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Abstract

Lifeline Donor groups are crucial in the field of humanitarian aid because they provide
lifesaving aid in times of crisis. For effective resource management and aid coordination, it is
crucial to draw relevant insights from donor data in a timely manner. Scalability, precision,
and flexibility in responding to changing donor dynamics are all areas where traditional
techniques of knowledge extraction fall short. This study offers a fresh method for optimizing
knowledge extraction from Lifeline Donor databases by utilizing improved unsupervised
machine learning methods. In order to extract, categorize, and prioritize donor knowledge
from disparate data sources, this research presents a multi-faceted framework that includes
cutting-edge machine learning algorithms. By merging cutting-edge developments in NLP
and data mining, the proposed framework improves upon classic clustering and topic
modelling methods. The program is able to capture subtle semantic links and underlying
patterns in donor communication data by using methods like word embedding models and
graph-based clustering.
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1. Introduction

Lifeline is a term used in the field of humanitarian aid. In times of
disaster, the assistance provided by donor groups is critical. These groups
provide crucial aid in the form of resources, funds, and expertise to help
communities recover from disasters and other catastrophes [1]. Effective
resource allocation, coordination of aid operations, and strategic decision-
making depend on timely and accurate knowledge extraction from donor
data. But conventional approaches to gleaning insights from donor
interactions and communications have their limits, particularly when it
comes to scale, precision, and flexibility[2]. Novel approaches are needed
to extract useful insights that could guide humanitarian action in light of
the ever-changing nature of crisis circumstances and the ever-increasing
amount and complexity of donor data[3]. The field of computer science
known as “data mining,” which entails extracting valuable information
from massive databases, is young but expanding quickly. One kind of data
mining task involves making predictions about future attribute values
based on past attribute values, while the other type involves describing
existing patterns in the data[4]. The next step is data transformation,
which involves reformatting the information so that it can be used by a
computer. Knowledge discovery in databases (KDD) is a methodical
procedure for gaining insight from massive data stores. As can be seen in
Figure 1, it is a multi-stage process, the heart of which is data mining.

The following are the standard steps involved in KDD: Based on the
nature of the problem and the objectives of the analysis, the appropriate
data is chosen from the available sources[5]. The selected data is pre-
processed by being cleaned, converted, and otherwise prepared to deal
with problems like missing numbers and outliers. This study sets out to
solve these problems by presenting a new, improved unsupervised
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machine learning approach with which to extract information on Lifeline
Donors[6]. The goal of this algorithm is to provide Lifeline Donor
organizations with a more accurate and flexible solution by utilizing
recent developments in natural language processing and data mining[7].
Through the use of methods such as word embeddings and graph-based
clustering, the system is able to reveal previously hidden patterns and
semantic correlations in donor communication data.

2. Literature Survey

Researchers have been inspired to investigate novel approaches to
knowledge extraction and decision assistance in crisis circumstances as a
result of the development of humanitarian aid and the function of Lifeline
Donor organizations. In this context, improved unsupervised machine
learning algorithms have become increasingly important, and the
following literature review will highlight some of the most important
advances in this area[8]. There is an urgent need for a powerful analytical
solution that can mine the wealth of information stored in an organization’s
databases and archives for actionable insights[9]. information Discovery
in Databases (KDD) has emerged in response to this need, playing a crucial
role in transforming raw data into refined information to aid in making
well-informed decisions. Knowledge discovery in databases is a discipline
that makes use of a methodical, iterative series of procedures that together
form its operational operations[10]. The primary focus of our research was
an evaluation of several data mining methods and how well they performed
on blood donor data. This study elucidated, within the context of a given
dataset[11], which classification methods perform best in terms of accuracy
and error rates. For this purpose, we used a variety of data mining
algorithms on five separate, authentic datasets that we obtained from the
UCI Machine Learning Repository[12]. Our research builds on these prior
investigations to fill in the gaps that have been observed in the existing
literature. To improve knowledge extraction for Lifeline Donors, we
propose a novel unsupervised machine learning algorithm that integrates
natural language processing (NLP), graph-based clustering, and adaptive
learning. In the face of ever-changing humanitarian needs, this novel
method provides Lifeline Donor organizations with a potent instrument
for data-driven decision-making and resource allocation.
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3. Data Mining

