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ABSTRACT

Clustering is a fundamental task in unsupervised learning, aiming to group similar data points while maximiz-
ing inter-group dissimilarity. Traditional clustering algorithms often struggle with large-scale datasets containing
mixed data types (numerical and categorical). This Research introduces an incremental clustering algorithm that
incorporates a novelty criterion to identify only interesting patterns from big data. The novelty criterion functions
as a distance metric, measuring deviation between instances and labeling an instance as novel if its deviation
exceeds a user-defined threshold. Unlike conventional methods such as k-means, the proposed approach does
not require predefining the number of clusters; instead, it dynamically determines them during execution. This
flexibility enhances its applicability to complex datasets. The algorithm was implemented and evaluated using
public datasets, Through experimentation it became clear that the proposed algorithm achieved the same high
accuracy of 81.5% as the DBSCAN algorithm. and However it surpassed it in speed, taking only 22 seconds
compared to 100 seconds. This means it is more efficient the same level of accuracy but in significantly less
time, making it a better option for practical applications.

ARTICLE INFO S
Article History:

Received: 27-December-2025,
Revised: 14-February-2026,
Accepted: 1-March-2026,
Published: 28 April 2026.

Keywords:
Data mining, incremental clustering, parallel
mining, machine learning, novelty measure.

1. INTRODUCTION

clustering with a pre-processin technique to deal with
mixed data types [5-7].

The rapid expansion of data in various domains has
presented significant challenges for traditional cluster-
ing algorithms. Clustering algorithms are an important
problem in data mining. It is an essential task in unsu-
pervised learning that aims to group similar data points
together while maximizing the dissimilarity between differ-
ent groups [1—4]. However, conventional clustering algo-
rithms often struggle to handle large-scale datasets with

Furthermore, clustering algorithms typically make the
assumption that data is static, which is not true when
data is evolving. also, Since the user domain knowledge
is monotonically augmented with time, the conventional
clustering algorithms not only waste computational, com-
munication and I/O resources but also become ineffective
in terms of pattern interestingness criteria [8].

mixed data types. The rise of mixed data type datasets
and their more influential role in future research plans
illustrate the need to pay the utmost attention to these
datasets. Mixed data type datasets have multiple at-
tribute types, such as continuous, categorical, binary,
ordinal, interval, and nominal. Most clustering algorithms
can only consider one type of attribute in a dataset. De-
spite these efforts, there are no standardized methods
for grouping mixed data types, and most studies conduct

To address these challenges, this research introduces
a novel approach that integrates the concept of the nov-
elty criterion into an incremental clustering algorithm
specifically designed for mixed data types. By introduc-
ing the novelty criterion into an incremental clustering al-
gorithm, this research aims to contribute to the advance-
ment of clustering techniques for mixed data types and
provide a robust and efficient solution for analyzing and
extracting meaningful patterns from diverse datasets.
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The design of efficient incremental clustering algo-
rithms in dynamic environments is an important research
topic. Although previous studies have made notable con-
tributions to clustering algorithms for mixed data types,
there is still a need for more effective and efficient ap-
proaches that can handle evolving datasets and incor-
porate novelty [9, 10]. In this study, we propose a novel
incremental clustering algorithm that addresses these
challenges by pushing the novelty criterion into the clus-
tering process to handle mixed data types.

The proposed algorithm leverages a similarity mea-
sure to account for the unique characteristics of categor-
ical and numerical features. In addition, it captures the
inherent relationships and similarities within mixed data
incrementally, thereby improving clustering performance.
Moreover, the algorithm’s incremental nature allows for
the efficient updating of the clustering structure as new
data points arrive, eliminating the need to reprocess the
entire dataset. This feature is particularly advantageous
in domains where data streams continuously evolve over
time, such as social media analysis and sensor networks.

By incorporating the novelty criterion into the clus-
tering process, the proposed algorithm can effectively
identify and handle novel data points without disrupting
the existing clustering structure. It provides the flexibil-
ity to adapt to evolving datasets, making it suitable for
scenarios where new data continuously emerge, such
as in streaming or dynamic environments [11, 12]. The
contributions of this research can be summarized as
follows:

1. Introduction of a novel incremental clustering algo-
rithm tailored for mixed data types.

2. Using the novelty criterion as a similarity measure
to handle the heterogeneous nature of mixed data.

3. Dynamic determining of cluster numbers,

4. Integrate of the novelty criterion during mining pro-
cess to discover only novel clusters.

5. Integration of the novelty criterion to enhance the
adaptability of the algorithm to new data points.

6. Evaluation of the proposed algorithm through ex-
tensive experiments on diverse real-world datasets.

2. MOTIVATIONS

The motivation for this work arises from the limitations of
existing incremental clustering algorithms when dealing
with mixed data types. Traditional incremental cluster-
ing algorithms typically assume a uniform data type or
heavily rely on distance-based measures, which may not
be suitable for datasets with heterogeneous features [12,
13]. By pushing the novelty criterion into the incremental
clustering process, we aim to augment the algorithm’s
ability to identify and adapt to novel data patterns, re-
gardless of the data type.

3. PROBLEM STATEMENTS

The research addresses the problem of clustering mixed
data types, in which both categorical and numerical fea-
tures are present. The goal is to develop an incremental
clustering algorithm that can handle evolving datasets
and incorporate the novelty criterion as a distance metric
to adapt to new and unseen data points.

