53 percent improvement in cases of large datasets. This is due to the
fact that it has mini-batch optimization strategy that drastically lowers computational overheads hence the performance
gain. Regarding the quality of clustering, based on the Silhouette Score, the MiniBatchKMeans also shows better results,
with the enhancements ranging between 6% and 9 percent. Secondly, the scalability of the MiniBatchKMeans is also noted
by the growing performance with the size of the dataset. Nevertheless, BIRCH has a competitive performance, especially
with small datasets, showing that it can be used in memory-limited or incremental learning cases. Altogether, the findings
support the trade-off between efficiency and quality between the two approaches.

BIRCH (n=1000) BIRCH (n=5000)
104
10 4
51 s
0 0
-5 -5
-10 1
—10 - T y T T T T T T T
-10 -5 0 5 10 -10 -5 0 5 10
BIRCH (n=10000) BIRCH (n=20000)
10 10 4
5 5
0 0
5 -5
_10 -10
~10 s 0 5 10 -10 -5 0 5 10

Fig 2. Clustering Visualization of the Proposed HSCF Model Using BIRCH Across Varying Dataset Sizes.
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The effectiveness of the suggested HSCF model was measured in both quantitative and visual analysis approaches. The
execution time was estimated to determine the efficiency in terms of computation and scalability especially with large data
sets. The evaluation of quality clustering was done by measuring the Silhouette Score which measures the extent of
separation between the clusters and the cohesion within the clusters. Also, Within-Cluster Sum of Squares (WCSS) was
evaluated to estimate the best number of clusters using Elbow Method. Qualitative evaluation of cluster structure and
separability was performed by visual analysis of 2D clustering plots and 3D projections of 2D clusters in PCA. Collectively,
these assessment plans can give a detailed insight into the strengths and weaknesses of the two algorithms in the suggested
framework.

MiniBatchKMeans (n=1000) MiniBatchKMeans (n=5000)
10 1
10
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0 0
el -5
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—10 - - - - . - - - - -
-10 -5 0 5 10 -10 -5 0 5 10
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51 5
0 0
—5 -5
~10 - -10
10 3 0 5 10 10 = 0 5 10

Fig 3. Clustering Visualization of the Proposed HSCF Model Using MiniBatchKMeans Across Varying Dataset Sizes.

Clustering Visualization Analysis

The clustering efficiency of the BIRCH clustering algorithm as well as MiniBatchKMeans clustering was first tested by
visual analysis in the case of various data sizes. As shown in Fig. 2 and Fig. 3, both algorithms were able to find the
underlying cluster structure of all the tested settings (1K to 20K samples with 12 clusters). Nonetheless, there were different
behavioral variations. MiniBatchKMeans created small high-separated clusters especially in smaller databases, suggesting
that it is efficient in centroid-based partitioning. Conversely, BIRCH had a more hierarchical grouping structure, but had a
little diffused cluster boundary because of its CF-tree-based aggregation scheme. The larger the dataset, the more BIRCH
results would show a slight amount of cluster overlap, and MiniBatchKMeans would keep a relative amount of separation.
This implies that MiniBatchKMeans will be more appropriate in instances where there is a need to have set boundaries
between partitions whereas BIRCH will be more beneficial in instances where there is need to do incremental and
hierarchical clustering.

Table 2 gives a sophisticated quantitative analysis of clustering performance based on various validation measures,
which further explains the nature of the structure of the algorithms. These values of WCSS show that MiniBatchKMeans
is always capable of yielding smaller clusters in comparison to BIRCH clustering algorithm.

Moreover, the values of Davies-Bouldin Index are lower in case of MiniBatchKMeans at all sizes of the dataset, which
shows better separation of the clusters and less overlap. Equally, large values of Calinski-Harabasz Score authenticate more
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effective cluster structure and better inter-cluster dispersion. The measurements of response time also support the fact that
MiniBatchKMeans is computationally efficient, specifically with increasing dataset size. Viewed through the prism of
these benefits, BIRCH proves to be stable in terms of metrics, which is indicative of its strength and ability to cluster
hierarchically. All these findings confirm the usefulness of the proposed framework in terms of the ability to capture both
the efficiency and clustering quality attributes via the extensive metric-based analysis.

Table 2. Advanced Quantitative Clustering Evaluation Metrics

Dataset Algorithm WCSS Davies—Bouldin | Calinski—-Harabasz Average Response
Size (Inertia) Index Score Time (ms)
1,000 BIRCH 1250 0.82 310 120

MiniBatchKMeans 980 0.74 355 80
5,000 BIRCH 6420 0.88 420 580
MiniBatchKMeans 5100 0.79 480 320
10,000 BIRCH 12850 0.93 510 1210
MiniBatchKMeans 10120 0.85 590 670
20,000 BIRCH 26500 1.02 620 2850
MiniBatchKMeans 21040 0.91 710 1340

High-Dimensional Data Analysis Using PCA

To dig further into the performance of the clustering in the high dimensional space, Principal Component Analysis had
been utilized to project the data to the three-dimensional space. The following 3D plots provide additional data on cluster
separability. iniBatchKMeans had well-concentrated clusters and a clear separation as far as space is concerned which can
be used to justify its use in centroid partitioning. BIRCH though showed a slightly more distributed cluster distributions as
anticipated since it is an algorithm of hierarchical aggregation but the projections of PCA prove that the two algorithms
can effectively work even in the high dimensional setting though miniBatchKMeans has a minor edge in the compactness
and the visual distinguishability of clusters.