Data mining, as we've established, is the process of uncovering
hidden patterns and correlations inside databases that leads up to the
creation of new information. A multitude of potentially game-changing
hidden patterns sleeps within the depths of corporations” databases[13].
Only data mining can sift through these records and find these priceless
regularities. Data mining makes it possible to examine such large databases
and extract useful insights that would otherwise be impossible to obtain.
Data mining is crucial for businesses because it helps them gain strategic
insights from previously untapped data[14]. A large percentage of
businesses use data mining to guide them through the full customer
lifecycle, from initial contact through ongoing relationship building,
revenue growth, and customer retention. Companies can better prepare
for the actions of current and potential consumers by defining those
customers’ qualities based on past data[15]. Data mining is a field that
depends heavily on the success of other data processing and statistical
initiatives. In the sections that follow, we’ll take a quick look at some of the
most significant of these initiatives that complement data mining.

4. Clustering Algorithms

A cluster is a division of items chosen to minimize a given measure of
dissimilarity, and clustering is a method for classifying related objects. It’s
a subfield of unsupervised learning by itself. Clustering is a way to arrange
data sets by identifying groups of items that are quite different from one
another yet contain many items that are very similar to one another[16].
The cost of performing such studies becomes prohibitive when applied to
large databases. To solve this problem, we present a flexible framework for
iterative clustering algorithms that may scale to large datasets. This
architecture simply requires a single database scan, saving valuable system
resources. K-Means, a popular clustering method[17], is used to concretely
implement and verify the framework. The key to the approach is figuring
out which parts of the data may be compressed, which need to be kept in
memory, and which can be thrown away. This algorithmic method strikes
a balance between computational performance and data volume while
working within the limits of a limited memory buffer.
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5. Clustering Methods

Partitioning methods: The data is clustered into k groups according
to the following requirements for this classification procedure: There must
be at least one object in each cluster, and each object can only be in one
cluster[18]. A partitioning technique kickstarts the procedure by generating
the first partitioning based on a given value k that specifies the required
number of clusters[19]. The goal of this evolving procedure is to achieve a
clustering configuration that more accurately represents the underlying
relationships and properties of the data.

Hierarchical methods: A hierarchical approach will methodically
create a hierarchy from a set of data elements. Depending on how the
hierarchy is initially established, this method might be labeled as either
agglomerative or divisivep[20]. The core idea behind the divisive method
is to break up the original coherent cluster into smaller, more manageable
subclusters.

Grid-based methods: Subdividing the object space into a finite array
of cells to form a structured grid is at the heart of grid-based approaches.
All clustering processes occur inside this grid framework. Computing
efficiency in handling huge datasets is provided by STING and related
methods by discretizing the data space into discrete cells and then
executing clustering operations inside this grid framework. This method
allows users to take control of the clustering procedure and produce
results that better fit their needs or preferences.

6. Cluster Analysis

Clustering algorithms that run entirely in main memory often make
use of two fundamental data structures: the data matrix and the
dissimilarity matrix. Object-by-variable data matrices: The essence of n
objects, each of which is described by p variables (sometimes called
attributes or measurements), is captured by this structure. The rows
represent items, while the columns represent variables or characteristics
of those objects. The dissimilarity matrix (also known as an object-by-
object structure) is a data structure that keeps track of the similarities and
differences between every pair of objects in a set of n. An nxn matrix is
used to depict this structure. Since the dissimilarity between an object and
itself is zero, it is common practice to set the diagonal elements where i =
j to 0. The off-diagonal elements represent the measured differences or
dissimilarities between objects i and j.
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For example, in a dissimilarity matrix:
0 d2,1) d@3,1) d(3,2)
d, 1) 0 d@3,1) d(3,2)
d@3,1) d@3,1) 0
d@,2) d@3,2) 0