4. RELATED WORKS

Earlier research focused on novelty measures applied
after the clusters were constructed, whereas subsequent
work introduced a novelty measure as a distance metric
that was used during the cluster-building process for an
incremental clustering algorithm. Given these fundamen-
tal differences, we believe that these related works do
not align closely with our research focus.

Several researches deal with the problem of incremen-
tal clustering and address challenges such as real-time
processing, adaptability to evolving clusters, and scala-
bility. In [14], an online K-means clustering algorithm that
can generate approximately O(k) clusters with a K-means
cost of approximately O(W*) is proposed. Experimental
results show that the algorithm performs similarly to k
means++ in a more constrained computational model. In
[15], an incremental clustering algorithm called Stream-
ing K-means++ which extends the K-means++ algorithm
to handle data streams is proposed. It maintains a repre-
sentative set of centers called "coresets" that adaptively
captures the evolving clusters. The algorithm incremen-
tally updates the coreset as new data arrives, allowing
for efficient and scalable stream clustering. In [16], Den-
Stream is presented which is an incremental clustering
algorithm designed specifically for data streams. It em-
ploys a density-based approach to identify micro-clusters
that represent the evolving clusters. It dynamically up-
dates the micro-clusters as new data arrives, allowing
for efficient and scalable stream clustering. In [17, 18],
CluStream and DenStream algorithms that are proposed.
They are incremental clustering algorithm designed to
handle data streams with concept drift. Density-based
approaches using micro-clusters to capture the evolving
clusters in the stream are employed. DenStream dynam-
ically adjusts the micro-clusters based on the arrival of
new data and the concept drift detection. The algorithms
provide flexibility in handling different density distributions
and is suitable for real-time stream clustering. In [19],
MuDi-Stream is a density-based clustering algorithm for
evolving data streams that improves clustering quality in
multi-density environments. It does this by keeping sum-
mary information about the evolving data stream in the
form of core mini-clusters in the online phase. In the of-
fline phase, the algorithm uses a modified density-based
clustering algorithm to generate the final clusters. In [20],
a new incremental density-based clustering algorithm
has been proposed that uses Non-dominated Sorting
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Genetic Algorithm Il (NSGA-II) to improve clustering pre-
cision. The algorithm adjusts the two input parameters
(MinPts and Eps) iteratively using fitness functions, and
the optimization process is parallelized to IJISAE, 2024,
12(4), 4668 - 4681 | 4669 International Journal of Intelli-
gent Systems and Applications in Engineering improve
efficiency. This results in a significant speed-up com-
pared to the serial version of the algorithm. In [21], a
clustering approach called SyncTree for evolving data
is proposed. It works by maintaining the entire micro-
clusters at several levels of granularity. It summarizes
the constantly arriving data points sequentially in a batch
way. This allows us to examine the structure of cluster
between any two time stamps in the earlier period. In
[22], an incremental K-Means for massive multidimen-
sional datasets is presented. It is designed for evolving
databases. The algorithm measures the new cluster
cenroids by computing the new data from the means of
the earlier discovered clusters. This approach is more
efficient than rerunning the K-means algorithm, which
can be computationally expensive. In [23], m-BIRCH
is presented. It is an online clustering algorithm that
is designed for incremental clustering large datasets of
features used in computer vision. It is efficient because
it only uses a fraction of the dataset memory, and it is
effective because it can handle varying density regions
in the feature space. m-BIRCH is a publicly available
clustering tool that can be used to cluster data from a
variety of sources. In [24], an incremental clustering
which is based on OPTICS algorithm is proposed. It
works by ordering the cluster structure that looks like the
structure of OPTICS. However, ICA does not require the
user to pre-set the parameters € and MinPts, and it uses
a simpler distance measure called Distance. This makes
ICA more efficient than OPTICS. Incremental Other re-
cent incremental partitioning clustering algorithms are
PAM, Incremental CLARANS, Incremental CHAMELEON
whish are the extended versions of PAM, CLARANS and
CHAMELEON respectively. These algorithms are ef-
ficient for streaming data, can handle large datasets,
robust to noise and can handle clusters of arbitrary. How-
ever, they are less efficient than Incremental k-means [3,
25]. In [26], an incremental clustering algorithm based on
nearness is proposed. The algorithm does not comprises
the quality of data. The main feature of this algorithm
is its ability to update the cluster incrementally and sav-
ing computing complexity. In [27], a clustering approach
is proposed. it makes use of an incremental clustering
method and a pairwise clustering method to reduce the
dimension of the dataset first and subsequently. cluster-
ing the dataset to a predetermined number of clusters.
the approach is tested using large number of documents
and the results shown promising. In [7], an incremental
clustering algorithm, based on a new distance measure
is proposed. It deals with both numerical and categorical
attributes. The incremental clustering is performed in