Fig 4. 3D PCA Projection using BIRCH.

The three-dimensional projection of clustered data produced in the use of the BIRCH clustering algorithm once the
Principal Component Analysis has been applied is shown in Fig 4. The transformation breaks down the original high
dimensional dataset into three major components thus making a good visualization of clusters distribution and separability
possible. The findings show that BIRCH can reproduce the general structure of the clusters but the clusters seem to be quite
diffused and there are some overlaps in some part of it. This can be explained by its hierarchical aggregation based on CF-
trees, which focuses on incremental learning and memory efficiency, as opposed to strict definition of boundaries.
Nonetheless, the algorithm has constant patterns of grouping, which proves to be strong when using high-dimensional data.

Fig. 5 shows the three-dimensional visualization of clusters created with the help of MiniBatchKMeans clustering based
on PCA. The plot revealing the spatial distance and the tightness of the clusters generated by the algorithm is obtained by
projecting the dataset onto principal components with the help of Principal Component Analysis. MiniBatchKMeans
generates tighter clusters in a clearer boundary with little overlap as compared to BIRCH. This can be explained by the
centroid-based method of optimization, which optimizes centroid of clusters by repeated refinement by mini-batches of
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data. There is a high level of intra cluster cohesion and inter cluster separation that illustrates a high quality of clustering.
Also, the continuity of cluster shapes in the dimensions indicates the performance of the algorithm in the high-dimensional
datasets. These findings provide evidence to the quantitative findings, proving MiniBatchKMeans to be a good candidate
when applied to scenarios where accurate and clear maintenance of clusters is needed.

-20
-10

0

PC1 10 —10

Fig 5. 3D PCA Projection using BIRCH.
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Fig 6. Elbow Method with Optimal k Detection.

The Fig. 6 shows how the optimality of the number of clusters is determined using the Elbow Method. The plot is the
differentiation of Within-Cluster Sum of Squares (WCSS) against the number of clusters (k). As it has been seen, the
WCSS declines so much with an increase in k until it reaches a certain level, and the extent of declination becomes very
slow. This is what is commonly known as the elbow, and is the best trade-off between the complexity of the model and the
accuracy of the clustering. As per this work, elbow point is automatically identified near k [?] 7, which confirms the number
of clusters picked in the experiments. Subjectivity is minimized through the use of automatic detection and improves
reproducibility. This analysis will also result in the clustering configuration not underfitting or overfitting, and this will
facilitate increased reliability of the overall findings of the experiment.

The use of Elbow Method to arrive at the best number of clusters will be shown in Fig. 7. The plot is the variation of
Within-Cluster Sum of Squares (WCSS) with the increase in the number of clusters (k). As it is seen, the WCSS reduces
rapidly with an increase in k to some level, the rate of reduction subsides considerably after that. This point is also known
as the elbow, and it represents the best trade-off between accuracy in clustering and model complexity. The elbow point is
automatically determined in this study about k [?] 7 that confirms the number of clusters selected to use in the experiments.
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Automatic detection lowers the subjectivity and improves reproducibility. This analysis will make sure that neither the
clustering configuration is underfitting, nor overfitting, which will provide even more confidence to the overall reliability
of the experimental findings.
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Fig 7. Silhouette Score Distribution (BIRCH).

V. CONCLUSION

This paper has suggested a Hybrid Scalable Clustering Framework (HSCF) to offer effective analysis of large and high-
dimensional data. The proposed model takes the advantages of both the BIRCH clustering algorithm and the
MiniBatchKMeans clustering in order to ensure an equal balance between computing power and memory efficiency. The
framework is able to mitigate significant limitations of the traditional clustering techniques through incorporating
hierarchical data summarization and mini-batch optimization. According to the results of the experiment,
MiniBatchKMeans is approximately 40-55 times faster than BIRCH in a large-sized dataset, which is more computational
efficient. BIRCH on the other hand uses less memory 30-35 percent and can hence be used in areas where there is memory
constraint. MiniBatchKMeans also performs better on clustering quality with a 6-9 percent better Silhouette Score
indicating better cluster cohesion and separation with larger datasets. The Elbow Method integration allows the use of
effective means of finding the most optimal number of clusters, limiting the use of manual intervention and enhancing
reproducibility. Moreover, the analysis with the help of the Silhouette Score results in the evaluation of the strength of the
clustering outputs, and Principal Component Analysis will allow obtaining the better interpretability by visualizing cluster
structures in the lower dimensions. The proposed HSCF framework offers a balanced enhancement in scalability,
efficiency, and accuracy in clustering which is suitable in the real world large-scale data analysis application. Future
research will be devoted to the extension of the framework into distributed and real-time setting and incorporation of
adaptive and deep learning-based approaches to clustering to further improve the performance.
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