Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 6s (2024)

Fuzzy Membership Partition Based Effective Hierarchical
Agglomerative Flat Clustering Method for High Dimensional Data

1S.Sivasankari, ?Dr.S.Sukumaran
Ph.D Research Scholar, Erode Arts and Science College, Erode, Tamilnadu, India
2Associate Professor, Erode Arts and Science College, Erode, Tamilnadu, India
Isivamirtha@gmail.com

Article History: Abstract:

Received: 20-06-2024 Introduction: Hierarchical clustering is an unsupervised powerful method for empirical

. knowledge interpretation from data. It has a fundamental role in understanding the

Revised: 20-07-2024 complex pattern in huge datasets. It creates a hierarchical representation of data by

Accepted: 08-08-2024 forming clusters in two ways namely Agglomerative (Bottom-up) and Divisive (Top-
Down). The main advantage is that it does not need to fix number of clusters.

Obijectives: To handle the issues such as, the pertinence for enormous data is minimal
as the computational complexity is high in using Hierarchical clustering, complication of
fixing Threshold value in Dendrogram height while combining Flat clustering, and non
existence of mathematical objective function to assess the Hierarchical clustering.

Methods: On focusing on these challenges, this work proposes (a) a liner split of data in
order to reduce the computational complexity in Hierarchical Agglomerative clustering.
(b) Fuzzy Partition matrix is created to enhance the cluster generation in Hierarchical
clustering. (c) this work applies an objective function in Flat Clustering to ease the
process of fixing threshold.

Implementation, Results:This work is implemented in Rapidminer tool. The Sum of
Squares, Cluster Density and Processing Time is minimized in th e proposed work.

Conclusions: The proposed method handles enormous data effectively using linear split
with sequential execution, the proposed usage of a sum of squares fixes a optimum
threshold value in dendrogram height while transforming the dendrogram to flat clusters,
the proposed method improves the existing Hierarchical clustering effectively.

Keywords: Cluster Density, Fuzzy Partition, Flat Clustering, Hierarchical Clustering,
Sum of Squares.

1. Introduction

Clustering is an unsupervised process that split data into well defined groups that helps to
know how a dataset is structured that oppose to classification that assigns labels to each data objects
sometimes enhanced with [1] feature selection. The clustering method varies such as centroid based,
Density based, Hierarchical based, [2][3]and Probability based algorithms. This paper focuses on
Agglomerative Hierarchical Clustering method with Complete linkage criteria mainly on Transaction
data. The classical hierarchical clustering algorithm (HAC) frames a hierarchical structure without
the user parameter ‘number of clusters’. It sorts the data in two ways such as Agglomerative (top
down) or Divisive (bottom-up).

Hierarchical Agglomerative Clustering

Agglomerative clustering initially the whole samples are clustered individually and pairs are
merged as one moves up the hierarchical structure as opposed to this in Divisive all samples are in
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single cluster initially divided into two smaller clusters in each successive calculation. The Linkage
Criteria determines the distance between sets of observations among the clusters. [4]Below are the
commonly used linkage criteria for the two samples (a and b) from two different clusters (A, B).

Single Linkage - The nearest interspaces between a pair of instance from two dissimilar groupings.

distmin(Ci, Cj) = aca, nop d(a,b) (1)

Complete Linkage - The farthest interspaces between a pair of instance in two dissimilar groupings.

distmax(Ci C) = aca, bed d(a,b) )
Average Link - The average interspaces between pairs of instances from two dissimilar groupings.

. 1
distayg(Ci, ) = B YaeaXbes d(ab) 3)

Centroid Linkage- The mean (u) distance between the centroids (ua, us)of two clusters
disteentroia = |l1Ma — Hgl| (4)

Ward Linkage — It measures the minimum increase of Sum of Squares.

|Al.|B|
|AUB|

[[ua — llB||2 = Yxeaus |IX — Haup ||2 — Xxeallx — MA”2 — YxeB |1X — Up ||2 (5)