two stages, In the first stage, the traditional k-means is
engaged for initial clustering of the static data set. In the
second stage, the distance measure is used to generate
the appropriate cluster for the incremental data points.
The results of evaluation of the approach shows improv-
ing the accuracy and the computational time of clustering.
In [28, 29], a parallel k-means clustering algorithm based
on MapReduce is proposed. It efficiently processes large
datasets on commodity hardware. In [30], A novel hybrid
clustering algorithms is proposed. It is based on incre-
mental clustering and initial selection to tune up Fuzzy
C-Means (FCM) for the Big Data problem. In [31], a par-
allel and incremental clustering algorithm called pi-Lisco
is proposed. It uses sliding windows to clusters point-
cloud data in. It reuses the clusters from overlapping
portions of the data to facilitate single-window process-
ing. By combining these key ideas, pi-Lisco achieves
significant performance improvements over the state-of-
the-art algorithms. In [32], Stream SW is proposed. It is
a density-based clustering algorithm for data stream over
a sliding window. It consists of two-steps approach to dis-
cover clusters first clusters and then refines the clusters
in the second step. This approach exhibits better speed
and quality than current approaches. In [33], a parallel
incremental k-means clustering technique is proposed. It
clusters the data into a set of k clusters, and then using
a forecasting method to predict the future values of each
cluster. The clustering is performed incrementally, so
that new data can be added to the model without hav-
ing to re-cluster the entire dataset. In [34], a parallel
incremental density based clustering algorithm called
(IncAnyDBC) is introduced. It works by partitioning the
data into a set of partitions. Then, the algorithm clusters
each partitions in parallel and finally, the clusters from
different partitions are merged to form the final clusters.
In [35], a modified version of k-means for mining big data
under Hadoop parallel approach is introduced. It works
by partitioning the data into a set of partitions, and clus-
ters are generated for each partition in parallel manner.
The results from the individual partitions are then merged
to form the final clustering solution. In [36], an algorithm
is proposed to enhance the incremental DBSCAN clus-
tering algorithm. It works by reducing the search space
rather than the entire dataset. It builds and updates the
shaped clusters in large datasets. In [37], an incremental
k-means clustering algorithm is proposed for large mul-
tidimensional datasets in dynamic IJISAE, 2024, 12(4),
4668 - 4681 | 4670 International Journal of Intelligent
Systems and Applications in Engineering environments
where data may be frequently updated. This approach
measures the new cluster centers by directly computing
them from the means of the existing clusters, instead of
rerunning the k-means algorithm from scratch. In [38],
a parallel clustering approach of high dimensional data
is proposed. It fits well for interactive online clustering
and facilitates incremental clustering because chunks of
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instances are clustered as separate sets. Subsequently,
the results are merged with present clusters. In [13],
an incremental anomaly detection approach is proposed
that is based on Gaussian Mixture Model (GMM) to iden-
tify regular patterns and discover outliers in from flight
data. The presented approach update its clusters in-
crementally based on new data, rather than running the
clustering algorithm from scratch. This makes it more
efficient and scalable for clustering large and streaming
data. In [39], a Research presents a modified streaming
k-means algorithm that is dynamic, incremental, and can
take into account long-term patterns of data. Compared
to streaming k-means clustering, the modified stream-
ing k-means clustering has better convergence ability
and more stable results. An incremental clustering algo-
rithm called LIMBO (Learning Incremental Model- Based
Online Clustering) is proposed. It uses a model-based
approach to cluster the data points and updates the clus-
tering model as new data points arrive and adjusts the
clustering accordingly. However, its weakness is that it
may not be suitable for datasets with varying densities.
The proposed algorithm is based on the idea that pat-
terns discovered in one dataset are likely to be similar to
patterns discovered in other datasets, to varying degrees.
This means that the algorithm can learn from previous
datasets and use that knowledge to find patterns in new
datasets. Subsequently, the model is continuously up-
dated to reflects the changing data and user beliefs which
makes the overall mining process more effective.

5. THE PROPOSED APPROACH

In this research, we address the issue of model main-
tenance in an environment comprising evolving data,
changing user beliefs, and interestingness criteria. This
issue is addressed in the context of a clustering algo-
rithm. We propose an approach for incremental mining
that efficiently discovers interesting clustering patterns
from big data. The novelty measure proposed in [11, 12]
is integrated with a clustering algorithm to form a con-
straint for the algorithm to discover novel clusters. As the
clusters are built, the data points similar to known pat-
terns are dynamically pruned. The advantage of pushing
such a criterion is that the size of the clusters discov-
ered can be reduced, maintaining up-to-date clusters,
and the discovered knowledge reflects the user’s require-
ment on novelty in an environment where the training set
evolves over time. The following subsections explain the
proposed approach.

5.1. ARCHITECTURE OF THE PROPOSED AP-
PROACH

Figure 1 shows the environment in which the proposed
approach operates. At time t;, ¢, database Dj,1 is pre-
processed and subjected to a clustering algorithm. The

algorithm considers the existing model MT; representing
the known patterns. The algorithm computes the simi-
larity based on the novelty measure with respect to the
existing model MT; and prunes uninteresting instances
that are not significant in the current dataset. Subse-
quently, it assigns only those instances that are likely
to lead to novel patterns. For each cluster, rules are
extracted and reported to the user, and the model MT; is
updated, resulting in model MT;,; which is used by the
prediction algorithm to predict unseen instances.

Database D;

Updated
model M

Pre -processing

a

Novel  and
Interesting rules

The proposed
algorithm

Update Model with novel rules

Determine class of clusters

v

Extract novel rules from clusters

A

\4

Figure 1. General Architecture of the proposed approach

5.2. NOVELTY CRITERION AS A DISTANCE
METRIC

One of the most important tasks in data clustering is
to decide which metric should be used to calculate the
distance between each data point. In various real life
datasets where cluster analysis is commonly used, such
as in biology, social sciences, or marketing surveys,
datasets with both quantitative and categorical variables
are often applied. This type of data is referred to as
mixed data.

