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Abstract: In order to organise potential donors into distinct groups based on their eligibility and level of interest, a new method is being
proposed. Information extraction and categorization methods have been developed. Learning that leads to a definitive categorization, based
on an assessment of the relevant true values, corresponds to these. Typically, the same large-scale clustering algorithms are employed.
Advanced clustering methods are being defined, with the partitioning approach over medoids being the most commonly used to construct
clusters. With each iteration, a clearer and more condensed set of cluster objects is produced in parallel with the donor search. To make the
system more resilient against noise and structure, it is being defined in a way that simplifies the process of establishing clusters. The study
also takes outliers into account. We evaluate the efficiency of classification algorithms by changing the number of records in the dataset
from 500 to 4000, using a mix of classification algorithms and the Bayesian-D pre-processing technique implemented in the KEEL tool.
We look into how different sized datasets affect training and testing classification accuracy. Experiment results show that C4.5-C fared
better than the rest of the field, and that the global classification error is on average 0.00185, with a standard deviation of 0.00421, and a

rate of correctly classified samples of 0.996 when the sample size is varied from 500 to 4000.

Keywords: Datamining; C4.5; KEEL; Bayesian-D.
1. Introduction:

Data mining is a systematic approach to extracting useful
information from massive datasets. Data mining, also
known as Knowledge Mining, is the process of
discovering useful information inside massive datasets by
automated means.
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Artificial neural networks are models made up of many
nodes or neurons that are extremely well coupled to one
another. Each neuron in the network receives an input,
performs a simple operation on that input to generate an
output, and then sends that output on to the next node in
the network [1]. The features of Artificial Neural
Networks, such as their ability to estimate complex and
non-linear equations, make them a helpful tool in
electrical analysis, among other fields of engineering and
research. Because to its non-linear, non-parametric,
adaptive learning properties, Artificial Neural Networks
are well-suited for pattern identification and classification
tasks. The system was built with MAT Lab's Neural
Networks Tool to identify the various blood types. Neural
Networks software relies heavily on the multilayer feed
forward neural network [2]. When combined with a
tapped delay line, this Neural Networks tool can be used
to solve problems involving function fitting and pattern
recognition, as well as those involving prediction.

Recent years have seen a surge in interest in studying the
connections between vast stores of biological data. So,
they used two distinct k-means clustering algorithms and
compared their outcomes [3]. The times and distances
covered while running are compared. Aside from the
elapsed time, the mean square difference can be derived
from the implementation. While working with massive

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(8s), 338-345 | 338


mailto:ccehod@panimalar.ac.in
mailto:dhanashree.t@somaiya.edu

amounts of data, Lloyd's algorithm performs better and
more quickly. In order to construct the Huffman tree, a
new k-means clustering algorithm on double attributes of
objects uses the dimensionality degree matrix generated
by the high density set [4]. It fixes the problems with the
traditional k-means clustering technique by using a
random selection of cluster centres. The novel approach
provides superior clustering results thanks to its stable
cluster centres. In the experiment on a huge dataset, they
go over all the possible clustering strategies for
accumulating book prices across cities. Using MATLAB,
they used the k-means clustering algorithm on a massive
dataset [5].

Reduced dimensionality is achieved using a hybrid of
feature selection and feature extraction. The feature
selection based k-means clustering method first applies to
a condensed version of the input features, and then the
feature extraction based k-means clustering algorithm
applies to the condensed version of a set of new artificial
features [6]. Two strategies, feature selection (which is
based on probability) and feature extraction (which is
based on probability), are employed. The first reduces
time complexity by using random projections. The second
one reduces runtime complexity and is based on rapid
approximate SVD factorization. These methods are
random, and they always return the same factor relative to
the best possible k-means objective value [7]. The key
characteristic of their suggested new version of the global
k-means algorithm is its superiority in terms of execution
speed. As compared to other global k-means, it requires
less processing time in runtime.