The distance function calculates the [5][6] similarity between the data points. The functions are
categorized into numerical function, nominal, mixed and Bregman divergences. The numerical
functions include Euclidean, Manhattan, Cosine, Inner Product similarity, Chebychev, Camberra etc.
[7] The important nominal functions include Dice, Jaccard, Simple matching simialrity, RusselRao
etc., and Bregman divergences include Generalized divergence, Logarithmic loss, Logistic loss,
Mahalonobis distance etc. The complete linkage produce more spherical ¢ lusters than the single
criteria.In order to visualize the clusters Dendrogram is used that shows the hierarchical relationship
between objects. [8] The main usage of dendrogram is to allocate objects to clusters. In the
dendrogram, points with similar characteristics will be allotted in the same branch the rest in the
separate branch. It contains clades that further break down into smaller ones. At the bottommost,
resides the individual elements after they are merged based on linkage criteria using distance
functions. [9] The bottommost node is known as leaf and two leaves in the same clade are more
similar than other. The vertical axis in the dendrogram depicts the height of the branch and the
objects in the groups are dissimilar with the height. Generally, hierarchical structure is decomposed
to compact clusters with Flat clustering model. [10] It can be in the form of fixing number of clusters
or defining a threshold on the dendrogram height.

The traditional Hierarchical clustering has the time complexity of O(n®) and it needs memory of
Q(n?) thus it is too slow for even medium sized datasets and makes it practically unusable. The main
advantage is that the model doesn’t require prefixing of number of clusters. It builds a hierarchical
structure of the pattern. The disadvantage is that it produces numerous clusters that lead to
complicate analysis. However, the implementation of flat cluster model ease the visualization of
compact clusters there is no mathematical objective function while prefixing number of clusters or
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threshold value to cut the dendrogram in the model. The foremost drawback is, even for a medium
sized dataset it takes high processing time so the computational complexity is high.

The rest of this paper is organised as follows, section 1 explains about Hierarchical clustering
model, Existing works are discussed in section 2, section 3 gives details about the proposed
methodology. In section 4, results are discussed and compared with appropriate tables and charts
finally section 5 concludes the findings.

2. Literature Review

Dajun Si et al [11] addressed skewed concept in the hierarchical agglomerative for organizing
substations . t-SNE algorithm expressed the data from multidimensional to two-dimensional space.
Single Linkage Criteria is followed to cluster the data and the Gini coefficient is calculated with the
hierarchical clustering. A threshold value is set and it is checked with the Gini coefficient of the
clustered set. If the Gini value is less than the threshold then the method is adopted or else fairness
index is calculated with the proposed equation. From the results with contour coefficient, the
proposed method gives better results.

Mohamed S. Halawa et al [12] did a research on the type of metric that suits better for classifying
different types of jobs in the large performance computing. This work applied partition and
hierarchical techniques from the Galician computation center. In Prior to the application of such
algorithms, PCA was applied in order to reduce the dimensionality of the data. The results concluded
that the best results were obtained from hierarchical Bottom upmethod with the use of Silhouette and
Davies— Bouldin.

Lifeng Yin et al [13] proposed an improved hierarchical with the theme of fusion and population
reproduction. The initial stage of proposed PRI-MFC order the data in batches to prevent running out
of memory usage. In the fusion stage, Jaccard fusion was used to use only the number of labels to
complete the statistics which then reduced the computational complexity of the hierarchical
clustering process.

Joelson Antonio dos Santos et al [14] put forth an efficient Hierarchical-Density namely MR-
HDBSCAN* with the implementation of MapReduce. Different parallelization scheme based on
recursive sampling approach was proposed to make the algorithm much faster to run. This was
evaluated with execution time and ARI thus proved its effectiveness and scalability.

Praveen et al [15] compared linkage criteria namely Single, Complete, Average, and Average
Weighted in Hierarchical clustering on five different datasets in UCI. As there is no mathematical
objective function for Hierarchical clustering, running time is taken into account in this work. From
the results, it was noted that complete linkage criteria takes high processing time. As per the running
time, single linkage is found to be best than other linkage criteria.

William W. Tsoa et al [16] developed a method using agglomerative hierarchical for energy
storage applications to handle model complexity and optimize the system with representative time
periods. This method is applied on a power system database and showed that 15 clusters are chosen
to be good with less cluster distance.