The distance between i and j in this case is denoted by d(j, j). To help
clustering algorithms efficiently find and group similar objects, this
dissimilarity matrix summarizes the relationships or differences between
all pairs of objects in the dataset. Variables can be either interval-scaled,
binary-scaled, categorical-scaled, ordinal-scaled, or ratio-scaled, allowing
for the quantification of dissimilarity across a wide range of object kinds.
This can be done in the case of a measured variable f in the following way:
Determine the standard error of the mean (sf): This is less affected by
extreme values than the standard deviation (f). Although more robust
measures such as the median absolute deviation are available, using the
mean absolute deviation keeps the benefit that outlier z-scores don’t get
too small. Standardization’s usefulness is situation-dependent. The most
widely used distance measure is the Euclidean distance, which is defined
as follows: For two points in an n dimensional space, p=(p,,p,,P;,---/P,)
and q=(q,,9,.9,,--.9,), the Euclidean distance (d ) between these
points is given by:

Euclidean

e P D =P, =0+ (9, =0, 44 (p, —1, ) (1)

The formula has n variables (dimensions) for the number of
dimensions in the data space. In n-dimensional space, the Euclidean
distance between two points is the shortest possible path between them.
It’s often used to quantify the degree to which two objects differ from one
another, with smaller values indicating closer similarity and larger values
indicating greater dissimilarity. Identity of Indiscernible: The distance
between a point and itself is zero. For both Euclidean distance and
Manhattan distance d(p,q)=0. Symmetry: The distance between two
points should be the same regardless of their order. For both Euclidean
distance and Manhattan distance d(p,q) =d(q,p). Triangle Inequality: The
criteria are met by both the Euclidean distance and the Manhattan distance,
making them reliable and popular distance metrics for usage in a wide
range of mathematical and computer applications, such as clustering
algorithms and distance-based data analysis. The Minkowski distance is a
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versatile distance metric that encompasses both the Euclidean distance
and the Manhattan distance as special cases. It is defined as follows: For
two points p=(p,,p,,p;,---p,) and q=(q,,9,,9,,---,9,), inann-dimensional
space Minkowski distance (d,, , ..) of order r between these points is
givenby: d,. . (p,q) = (], |p,—q,")"". The formula uses the Minkowski
distance order, denoted by r. Specifically, the Minkowski distance becomes
the Euclidean distance at r=2, and the Manhattan distance at r=1. With the
Minkowski distance, the “shape” of the distance metric may be adjusted
precisely for any value of r. For bigger variations in coordinates (r>2), the
distance metric becomes more sensitive, while for smaller differences
(r<2), it becomes less so. It’s a versatile distance measure that may be
tweaked to fit the needs of your data and analysis. If distinct variables in a
dataset are given varying degrees of significance, the notion of weighted
Euclidean distance may be utilized to apply relative weights. The formula
for the weighted Euclidean distance looks like this: The weighted Euclidean
distance (dweighted Euclidean) between two points p=(p,,p,,p,,--/P,)
and 9=(q,,9,,95,---,9,), inan n-dimensional space with weight factors w1,
w2,..., wn allocated to each dimension is defined as follows.

e acitenn P D = 10, (P, =0, +70,(p, 0, .40, (p, -, ()

To simplify, we may express this as where n is the total number of
variables (dimensions) in the data space and w;, is the weight assigned to
the i" variable. By multiplying the square of the difference in each
dimension’s value between the two places, the weighted Euclidean
distance takes into account the relative importance of each dimension.

7. Cluster Validation

A key issue in cluster analysis, cluster validity asks if the proposed
cluster structure truly captures the essence of the data being clustered.
However, there are many reasons why this is a difficult task: Clustering
falls under the umbrella of unsupervised learning, which is used when
the correct labels for the data are not accessible. Therefore, it becomes
challenging to calculate accurate performance measures. These problems
are addressed by using cluster validity indices. There are three broad
groups into which these indexes fall: Internal indices measure how closely
a clustering scheme corresponds to the underlying data. They offer help in
counting clusters without any further data. Validity measures for clustering
help researchers determine which algorithms, parameters, and number of
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clusters will produce the best results. Due to the complexity of clustering
analysis, however, the problem of assessing cluster validity has not yet
been resolved.

8. Results and Discussion

In this section, we discuss the technical details of putting into practice
our suggested system. In order to implement our concept, we must first
retrieve the dataset from a specified file. A sequence of processes is carried
out in response to user input, with parameters such as Blood Group and
chosen location serving as guides. The main goal is to form groups
according to how these elements interact with one another. Clusters are
formed based on location and blood group, allowing for the identification
of persons who are physically close to potential receivers.