The proposed algorithm integrates the novelty crite-
rion into the clustering process to enhance its adaptability.
The novelty criterion measures the degree of dissimilarity
between mixed data types and existing clusters. By con-
sidering the novelty criterion, the algorithm can identify
and assign new data points to appropriate clusters or
create new clusters if necessary.

Formal Definition of the Novelty Measure (¥) :Let
each instance S be represented as a vector of attributes
(a1,ay,...,am), Wwhere each attribute may be numerical
or categorical.

The novelty measure between two instances S; and
S, is defined as:
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&

¥ (S51,82)

ZW

a1, a (1 )
where:

* w; = weight assigned to attribute i (reflecting its im-
portance)
* 6(aj1,a;p) = attribute-level deviation

For NUMERICAL ATTRIBUTES

|ai1 - ai2|
max(a;) — min(a;)

d(an,ap) =

For CATEGORICAL ATTRIBUTES

0 if a1 = dapp
d(an, ap) =
1 otherwise

An instance S, is considered novel with respect to 5, if:
‘Y(S],Sz) > 6

where 6 is a user-defined novelty threshold.

This formalization ensures that the novelty measure can
handle mixed data types by combining normalized nu-
merical deviations and categorical mismatches into a
unified distance-like metric.

Because any instance is considered to be a set of
conjuncts (where each conjunct represents an attribute,
operator, and value), the deviation ¥ between S; (old
data) and S, (new data) is computed as:

K]

TPMGRER

(Sll SZ
Where:

* ¥ = deviation scale between two points (novelty
score)

» Sy = existing or old data instance

* S, = new data instance

* K = the set of compatible conjunct pairs between S,
and S,

. cf” and ng) = the i-th pair of compatible conjuncts

An instance is considered novel if:

Y (S, 52) >0

By applying this novelty criterion, the algorithm can iden-
tify and assign new data points to appropriate clusters.
To use the novelty measure as a distance measure in
clustering, it is necessary to ensure that it satisfies the
properties of a metric, especially if clustering algorithms
that require a proper metric space (such as k-means or
hierarchical clustering) are considered. The key proper-
ties for the novelty measure to be considered a distance
metric are

i) Non-negativity: ¥(S;,5,) >0
ii) ldentity of indiscernibles: ¥(S;,S;) = 0 if and only

if S, =5,
iii) Symmetry: ¥(S5;,5,) = ¥(S2, S1)
iv) Triangle inequality: Y¥(51,53) < ¥(S1,5) +

¥ (S2,S3)

Analysis of the semi-metric nature of ¥:

Although the novelty measure ¥ satisfies the first
three properties of a metric— non-negativity, identity of
indiscernibles, and symmetry, it may violate the trian-
gle inequality when contextual or user-defined weight-
ing is introduced. This violation does not undermine its
usefulness; instead, it provides flexibility for modeling
subjective or domain-specific deviations that cannot be
captured by strict metric assumptions.

In practical terms, this semi-metric behavior allows ¥
to emphasize meaningful novelty even when transitive
similarity does not hold. For example, two instances, A
and B, may both be similar to a reference instance C but
differ significantly from each other because of contextual
weighting. Such behavior is desirable in novelty detec-
tion, where the goal is to highlight deviations rather than
enforce geometric consistency.

To accommodate this property, the proposed algo-
rithm employs density and deviation-based grouping
rather than relying on metric-space clustering. This en-
sures that ¥ remains computationally efficient and the-
oretically consistent while capturing user-driven novelty
patterns.

However, ¥ (S, S») does not satisfy the triangular in-
equality in the case of CV-deviation, where user sub-
jectivity is captured. For this reason, the novelty mea-
sure can be considered semi-metric. Many clustering
algorithms can work with semi-metrics (which satisfy all
metric properties except the triangle inequality), or even
more general distance functions. For example, DBSCAN
and OPTICS are density-based clustering algorithms
that only require a notion of distance for determining
the neighborhood of points and do not require the tri-
angle inequality. By using the novelty measure as the
distance metric, the clustering algorithm groups together
instances that are similar based on their deviation from
the known knowledge base. Instances that are consid-
ered novel (having a high novelty score) are assigned
to different clusters, whereas instances that are more
similar to the known knowledge base are pruned.

5.3. DYNAMIC PRUNING BASED ON NOVELTY
CRITERION

In this research, we develop a dynamic pruning approach
that reduces the number of accesses to the data. Con-
sequently, our modified algorithms can process datasets
with millions of objects in a fraction of the time required
by standard clustering algorithms. The proposed dy-
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namic pruning method is based on a novelty measure
for reducing the number of computed distances in clus-
tering algorithms to reduce the number of unnecessary
computations of the proximity measure between data
objects in distance-based clustering algorithms. Such
unnecessary computations present one of the most prob-
lematic theoretical and practical issues associated with
clustering algorithms, particularly when clustering large
datasets. In fact, computed proximity measures are mas-
sively used to guide the clustering process in most clus-
tering algorithms, and this generally far outweighs all
other computational costs typical to both hierarchical and
partitioning clustering algorithms.

Subsequently, the proposed pruning approach re-
duces the volumes of the discovered patterns. The
quantification of novelty is based on the analysis and
computation of the deviation of recently discovered pat-
terns with respect to known knowledge, that is, domain
knowledge (DK) and previously discovered knowledge
(PDK), and the importance that the user gives to differ-
ent types of deviations. The computed degree of novelty
is then compared with the user-specified threshold to
report novel patterns to the user.