Karli Eka Setiawana et al [17] compared Fuzzy-C-Means, K-Means for grouping hospital data.
Euclidean, Manhattan and Hamming distance metrics was used. For dimensionality lessening, PCA
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was applied. From the results, it was noted that SSE was reduced with increasing number of clusters
or both methods.

Joaquin Pérez-Ortega et al [18] combined Fuzzy C-Means and K-Means namely HOFCM for
large datasets. The work started with applying K-Means, select the best solution and then Fuzzy C-
Means was implemented. From the observed outcome, it was revealed that HOFCM lessen the time
as well as the quality of the solution was 93.94%.

Seyyed Mohammad Razavi et al [19] addressed time and space complexity analysis on clustering
data while using big data. This work used a bee colony algorithm and Map-Reduce architecture. The
Adjusted Rand Score (ARI) parameter was used to assess the quality of clustering and found the
proposed method gives high ARI value.

Ahmad Afif Supianto et al [20] employed (FCMPSQO) method with the combination of Fuzzy-C-
Means, PSO to merge students on the basis of their learning activity. This work utilized the silhoutte
coefficient as an evaluation method. Two clusters were formed with high and low performance.
FCMPSO improved the original FCM with the assessment of silhoutte coefficient.

3. Objectives

To lessen the computational complexity in using Hierarchical clustering, to fix a optimum
Threshold value in Dendrogram height while combining Flat clustering, to analyze the performance
by using mathematical objective function in Hierarchical clustering.

4. Methods

Proposed Methodology - Fuzzy Partition based Hierarchical Agglomerative Clustering
FPHAC

This portion introduces FPHAC algorithm that includes preprocessing, Fuzzy partitioning,
effective Hierarchical Flat Clustering.

The proposed method FPHAC starts with Replacing missing values, Nominal to Numerical data
transformation, Data Summarization with pivot table. After Summarization, the total samples in the
dataset is minimized and aggregated based on the transaction and analysis. Then, split data operator
(value with 0.2) is applied to segment the data for minimal memory and time consumption in
Hierarchical clustering. Fuzzy clustering is implemented for obtaining the Fuzzy partition matrix. This
output partition matrix is transformed to regular attributes, added with the transformed dataset in order
to get the initial probability detail of being in the cluster. Hierarchical Agglomerative clustering
(HAC) with Complete Linkage criteria is implemented in the new dataset and it produces hierarchy of
clusters and output is visualized in dendrogram. To ease the analysis with the hierarchy, this work
applies Flat clustering with the distance threshold value. Based on the threshold value, the clusters are
formed. To fix optimum threshold value this work proposes an objective function SOS (Sum of
Squares). On the basis of the user fixed SOS value, the distance threshold(height of the dendrogram)
is determined. Finally, the method is evaluated with intra cluster distance measure.

https://internationalpubls.com 541



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 31 No. 6s (2024)

4.1 Data Summarization

The data in a larger table is reorganized into groups by calculating sums, averages, or other
statistics functions for each group based on the analysis. The pivot table is defined by three new
attributes such as group by attributes for row, column grouping attributes, and aggregation attributes.
The function used for this purpose creates a unique row, unique column and assign every
transactions to the appropriate row and column by aggregating the transaction. The most common
functions used are count, average, product, maximum, minimum, mode, median, standard deviation,
sum, and variance.

Example: In Table 1, the original table is converted to pivot table by aggregating the year with region
and sales. Here the number of column and rows are minimized and made simple which in turn ease
the analysis.

Table 1. Original, Pivot Table

Original table

Year | Region | Sales | Country
2022 | North | 1800 | Pune
2022 | South | 1500 | Kerala
2023 | South | 2000 | Kerala
2023 | North | 900 | Pune

Pivot table
Year | North | South
2022 | 1800 | 1500
2023 | 900 | 2000

4.2 Linear Sampling

The classic Hierarchical Agglomerative clustering (HAC) has a time complexity of O(n®) and
needs Q(n?) memory, hence it takes more processing time even for small datasets. To handle this
issue, the dataset is applied with split data operator that creates subsets (partition) of the data as per
the user prescribed ratio (0.2) and then the clustering is implemented in serial execution. This work
applied split with Linear sampling. Each partition is evaluated for performance individually there by
reduces the time and memory complexity while executing.