A blood bank database is built by amassing data from
numerous sources like NSS, NGOs, Hospitals, Blood
Banks, and a web interface, and then using k-medoids
clustering to identify the most suitable candidate centre
for the next cluster at each stage. Data will be gathered
and stored in one convenient location [8]. A toll-free
number will be linked to this centralised site for easy
access. Several criteria, including donor availability and
distance from the location of the request, are established
in the blood donation algorithm. The most qualified
donors are identified using this formula. There is a lack of
reliable communication and adequate data at several
regional blood banks in Thailand. Patients in critical care
settings can benefit from the improved blood flow, but the
extra time spent is not without risk [9]. Thus, the design
and development of the web-based system for blood
requisition mirrored the actual procedures of the blood
bank and the hospitals that are part of the blood bank
supply chain. Faster and more precise blood procurement
is achieved through better coordination and
communication made possible by this enhancement. In
addition, the blood bank's employees can accurately

respond to hospitals' requests for blood by obtaining the
relevant data [10].

2. The Existing Work Done:

Artificial intelligence may benefit greatly from
knowledge discovery and data mining in many domains,
including business, government, and academia. New data
mining techniques for categorization, clustering,
dependency analysis, and change deviation detection are
only few of the proposed data mining issues. Improve
methods for sampling and reducing data innovate new
mining and searching algorithms that can extract more
complicated links between fields and can account for
structure over the field, as well as schemas that can mine
over heterogeneous datasets [11]. Analytics as a Service
(AaaS) has become indispensable because it enables stake
holders to uncover knowledge in big data, which has seen
the rise of structured, semi structured, and unstructured
data in the big data era. The AaaS application organises
and extracts keywords and topics from textual content, no
SQL databases, and other forms of unstructured data [12].
Methods such as tagging, filtering, association mapping,
and an approved dictionary form the foundation of the
system. High precision in data mining is demonstrated by
the development. Functions of a clinical pathology
automated blood cell counter and suggests a data
processing application in the pages of KDD [13].
Improving the quality of the blood cell counter system
requires going through the KDD steps of data cleaning,
data selection, and data transformation. Manual testing of
the blood cell counter data is performed to double check
the accuracy of the results. The analysis of test delta
values to lessen time spent on manual reviews is a
laborious manual process. Examined are two cases when
the rule is broken: first, when testing is done again even
when the result is normal, and second, when testing is
avoided even when the result is abnormal [14].
Researchers in the field of data mining typically only look
at data from a single source. Knowledge discovery in
dispersed databases is a new challenge in today's online
environment, and data mining from different data sources
is an effective method for addressing this issue.
Hypothesis testing is used to determine if the patterns are
applicable to local data sets after they have been shared
from other similar data sets. In order to make KDD more
effective [15].

There are three primary modes typically used in
conventional sampling inspection procedures: unitary,
duplex, and sequential. Despite unitary mode has a higher
sub-sample capacity need than the other two, the
procedure itself is straightforward. In a unitary sampling
inspection, a single sample is drawn at random, and the
results are used to reach a final acceptance or rejection
determination. Quality-based inspections and quantity-
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based inspections are the two main categories [16].
Quality based inspection is utilised since the recorded data
conforms to the specified norm.

Using a data mining technique predicated on basic theory
and rule-quality measure under supervised learning, we
were able to intelligently reveal the information buried in
the depend recorded event report and obtain the rely
decision algorithm and association rule [17]. As a result
of applying rule quality analysis, it was determined that
the hypothesis of rely operation features known as the
"rely association rule" was credible. The behaviour of the
distance rely can be better understood by the protection
engineers thanks to this idea. Benchmarking decision-tree
based data mining analysis would be used to evaluate
these rules and ensure their accuracy [18]. The prior
knowledge of the data sets is included into the cluster
ensemble framework in a novel method called knowledge
based cluster ensemble (KCE). The KCE model uses pair-
wise restrictions to express a dataset's previous
knowledge. KCE converts pair-wise restrictions into
confidence factors for these clustering solutions, which
were generated using an updated version of the original
clustering algorithm [19-21]. Division of the consensus
matrix yields the final clustering result. When applied to
these datasets, the KCE outperforms other popular cluster
ensemble methods. The FCART system provides
knowledge and data engineers with a collection of
research tools for formal idea analysis in a unified setting.
Knowledge discovery from unstructured and semi-
structured data, as well as text collections, is the goal of
this system [22-23]. For the last time, we'll transform data
from an external source into a concept lattice, offer a new
version of local data storage, a query language for
conceptual scaling of data snapshots as multi-valued
contents, and tools for working with formal concepts.
When estimating the amount of time needed for assembly,
line panels can benefit from this information [24]. With