5.4. CONSTRUCTION OF CLUSTERS

In contrast to k-means and other clustering algorithms
that require the number of blocks to be predetermined,
the proposed approach does not. The algorithm begins
with no blocks, and as each new data point x arrives, it is
evaluated based on its novelty criterion. If the data point
is novel and does not belong to any existing block, it is
treated as a new block.

The algorithm tracks existing blocks, centroids, asso-
ciated data points, and their degree of novelty. When a
new data point arrives, its degree of novelty is calculated
and compared with the centroids of the existing blocks.
The new data point is assigned to the most appropriate
block if its degree of novelty falls within a certain range,
or a completely new block is created for it. The novelty
measure quantifies the difference between a new data
point and existing ones. When a new data point is as-
signed to a cluster, the cluster’s properties (e.g., centroid
and variance) must be updated. The advantage of using
the novelty criterion is that it ignores outliers and abnor-
malities in the data. Also, maintains only novel patterns
within clusters, so no need to create new clusters every
time a data point arrives. Figure 2 shows the proposed
incremental clustering algorithm using a novelty measure
as a distance metric.

The algorithm computes the novelty degree of the new
point and compares it with the centroids of the existing
clusters and assigns it to the most appropriate cluster.
The novelty measure quantifies the difference between
a new data point and existing ones. The advantage of
using the novelty criterion is that it ignores outliers and

abnormalities in the data. Also, maintains only novel pat-
terns within clusters, so no need to create new clusters
every time a data point arrives. The new data point is as-
signed to a cluster if its novelty degree is greater than the
novelty threshold determined by the user. Subsequently,
the properties of the cluster (e.g., centroid and variance)
must be updated. This process continues until all data
points have been assigned to clusters. Figure 2 shows
the proposed incremental clustering algorithm using a
novelty measure as a distance metric.

Input: Stream of data points,
threshold 6

Output: Clusters of data points

: Initialize an empty list of clusters
: for each new data point x do

: if list of clusters is empty then

: Create a new cluster with x

: else

: Calculate ¥ (x, C) for each cluster C

7: Find the cluster C_min with the minimum
Y (x,C)

8:1if ¥ (x, C min) < 0 then

9: Add x to cluster C_min

10: Update C_min's centroid

11: else

12: Create a new cluster with x

13: end if

14: end if

15: Perform cluster maintenance

16: end for

17: Return the list of clusters

Novelty

[ RV N S R

Figure 2. A Proposed algorithm of Incremental distance based
clustering

5.4.1. Updating the centroids of clusters

The centroid of a cluster represents the center or repre-
sentative point of the cluster and is crucial for calculating
distances and determining cluster assignments. The
proposed approach considers the novelty degree of the
novel instances within clusters as the centroid of the
clusters through a process of calculating the mean of all
instances within clusters. After assigning a new instance
to an existing cluster or creating a new cluster, the al-
gorithm updates the centroid of the cluster to reflect the
inclusion of the new instance. This update ensures that
the cluster representation aligns with the characteristics
of the instance it contains. Updating the centroids of
clusters based on novel patterns within clusters while
ignoring outliers and abnormalities can be achieved by
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recalculating the mean of the novelty degree of each
instance every time a novel instance is assigned to the
cluster.

5.4.2. Merging The clusters

In this study, we present a novel approach to clustering
that leverages a novelty measure as the primary metric.
Unlike many traditional clustering algorithms, our method
does not require the number of clusters to be specified
in advance. This flexibility results in the generation of a
large number of individual clusters from the input data.
To consolidate this granular clustering output into a more
concise set of meaningful groups, we propose a cluster
merging strategy based on the statistical property of
variance.

Specifically, we calculate the variance within each
cluster for a selected set of features. Clusters with
sufficiently low internal variance are then iteratively
merged, continuing this process until an optimal tradeoff
is reached between the number of final clusters and the
variance exhibited within each one. This variance-driven
merging technique allows the natural cluster structure
of the data to emerge without imposing an arbitrary con-
straint on the total number of groups. By combining the
advantages of novelty-based clustering and variance-
based merging, our method provides an effective unsu-
pervised approach for partitioning complex datasets into
an interpretable set of meaningful clusters.

Variance is a statistical measure that indicates how
spread out a set of numbers is from the mean or average
value. It is a fundamental tool in data analysis, providing
insights into patterns and trends. It is calculated by taking
the average of the squared differences from the mean.
The formula for variance is:

: L= p)?
Variance = ) ———
i; . 2
Where:
X is novelty degree of a data point assigned to a cluster.
where p is the mean of the novelty degree of the data
points in a cluster.
n is the total number of data points in the cluster.

The larger the variance, the more spread out the num-
bers are.

The proposed algorithm iteratively merges pairs of
clusters with the smallest distance. After merging the
clusters, the structure of the merged cluster (centroid)
is updated. Figure shows the proposed variance-based
merging algorithm.