The samples are derived by using the formula,

N
*
(ny +nyz)

p (6)

Where, N is the total number of samples, ny, nz are the partitions, p is the ratio of the particular
partition. The decimal can be rounded off.
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Example: Lets have the split operator with two partitions (0.7, 0.3), total number of samples be 20.
The samples for each partitions are: Partition 1: (20/1)* 0.7 = 14, Partition 2: (20/1)* 0.3 =6

4.3 Fuzzy Membership Partitioning

In Fuzzy C-means clustering, membership grades are given to each data points that indicate the
degree of partition of each data belonging to the particular cluster. The points on the edge of a cluster
have less membership than points in the center of cluster. The Fuzzy clustering partition a database,
Let (E={eq, €2, ..., en}) into a Fuzzy Clusters (G={01, 92,..., On}) and a partition matrix (X=xije[0,1])
in where i ranges the number of instances and j ranges the number of clusters. This matrix gives the
information about the data ej belongs to which cluster g;. Manhattan distance is used for clustering.

Xij 1S defined with the hyper parameter m that controls the fuzziness by,

1

Xij - g ej—gj| .2 (7)
Zk=1( ei—8x )m_l
Manhattan Distance = Y{L,|p; — qi | (8)

Where, pi, i are the two points in the dataset .

4.4 Complete Linkage Criteria in HAC, Flat Clustering

At beginning, each element is in its own cluster and then it is sequentially combined into larger one
til all element sends in same cluster, it is also known as farthest neighbor clustering. In sequence
steps, the two clusters disjoint by the shortest distance are combined. In complete-linkage as per eq.
(2) the interspace between clusters is equivalent to the distance between the two objects s i.e one
from each cluster which are farthest. The minimal length of these at each step combines the two
clusters. The method starts by combining rows and with the old clusters are merged with new ones.
This matrix contains all distances between the data elements. The clustering are numbered in
sequence (m) starts from 0,1,......, to (n — 1) and V(K) is the level of the k™ clustering with n elements.
The proximity between the clusters {(c), (s)} is denoted d [(c),(s)].

Working Principle

» Starts with the disorganized cluster with level V/(0), sequence no. m=0.

» Retrieve the most unique pair in the recent clustering provided that pair (c), () is the minimum
over all pairs of clusters.

= |ncrease the sequence no. by one. Merge (c), (S) into a single one and fix the level of this
clustering to V(m)=d{(c), ().

= Revise the Proximity Matrix with the deletion of the rows and columns corresponding to
clusters (c) and (s) and adds new row and column. The proximity between (c, s), and an old
cluster (k) is defined as d[(c, s), (k)] = max {d[(k), (c)], d[(Kk), (S)]}-

= Check if the entire objects are in single cluster, then halt otherwise continue with the second
step.
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Let explain with the following example that has five points (pl, p2, p3, p4, p5). The Table 2(a),
represents the matrix of Ty distances where the T1(p1, p2) is the smallest of T1 hence first join pland

p2.

Table 2 (a) First Pairwise Distance Table 2 (b) Second Pairwise Distance
pL | p2 | p3 | p4 | PS5 (p1,p2) | p3 | p4 p5
pL | O |16 | 20 | S0 | 22 | | (p1,p2) 0 29 | 33 | 22
p2 16 0 29 33 20
p3 29 0 | 27 38
p3 20 29 0 27 38
p4 33 21 | 0 42
p4 30 33 27 0 42
5 | 22 | 20 | 38 | 42| 0 pS 22 38 | 42 0
Table 2 (c) Third Pairwise Distance Table 2 (d) Fourth Pairwise Distance
1,p2), p5 3| pb
(o1 p2), p5) e po) o) 28 22 ((p1.p2),p5) | (p3,p4)
PLp<), p
p3 38 0 | 27 ((p1,p2), p5) 0 42
p4 42 27| 0 (cp3, p4 42 0

First branch length — In Table 2(a) first clustering, to ensure the equidistant of the points p1 and p2
from u(node), set d(p1, u) = 8(p2, u) = T1(pl, p2)/2 and the value is 16/2 = 8. Now reduce the size of
the matrix by one row, column each as the clustering of p1 and p2 is done. The remaining points are
calculated in first clustering for new matrix To.