the help of a mapping from control language assembly
work instructions to methods-time measurement tables, a
decision support system was created. With the WEKA
interface, we used knowledge discovery and data mining
techniques to analyse the timing of past work instructions
and associated studies. The development of decision
assistance systems relies heavily on archival information
[25].

3. The Obijective of this Research Work:

Using soft computing methods, this work aims to evaluate
the efficacy of data mining algorithms and verify their
credibility. Below are the goals of the research done for
the research paper.

e  Examining how different-sized datasets affect the
efficacy of data mining tools.

e  Use PAM to mine the donor organ registry.

e To use soft computing methods to verify the
accuracy of the clustering algorithms.

4. The Projected Algorithm:

With the help of the known data values, the supervised
model may generate predictions about the unknown data
values. The unsupervised model finds and investigates
features of data by focusing on underlying patterns and
relationships.

During supervised learning, also known as directed data
mining, the variables being studied are separated into two
categories: explanatory factors and one (or more)
dependent variables. Like regression analysis, the goal of
this study is to establish a causal connection between
independent and dependent variables. In order to use
directed data mining methods, it is necessary to already
have a good idea of the values of the dependent variable
throughout a substantial portion of the dataset.

Data Mining
Methods

Supervised
methods

o Classification
e Regression

Methods

Unsupervised

o Clustering
e Association Rule

Fig I: Data mining prototypes.

It might be said that the exploratory nature of Data Mining
is more akin to unsupervised learning. In unsupervised

learning scenarios, there is no differentiation between
independent and dependent variables; all variables are
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handled in the same way. Despite being called
"undirected,” there is still an end goal in sight when
conducting data mining. This goal could be as broad as a
decrease in data volume, or it could be narrower, like
clustering.

The classification process in data mining involves
grouping data into predetermined groups. The goal of
classification is to correctly assign each data point to one
of several predetermined classes. The availability of blood
donors can be determined by blood group and geographic
region using a classification model. The first step in every
categorization project is collecting data for which the
categories have already been determined. Apart from any
sense of hierarchy, classifications are the norm. A
numerical goal, as opposed to a categorised one, would be
represented by continuous, floating-point values. The
training set, or input data, comprises of a large number of
records, each of which has a number of features or
qualities. The goal of classification is to examine the input
data and, based on the features available in the data, build
an accurate description or model for each class.

To classify information about blood donors, we collect it
from Blood Bank Repositories and use the KEEL tool. It
is possible to classify the availability and prediction in this
approach. The challenge often involves first assessing the
work using the training data set, and then double-checking
the results via the test data set.

Keel is a Data Mining tool that we employ in this
endeavour. We have gathered a large number of dataset
records from several Blood Bank databases for this study.
There are 6 characteristics in the data set named name,
age, gender, BG, place, District. For the purpose of sorting
models, this dataset has been included into the KEEL Data
Mining application. The dataset will be pre-processed for
classification before a model is constructed using the
available test data; the new data will be classified using
this model.