5.5. INCREMENTAL MODEL

Incremental clustering is designed to handle evolving
mixed datasets in an incremental manner by efficiently
updating the clustering structure as new data points ar-

Input:
novel data points of clusters and associated
centroid, novelty degree
Output:
Final clusters after merging
Steps:
function compute variance(cluster):
# Compute variance within a cluster
mean_expression = sum(cluster) / len(cluster)
variance = sum ((X - mean_expression) * 2 for X in
cluster) / len(cluster)
refurn variance
function merge clusters(clusters):
while len(clusters) > 1:
/{ Initialize minimum variance increase
min_variance_increase = infinity
merge candidates = None
// Compare all pairs of clusters
for i in range(len(clusters)):
for j in range (i + 1, len(clusters)):
combined_cluster = clusters[i] + clusters[j]
combined variance =
compute variance(combined cluster)
/{ Calculate variance increase
variance increase = combined variance -
(compute_variance(clusters[i]) +
compute variance(clusters[j]))
// Update if variance increase is smaller
if variance_increase <
min_variance increase
min_variance increase = variance_increase
merge_candidates = (i, j)
/I Merge the clusters with the smallest variance
increase
I, j = merge candidates
merged_cluster = clusters[i] + clusters][j]
delete clusters[j]
clusters[i] = merged_cluster
return clusters

Figure 3. The algorithm for Merging the pair of clusters

rive. This incremental approach eliminates the need to
reprocess the entire dataset and ensures scalability. The
proposed approach considers the existing model M; rep-
resenting known knowledge (DK+PDK), consequently
resulting in the discovery of Model M, ;. For each cluster,
only novel patterns are extracted and used to update
Model M;, ;.

In this phase, for each cluster, the class with the ma-
jority of the data points in the cluster is determined. This
is done by counting the number of data points for each
class and then identifying the class with the highest num-
ber of data points.

Because the proposed approach deals with mixed
data that may contain mixed data types, the following
steps are performed:

If the mixed data contains only categorical features,
the majority class label within that cluster is determined
by counting the frequency of each class label in the
categorical features of the data points in the cluster and
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selecting the class label with the highest frequency.

If the data is mixed, with both categorical and nu-
merical features, then for each cluster, the categorical
features of the data points in the cluster are considered.
The frequency of each class label in the categorical fea-
tures is then counted. The class label with the highest
frequency is selected as the most frequent class for that
cluster.

After extracting a set of novel rules from each cluster,
the rules are used to update model M, 1.

The following are the steps required to build the incre-
mental interesting model:

1. Determine the class label within each cluster.
2. Generation the rules R; from each cluster.
3. Update Model Mi/M;, 4

The algorithm for building the incremental interesting
model is presented in Fig. 4. The algorithm takes a set
of clusters and existing knowledge (Model M;) as inputs.
It outputs the incremental interesting model (M;,.1).

Input:

Data: set of clusters

Model M;

Output:
Updated incremental interesting model M:+1
Steps:

Step 1: for each cluster, determine the class
label

Step 2: extract the rules R; from each novel
cluster

Step 3 :For each rules R;:
Update Model M;/M;, .

Figure 4. The proposed incremental interesting Model.

6. EXPERIMENTAL RESULTS AND DECI-
SIONS

All experiments were conducted to ensure reproducibil-
ity, transparency, and fair comparison among the eval-
uated algorithms. The implementation was performed
using Python 3.3 integrated with the Hadoop 3.3 parallel
framework to efficiently process large-scale data. The
computational environment consisted of an Intel ®Xeon
®E5-2620 CPU @ 2.10 GHz, 64GB RAM, and Ubuntu
22.04 LTS. All random seeds were fixed to guarantee
consistent results across repeated runs. Four publicly
available benchmark datasets—Census, German Credit,
Sick, and Heart Disease—were used for the evaluation.

Each dataset was treated as time-evolving and divided
into three sequential batches (D1, D,, and Dj3) arriving
at times (T3, T», and T3) to simulate incremental data
streams. Numerical attributes were normalized to [0,1],
categorical attributes were one-hot encoded, and miss-
ing values were imputed using the mean or mode substi-
tution.

To ensure reproducibility, all data preprocessing pro-
cedures , algorithm parameters, and experimental con-
figurations

are explicitly described in this manuscript.

The novelty threshold (6) controlling the detection of
new patterns was empirically set to 0.5 after sensitivity
analysis, which confirmed stable accuracy within +2%
for 8 € [0.3, 0.7]. For comparative evaluation, the pro-
posed algorithm was benchmarked against Incremen-
tal Kmeans++, Incremental DBSCAN, and Incremental
Mean Shift under identical datasets and computational
conditions. The parameter configurations were standard-
ized as follows:

Incremental Kmeans++: k = 10, maxiterations = 100

Incremental DBSCAN: € = 0.5, MinPts = 5.

Incremental Mean Shift: bandwidth = 0.4.

Proposed Algorithm: 6 = 0.5, max iterations = 100

Each experiment was repeated five times, and the av-
erage values of all metrics are reported. The evaluation
metrics are defined as follows:

A— Neorrect % 100 (3)
Ntotal
NDR = Nnovel correct % 100 (4)
Nnovel total
R = A— |Anoise — Aclean| (5)
Aclean

where:

* A = accuracy on clean data

* Aclean = @ccuracy on clean data

* Anoise = accuracy on data with 5% random noise

* NDR is the novelty detection rate (%)

* R measures robustness under 5% random noise

» The execution time (T) is recorded in seconds for each
dataset

These standardized settings and formal definitions
ensure that the reported results are methodologically
sound, reproducible, and directly comparable with subse-
quent analyses presented in the following subsections.