First distance matrix - T2 ((p1, p2),c)= max(T1(pl, ¢), T1(p2, ¢) = max(20, 29) =29; T» ((p1, p2),p4)=
max(T1(pl, p4), Ti(p2, p4) = max(30, 33) =33; T2 ((p1, p2),p5)= max(Ti(pl, p5), T1(p2, p5) =
max(22, 20) =22

Second Branch length - In Table 2(b) second clustering, let v be the node to which the (p1, p2) with
p4 are connected. The cumulative length 5(p1, v) = 5(p2, v) = 6(p5, v) = 22 divided by 2 and get 11,
this value updated for deducing the missing branch length as 11.0- 8.0(the prior value) =3. Following
this, the matrix revised for T3 with the clustering of (p1, p2) and p5 as,

Second Distance matrix - T3(((p1, p2),p5),p3) = max(T2((pl, p2),p3), T2(p5, p3) =max (29,38) =38;
T3(((p1, p2),p5),p4) = max(T2((pl, p2),p4), T2(p5, p4) =max (33,42) =42.

Third branch length - In Table 2(c) third clustering, from the revised matrix T3, the T3(p3, p4) =27
is the least hence join p3 and p4. The length by joining p3 and p4 to w is 3(p3, w) = d(p4, w) = 27/2
=13.5. The entry is updated as,

Third distance matrix - T4((p3, p4), ((p1, p2), p5)) = max(Tz(p3, ((pl, p2), p5)), Tz(p4, ((p1, p2),
p5)))= max (38, 42) =42
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Fourth branch length — In Table 2(d) final one, the T4 is updated by joining ((p1, p2), p5), (p3, p4)
to the root node r. Then the length is d((((p1, p2), p5), r) = d((p3, p4), r) = 42/2 =21.0, After
diminishing the two remaining branch are (v, r) = 3(((p1, p2), p5, r) - d(p5, v) =21.0-11.0 =10; and
d(w, r) =38((p3, pd), r) - 3(p3, w) =21.0-13.5=7.5

The diagram relates to Complete Linkage with the e above values are represented as in Fig.1

[ S

]

L]
L]

]

Hei
ght

7]

[
Figure 1. Complete Linkage Diagram

4.5 Flat Clustering, Sum of Squares (SOS)

| Dataset |
v

Replacing missing value, Nominal to Numerical data type transformation
v

Data Summarization with Pivot Table, Normalization
v
Fuzzy Partition Matrix
v
Matrix to Regular Attribute
v
HAC Clustering
v
Visualizing Dendrogram
v
Flatten Clustering
v

Fix Maximum Distance Threshold
Value in dendroaram

v

Performance using SOS

Final Performance assessment of Clustering using Intra Cluster Distance

Figure 2. Flow of FPHAC
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Fig. 2, shows the flow of work that starts with preprocessing, Data Summarzation, Fuzzy
partitioning, Hierarchical clustering, Flat clustering with threshold value which is fixed using the
objective function SOS. In final, the clusters are assessed with intra cluster distance (Cluster Density).
Generally, traditional Hierarchical clustering does not include any objective function. It produces
numerous clusters based on the linkage criteria. The inclusion of Flat clustering simplifies the
hierarchical (numerous clusters) cluster by applying the parameter such as number of clusters or
threshold value to cut the clusters from dendrogram. The Flat Clustering expands the nodes in the
order of their distance in the dendrogram.

This hierarchy information is visualized in dendrogram. The flat clustering is used to define some
cut-point level on the dendrogram height that leads to further comprehensible analysis. It is
associated with a threshold on the dendrogram height. But, there is no defined procedure to fix this
threshold value to a compact clusters. Hence, this work proposed an objective function named Sum
of Squares on Flat Clustering to fix the optimum threshold value. This work applies a value for the
objective function Sum of Squares and executes the clustering till it satisfies the objective function. It
measures the deviation of data points from the mean value of the cluster. Generally, higher the sum
of squares denotes higher variability while a lower implies less variability. The three types of sum of
squares are total, residual, and regressive. In order to calculate the sum of squares, first subtract the
mean from the data points then square the differences, and finally add them together. The SOS value
will decrease as the number of clusters increases.