4.1, The algorithm for C4.5 is presented below. C4.5
evolved from CLS and ID3. Classifiers generated by C4.5
can be described as decision trees, just like CLS and 1D3,
or they can be built in more human-friendly rule set form.
C4.5 enhanced 1D3 in a number of ways.
1. each characteristic are a, b, c, d,
2. Calculate the normalised information gain ratio
by splitting on a
3. Let the attribute with the highest normalised
information gain be a best in this example.
4. Make a branching decision node that uses a best
as a criteria, and then
5. Iterate over the resulting sub-lists of a best and
make them children of node.

4.2. Many successful implementations have been
made of AdaBoost and its derivatives in a wide variety of
fields. As an illustration, Viola and Jones used a cascade
approach in conjunction with AdaBoost for face
recognition. They considered rectangle features to be poor
learners, so they used AdaBoost to give more weight to
the better learners, and the resulting features for face
detection were surprisingly natural. The term "boosting"
is used to describe the overarching challenge of
developing a very precise prediction rule by combining
several less precise rules of thumb.

5. Result and Discussion:

The goal of this work is to accurately categorise donor
samples while minimising the Global Classification Error
and the Standard Deviation Global Classification Error.
There is a data file with 5325 data samples and their
associated attribute values. Six different characteristics
can be found in the data file. The parameters applied for
evaluation is as follows:

5.1. Global classification error:

During a classification process, calculating the global
classification error allows one to obtain an estimate of the
average rate of classification errors.

Global classification error (u) = Z% Q)

Where Y is the addition sign, xi is each separate error,
and N is the total number of labels in the collection.

5.2.  Standard Deviation Global classification error:
Calculating the Standard Error of the Mean the objective
of calculating the global classification error is to establish
an average rate of classification mistakes for a given
dataset. The variability of a set of integers around some
central value is quantified by calculating their standard
deviation (SD). Standard Deviation, or "SD" for short
(sigma). Standard deviation is a measure of how much
data points deviate from the average value in a set; it
increases if the differences between observations are
large.

— 2
Standard Deviation (s) = Z%

@

One way to look at it is as a gauge of the data set's inherent
volatility. Where s is the dataset's standard deviation, m is
the dataset's mean classification score, X is the dataset's
classifications, and N is the number of classifications.

5.3. Correctly classified:

To determine the average percentage of valid
classifications in a dataset during a classification process
is to say that the dataset was successfully classified.
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Correctly classified = Z% 3)

The total number of accurate classifications for a dataset,
N, is denoted by the symbol, while each individual correct
classification, xi, Y is denoted for addition.

5.4. Incorrectly classified:

The average rate of misclassifications found in a dataset
during classification is referred to as the "incorrectly
categorised" rate.

Incorrectly Classified = Z%

(4)

Where Y, represents the addition sign, Xi represents the
wrong classification for each dataset item, and N
represents the total number of dataset classifications.

After the source file's format has been defined, the path to
that file must be provided. When you generate a new keel
file by clicking the save button. CSV files are used in the
KEEL tests after being converted to keel format. Since the
keel data file contains both training and testing data, it will
need to be partitioned in order to be used in a cross-
validation setting for classification. The different data set
are evaluated for different algorithm and results are
summarized in below tables.

Table 1: Different Data size Global Classification Error.

S. No. Methodology Data set annals count
500 1000 2000 4000
1 C45 0.021 0.003 0.004 0.0006
2 AdaBoost 0.251 0.497 0.924 0.96
3 Bayesian-C4.5 | 0.038 0.002 0.0035 0.0028
4 Bayesian- 0.156 0.497 0.915 0.897
AdaBoost
1.2
§ 1
b
E 0.8
g
=] 06
a
= 04
Q
o
Q) 0.2
0
C4.5 AdaBoost Bayesian-C4.5 Bayesian-AdaBoost
Methodology
I Data set annals count 500 [l 1000 [ 2000 [M 4000

Fig Il: Different Data size Global Classification Error.