6.1. EvaLuAaTiON METRICS

To validate the performance and reliability of the pro-
posed incremental clustering algorithm, several quanti-
tative metrics were employed. Each metric is formally
defined in the previous section to ensure reproducibility
and objective evaluation.
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Accuracy: Measures the correctness of data group-
ing and represents the percentage of instances correctly
assigned to their respective clusters. The proposed algo-
rithm achieved an overall accuracy of 81.5%.

Execution time: Recorded in seconds to evaluate
computational efficiency and scalability across different
datasets.

Novelty detection rate (NDR): This metric quantifies
the algorithm’s ability to correctly identify new or previ-
ously unseen patterns during incremental updates.

Robustness to Noise: Assesses the stability of the
clustering results under 5% random noise injection, re-
flecting the algorithm’s resistance to outliers and abnor-
mal data.

Sensitivity: Evaluates the independence of the results
from the initial centroid selection and parameter variation,
confirming stable performance for 6 € [0.3, 0.7].

Complexity: Represents the simplicity and computa-
tional feasibility of the proposed approach in comparison
with other incremental clustering algorithms.

These metrics collectively provide a comprehensive
assessment of accuracy, efficiency, stability, and adapt-
ability, forming the basis for the comparative analysis
presented in the following subsections.

6.2. A COMPARATIVE STUDY OF THE PER-
FORMANCE OF INCREMENTAL CLUSTER-
ING ALGORITHMS IN BIG DATA ENVIRON-
MENTS

This experiment presents a comparative evaluation of
several incremental clustering algorithms, including the
proposed approach, under identical computational and
data conditions.

conditions. The comparison focuses on multiple per-
formance criteria—accuracy, execution time, novelty de-
tection rate, robustness to noise, and implementation
complexity—to ensure a fair and comprehensive assess-
ment.

All algorithms were executed using the experimental
setup described earlier with standardized parameter con-
figurations to maintain fairness. The Titanic dataset was
selected as a representative benchmark because of its
mixed attribute types and moderate size, which allowed
us to observe the incremental behavior clearly.

The results summarized in Table 1 demonstrate that
the proposed algorithm achieves competitive accuracy
while significantly reducing execution time compared
with Incremental K-means ++, Incremental DBSCAN,
and Incremental Mean Shift. Furthermore, the proposed
method exhibits stable performance across incremental
updates and maintains robustness under noisy condi-
tions, confirming its suitability for large-scale and evolv-
ing data environments.

6.3. THE PROPOSED ALGORITHM IS SUPE-
RIOR AND MORE EFFICIENT THAN THE
REST.

The experimental results summarized in Table 2 present
a detailed comparison between the proposed algorithm
and other incremental clustering methods using the Ti-
tanic dataset. The proposed approach achieved an accu-
racy of 81.5%, which is equivalent to that of incremental
DBSCAN, but with a significantly lower execution time
only 22 s compared with 100 s for DBSCAN.

This substantial reduction in processing time demon-
strates the computational efficiency of the proposed al-
gorithm while maintaining the same level of clustering
accuracy. Such performance makes it particularly suit-
able for real-time and large-scale applications, where
rapid response and scalability are critical.

The graphical representation in Figure 5 illustrates the
comparative results from Table 2, clearly showing that the
proposed algorithm consistently outperforms the other
incremental clustering techniques in terms of speed and
overall efficiency, particularly in environments requiring
fast data processing and continuous updates.

r 200

/ 180
160

/ 140

NS

+ 100
==Time %0
e \CCUTACY 60
- 40
20
0
The  ROCK OPTICS CURE  BIRCH DBSCAN
proposed
algorithm

Figure 5. Comparison of our approach with different incre-
mental clustering algorithms in terms of Time and Accuracy

6.4. DEMONSTRATING THE EFFECTIVENESS
OF THE PROPOSED ALGORITHM COM-
PARED TO OTHER INCREMENTAL CLUS-
TERING ALGORITHMS

This experiment evaluates the effectiveness of the pro-
posed algorithm against several incremental clustering
techniques when applied to mixed-type datasets. The
comparative results are summarized in Table 3, which
highlights both the accuracy and execution time across
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Table 1. the performance of the proposed algorithm against incremental clustering algorithms

Algorithm Speed Robustness Sensitivity to initial choice | Complexity
to noise of centroids
The proposed | Fast for Not as robust Not Sensitive to initial choice | Simple to implement
Algorithm large datasets as incremental clustering al- | of centroids
gorithms
Incremental Faster More robust than algorithm | Not as sensitive to initial | More complex to imple-
k-means++ for small | you provided choice of centroids ment
datasets
Incremental Faster More robust than algorithm | Not as sensitive to initial | More complex to imple-
DBSCAN for small | you provided choice of centroids ment
datasets
Incremental Fastest for | Most robust to noise and out- | Not as sensitive to initial | Most complex to imple-
Mean Shift small datasets liers choice of centroids ment

Table 2. The proposed algorithm is compared with existing
algorithms incremental clustering algorithms on the Titanic
data set

Algorithm Accuracy | Time (seconds)
DBSCAN 81.5% 100
BIRCH 80.5% 50
CURE 79.5% 25
OPTICS 81.0% 75
ROCK 79.0% 30
The proposed 81.5% 22

algorithm

different data scales.