FPHAC Algorithm

Input  Unlabeled Transaction Datasets

Output Cluster Hierarchy, Dendrogram, Flat Clustered set

Step 1 Preprocessing - Replacing missing value, Nominal to Numerical, Normalization
Step 2  Creation of Pivot Table using the attribute order id, product id, sales.

Step 3 Applying Fuzzy clustering to obtain Fuzzy Partition Matrix with Manhattan Distance using,
1
[l — ¢] -2

¢ (——=r)m-1
21 =,

Partition Matrix: w;; =

n
Manhattan Distance = lei —qi|
i=1
Step4 Transform Fuzzy Partition Matrix to regular attributes

Step5 Apply Hierarchical Agglomerative clustering with complete linkage criteria using the steps,

5.1 Initialize Level, Sequence number as V(0), m=0 respectively.

5.2 Retrieve the most uniqueness pair, let d[(r), (s)] is min d[(i), (j)] over all the pairs.
diStmax(Ci' Cj) = acA, lgnea]); d(a' b)
5.3 Increase the Sequence number m+1, merge clusters (r, s) as a new one.
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5.4 Fix this level to V(m)=d{cr), (s)]
5.5 Revise the Proximity Matrix T with the new cluster (r, s) and the old one (k) as,

d[(c,s), (k)] = max {d[(k), (c)],d[(k), ()]}
5.6 Continue from 5.2 till the entire points in the same cluster

Step 6  Visualize dendrogram and apply Flat clustering on dendrogram.
6.1 Fix maximum threshold distance td randomly
6.2 Apply Sum of Squares (SOS) using Manhattan distance
6.3 IfS0S= YY" ,(x;,— X)* <04
6.4 Stop, otherwise continue with 6.1

Step 7 Assess Cluster quality using Average within cluster distance for the final clusters with,

1
A(S) = SIGST=D xzy:{d(x,)’)}

Xy

5. Implementation, Results and Discussion

The transaction datasets to experiment this proposed method is taken from UCI, and Kaggle
repositories. The experimental research is implemented in Rapid miner tool.

5.1 Dataset - Superstore Sales Analysis (SSO)

It consists of 21 attributes, and 9988 instances. There are three numeric attributes such as sales,
quantity, year, two alphanumeric attributes order id, product id, two date attributes such as order
date, ship date, eleven categorical attributes such as ship mode, customer name, segment, state,
country, market, region, category, sub category, product name and order priority. The attributes
taken to create pivot table are product id, category and these two are aggregated with the attribute
quantity using the mathematical function count.

5.2 Clustered Results

In order to handle memory and time management while using Hierarchical clustering the dataset
is split into ratio and the proposed hierarchical Flat Clustering methodology is implemented in serial
execution. For the total samples 9988, the ratio is fixed as 0.2 and five sets of data is generated. In
Table 3, the number of samples in each split, number of cluster formed for the Hierarchical method
and the Flat clustering method is listed. The cluster numbers varies as it depends on the samples
(data points).
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Table 3. Number of Clusters

Sample subset | Samples with 0.2 ratio Number of Clusters
Existing | Proposed FPHAC
HAC
Subset 1 1996 3991 7
Subset 2 1997 3995 7
Subset 3 1996 3988 7
Subset 4 1997 3998 5
Subset 5 1996 3985 8

In order to handle memory and time management while using Hierarchical clustering the dataset
is split into subset with ratio and the proposed hierarchical Flat Clustering methodology FPHAC is
implemented in serial execution. For the total samples 9988, the ratio is fixed as 0.2 and five sets of
data is generated. In Table 4, Flat threshold distance with Sum of Square values, Cluster density
(Average within cluster distance) is listed. These values solely depends the samples in each set.

Table 4. Flat Distance Threshold Value

Sample subset | Flat Distance Threshold value | SOS | Cluster Density
Subset 1 0.4 0.25 | 73.03
Subset 2 0.5 0.39 | 86.56
Subset 3 0.5 0.28 | 81.39
Subset 4 0.6 0.39 | 109.11
Subset 5 0.6 0.21 | 12941
Average 0.31 | 479.50

5.3 Performance Measures

Sum of Squares — Measures the deviation of data points in a group. A less Sum of Squares implies a
good model.