Depending on the algorithm used, the experimental results
show that error rates rise with data set size. Table 1 and
Figure 11 shows that as the amount of the dataset grew, the
error rate also rose. What we found is that the error rate
drops to a minimum for really large data sets. Based on
the obtained data, the Global Classification Error for

records in datasets of varying sizes is examined. When
comparing algorithms, we look at their average mistake
rate. The best outcome was achieved by the C4.5-C
algorithm.
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Table 2: Different Data size Stddev Global Classification Error.

S. No. Methodology Data set annals count
500 1000 2000 4000
1 C4.5 0.007 0.006 0.006 0.003
2 AdaBoost 0.019 0.076 0.004 0.002
3 Bayesian-C4.5 0.007 0.194 0.005 0.004
4 Bayesian- 0.0073 0.078 0.003 0.002
AdaBoost
0.25

=

5]

= 0.2

c_mu _| 015

&0

2% 01

G}

3

T | 0.05

bt

0 == =—3C _wr3&
AdaBoost Bayesian-AdaBoost
C4... Bayesian-C4.5
Methodology
B Data set annals count 500 [l 1000 [ 2000 [ 4000

The experimental findings of the standard deviation of the
global classification error are shown in table Il and figure
I1l. As data sets grow in size, the error rates tend to
fluctuate. What we found is that the error rate drops to a
minimum for really large data sets. Stddev Global

Fig I11: Different Data size Stddev Global Classification Error.

Classification Error is examined for datasets of varying
sizes based on the obtained results. When comparing
algorithms, we look at their average mistake rate. The best
score here is a C4.5. Figure Ill provides a visual
representation of the analysis and effect of data set size.

Table 3: Different Data size Correctly classification.

S. No. Methodology Data set annals count
500 1000 2000 4000
1 C45 0.98 0.99 0.99 0.99
2 AdaBoost 0.75 0.43 0.09 0.05
3 Bayesian-C4.5 0.99 0.99 0.99 0.99
4 Bayesian- 0.83 0.56 0.087 0.04
AdaBoost
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Fig IV: Different Data size Correctly classification.

Properly classified experimental findings are displayed in
table 111. Correctly classified rates tend to rise as data sets
get bigger. We found that the percentage of properly
classified data sets increases with dataset size. The
percentage of correctly identified records across datasets
of varying sizes is calculated from these results. The
percentage of correct classifications across all used
algorithms is measured on average. When comparing
these, C4.5 is the clear winner for performance. The
analysis and effect of data set size are readily apparent, as
shown in Figure IV.

6. Conclusion:

For humans to make sense of data, it must be presented in
a human-readable way, and this is where "data mining"
comes in. Data classification is one of data mining's
primary goals, and its applications span many domains. In
order to place an item into a certain category, this tool
compares its characteristics to a collection of those
categories that have already been established. C4.5,
AdaBoost, and a hybrid of BayesianD preprocessor are
just some of the categorization methods that are dissected
and contrasted in this study. The accuracy and error rate
of these algorithms are evaluated by applying them to a
dataset containing information about blood donors. We
also examine how changing the amount of the dataset
affects the efficiency of different methods. According to
simulation findings where we changed the amount of the
dataset, C4.5 performed better.

So, we looked into how the quantity of the dataset affected
the efficacy of data mining techniques. Our innovative
method performs well on high-dimensional data and is
resistant to outliers and noisy samples. The formation of
the cluster is given very little consideration. Based on

these findings, a technique to solving the cluster formation
problem based on partitioning around medoids for clusters
that vary in location and organ donors can be developed.
The simulation results show that C4.5 performs better than
other algorithms when the dataset size is changed.

This work is applied to the design and implementation of
a graphical user interface (GUI) based prototype system
that can retrieve data from a remote blood donation data
centre via a simple SMS to search for blood donor's
availability by finding the people in the nearby area and
can be integrated to the social networking sites in real time
scenarios. If no one of the correct blood group is present
at the scene of the accident, we should start looking for
them within a certain radius of kilometres. Using an
ANFIS model, 10T, and other technologies, we will verify
our findings for use in a real-world setting.
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