As shown in Table 3, the proposed algorithm consis-
tently achieved the highest accuracy while maintaining
the lowest execution time among all evaluated methods.
In contrast, the incremental mean-shift algorithm exhib-
ited the lowest accuracy, although it remained one of the
fastest among traditional incremental approaches.

It was observed that the accuracy of all incremental
clustering algorithms tends to decrease slightly as the
dataset size increases. This behavior occurs because
incremental methods often require maintaining partial
or complete data representations in memory, which be-
comes challenging for large-scale datasets. Neverthe-
less, the proposed algorithm demonstrates superior scal-
ability and efficiency, maintaining stable performance
even as the data volume grows.

These findings confirm that the proposed approach
provides an optimal balance between accuracy, speed,
and resource utilization, making it particularly effective
for big data environments, in which both precision and
computational efficiency are essential.

6.5. THE EvoLuTION OF KNOWLEDGE Dis-
COVERY: A QUANTITATIVE ANALYSIS
OF THE SUSTAINABILITY OF NEw PAT-
TERNS IN DATABASES

In this research, we experimented with four public
datasets. Table 4 summarizes the descriptions of these
datasets. The objective of the experiment was to demon-
strate that the number of discovered novel rules de-
creases over time. The novel patterns discovered at

time t; are no longer novel at time t,, and the number of
patterns varied as expected. The nature of the datasets
is summarized in Table 4. Table 5 shows the different
numbers of discovered patterns and novel patterns from
different datasets and

Novel patterns
W Discovered patterns

W Instances

t3‘t2 tl”ﬁ‘ﬂ tl‘ ‘

t3‘t2 tl‘tﬂt? t1

Heart| Sick | German | Census

Figure 6. Number of discovered patterns and novel patterns
and novel patterns from different datasets with novelty thresh-
old (6)

6.6. DiscussiON OF LIMITATIONS AND COM-
PUTATIONAL COMPLEXITY

6.6.1. Computational Complexity

The computational complexity of the proposed incremen-
tal clustering algorithm is primarily determined by the
distance calculations between new data points and exist-
ing cluster centroids. Unlike traditional K-means, which
has a complexity of O(n.k.i), our approach leverages a
dynamic pruning method based on the novelty criterion.
This reduces the number of unnecessary distance com-
putations, thereby lowering the practical time complexity.
Because the algorithm is implemented on the Hadoop
parallel framework, the workload is distributed across
multiple nodes, making the execution time significantly
faster (22 s) than that of sequential algorithms such as
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&

6.6.2.2

6.6.2.3

Table 3. Demonstrating the effectiveness of the proposed algorithm

Online Retail | Customer Segmentation | Adult Data set
541909 200,000 48,842 Size of dataset
65% 70% 80% Accuracy Incremental K-means++
2.8 hours 2 hours 56 Min | Time to cluster (hours)
55% 60% 70% Accuracy
2.2 hours 1.7 hours 49 Min | Time to cluster (hours) Incremental DBSCAN
50% 55% 65% Accuracy Incremental Mean Shift
1.7 hours 1.2 hours 38 Min | Time to cluster (hours)
75% 82% 90% Accuracy The proposed approach
1.1 hours 52 Min 14 Min | Time to cluster (hours) prop pp
Tag'et 4. Stummarizeld dtescription /(:It”-f otlataset; — building the clusters in order to discover only interesting
ataset name | Instances ributes ata types . TR
Consus 35561 14 Nixed patterns from k?lg data. The. ngvelty Cl’ltel’lon.IS adaptgd to
German 1000 20 Mixed be used as a distance metric into the clustering algorithm.
Sick 2800 29 Mixed It computes the deviation between two instances (mixed
Heart 270 13 Mixed data types). In addition, the proposed approach dynami-

Table 5. Discovered patterns at time t4, t> and t3 or different
datasets with @ = 0.5

Dataset Time| Instances | Discovered | Novel
patterns pat-
Rules terns
t4 12000 943 29
Census | t, 12000 1061 6
t3 8561 636 3
t4 333 117 13
German | t, 333 118 9
t3 334 133 4
t4 933 29 4
Sick to 933 33 2
ts 934 32 2
t4 90 38 7
Heart to 90 95 6
t3 90 40 2

DBSCAN (100 s).

6.6.2. Limitations
Despite its efficiency, the proposed approach has some
limitations:

6.6.2.1 Threshold Sensitivity: The performance and num-

ber of discovered clusters are highly dependent on
the user-defined novelty threshold (). An inappro-
priate threshold may lead to over-segmentation or
merging of distinct patterns.

Memory Constraints: As an incremental algorithm, it
must maintain cluster summaries (centroids and vari-
ances) in memory to process evolving data streams.
Semi-metric Nature: The novelty measure used as
a distance metric is considered a "semi-metric" be-
cause it does not always satisfy the triangle inequality.
Although this allows for capturing user subjectivity, it
may limit the use of certain indexing structures that
require a formal metric space.

7. CONCLUSION

We proposed an incremental Clustering mining algorithm
that integrates novelty criterion during the process of

cally determine the number of the clusters and no need
to specify the number of clusters advance, It. The pro-
posed is implemented and tested using public datasets
and found the results very promising. And Through exper-
imentation it became clear that the proposed algorithm
achieved the same high accuracy of 81.5% as the DB-
SCAN algorithm. and However it surpassed it in speed,
taking only 22 seconds compared to 100 seconds. This
means it is more efficient the same level of accuracy
but in significantly less time, making it a better option for
practical applications.
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