Cluster Density (Average within cluster distance) — Averages all the distances between each pair
of samples in an individual cluster. Then calculate the average of all the clusters. The smaller the
distance the higher the similarity of data points in a cluster.

Processing Time — The running time of the proposed method measured in seconds.

Table 5, shows the SOS and Cluster Density values for the existing methods namely HAC,
HDBSCAN, PRI-MFC and the proposed method FPHAC. All the methods are the improvements of
Hierarchical clustering. The experimental results shows that the proposed method has less SOS value
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0.31 and Cluster density value 479.5 that implies the objects in the proposed method clusters are

closer than the existing.

Table 5. Comparison of Existing versus Proposed Methods

Methods SOS | Cluster Density Processing
Time (in milliseconds)
Existing HAC 0.61 | 728.2 1440000
Existing HDBSCAN | 0.49 | 592.6 1455000
Existing PRI-MFC | 0.57 | 621.3 955000
Proposed FPHAC 0.31 | 4795 300000
SOS
0.8
0.6
04 -
0.2 -
0 4
SOS
EHAC ®HDBSCAN kPRI-MFC & FPHAC

Figure 3. SOS Comparison Graph

Fig. 3, shows that the proposed method FPHAC is 0.3 less SOS value than HAC, 0.18 less than
HDBSCAN, 0.26 less than PRI-MFC and thereby proves the efficiency.

800

Cluster Density

600 -
400 -
200 -

Cluster Density
#@HAC ®HDBSCAN uPRI-MFC ® FPHAC

Figure 4. Cluster Density Comparison Graph
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Fig. 4. shows the cluster density in terms of Average within cluster distance values. The proposed
method FPHAC is 248.7 less value than HAC, 113.1 less than HDBSCAN, 141.8 less than PRI-
MFC. Hence, the objects in the proposed method clusters are closer than other existing methods.
Less cluster density (intra cluster distance) implies a good clustering by having the data points within

the cluster more closer.

Fig. 5, shows the processing time analysis of the existing and proposed methods and it is confirmed
that FPPHAC takes least processing time as the method includes data summarization using pivot
table based on the analysis. This work implements the method on product analysis. The minimized
processing time is due to the pivot table that groups only the attribute that has details about products.

Processing Time

1600000
1200000 \\

800000 \

400000 Ay

0
HAC HDBSCAN PRI-MFC FPHAC
=& Time (in milliseconds)

Figure 5. Processing Time Analysis Graph

Table 6, lists the values for number of clusters formed, Flat Threshold value, SOS and Cluster
density using the proposed method on various UCI, Kaggle repository datasets. The experimental
value confirms that all the values depend on the dataset and its samples.

Table 6. Performance of FPHAC for variant repository Transaction Datasets

Datasets Clusters Flat Threshold SOS Cluster
formed distance Density
Products 3 3.1 0.34 137.6
Online Retail |5 0.9 0.35 196.8
Transactions | 4 2.6 0.32 126.5
Online Store 4 1.5 0.26 112.8
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Figure 6. Analysis on Variant repository Datasets using FPHAC

Fig 6, shows the Analysis on Variant repository Datasets using FPHAC and the results varies on
the basis of the dataset form. Among them, Online Store data has least SOS and Cluster Density
values.

6. Conclusion

Hierarchical clustering generates numerous clusters based on the hierarchy level of the data
points. Initially, the proposed method put forth a simple method to handle large dataset using linear
sampling split and the original dataset is transformed to pivot table with information rich data that
summarize the data with limited dimension in transaction data thereby lessen the computational and
memory complexity. Fuzzy Partition matrix with normalization is applied to the dataset to get the
partition score of being in the cluster that gives additional insight while the clusters in the hierarchy
are merged. Generally, the hierarchical clusters in dendrogram are breakdown using Flat clustering
with the user parameter number of clusters or with the distance threshold value. However, there is no
standard objective function to fix the distance threshold value in existing Hierarchical Flat clustering.
This research work proposed an objective function Sum of Squares (SOS) to fix the optimum
distance threshold value that assures the quality of the cluster formed. The proposed method
outperforms the existing methods and proves its efficiency by having less Cluster Density, SOS and
Processing Time.
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