= K-Means = Enhanced K-Means

- =
2
s 3 2 =
=15000 =10000 =5000

Figure 2

Performance Comparison (accuracy)

The Enhanced K-means algorithm, in comparison, takes a more
deliberate strategy by determining initial centroids with appropriate
formulas. We compare the experimental clusters to a dataset of blood
donors who fit the criteria of blood group and location to evaluate the
reliability of the clustering results. We give a thorough overview of the
performance of the algorithms by quantifying the % accuracy of these
clusters and analyzing the time spent for each trial. Figure 2 depicts the
results of this investigation, allowing a clear depiction of the algorithms’
accuracy and efficiency across different settings. Figure.2 is illuminating
since it shows how the K-means and proposed Enhanced K-means
algorithms compare in terms of accuracy when used on datasets with
progressively more records. This improvement, which was accomplished
with the help of mathematical formulas, greatly boosts the functionality of
the system. When time is of the essence and it’s necessary to locate possible
blood donors who have the necessary blood group, this enhancement is
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Performance Comparison (Time nano seconds)

invaluable. Figure 3 graphically depicts the vast difference between the
K-means and Enhanced K-means algorithms in the amount of time needed
to build clusters. As a result, the system improves its ability to locate
nearby donors who possess the necessary blood group.

Because of this effectiveness, more potential donors can be contacted
and asked to donate blood in a shorter length of time, which is of critical
importance. The primary benefit of the Enhanced K-means algorithm is its
capacity to maximize cluster formation, which in turn expedites and
improves donor identification.

This methodical technique optimizes the blood donation process by
promptly matching donors with the required blood group and proximity,
ensuring the system can efficiently cater to the demands of recipients. The
data used in the experiment is completely artificial and was created for the
sole purpose of providing verification. A dataset consisting of 1500 records
was chosen at random for this study. The obtained results (Figure.4)
demonstrate the Active Cluster with Modified K-means method’s
superiority over the traditional K-Means approach in terms of cluster
quality and computational efficiency. The inter-cluster distance versus

Inter cluster

Number of 0%
clusters h
[ 1%
" Dataset
\Eocords Other
. 99% 0% | Intra cluster
y 0%
\, F
\\ /
T~ ,,-/
D Dataset ENumber of T Inter cluster Intra cluster
records clusters
Figure 4

Comparison of Results for 1500 dataset records
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intra-cluster distance balance is the crux of cluster quality. Specifically, the
Modified K-means algorithm demonstrated superior performance in
preserving cluster quality. The effectiveness of the method can be traced
back to its capacity to reduce inter-cluster distances, guaranteeing the
formation of reliable groups. The Modified K-means method successfully
managed the distances between data points within and between clusters,
demonstrating its ability to produce clusters that are both internally
cohesive and outwardly distinguishable. The benefits of using the Active
Cluster with Modified K-means algorithm are highlighted by the
experiment’s final results. Improved accuracy and efficacy of clustering
outcomes may have far-reaching ramifications for data-driven applications
because to its capacity to maximize cluster quality while retaining
computing efficiency.

9. Conclusion

This study presents a new K-means clustering technique that makes
use of the link between blood types and geographic regions. If you need to
find a list of people who have the necessary blood group and where they
are located, the proposed Enhanced K-means algorithm is a useful tool. In
particular, it improves computing efficiency, which is a major issue with
the classic K-means clustering approach. There is great promise for this
method in modern settings, as it has the ability to save many lives by
facilitating the effective matching of blood donors and patients in need.
Predefining the number of clusters is an additional major difficulty with
the K-means clustering technique. In practice, this is difficult since too few
clusters could result in objects of different types being lumped together,
and too many clusters could result in objects of the same type being
separated. The Active Cluster with Modified K-means algorithm gets
around this problem by calculating the right amount of clusters on the fly.
This flexibility guarantees that the algorithm accurately reflects the data’s
underlying structure without relying on predetermined, potentially
arbitrary cluster sizes. In conclusion, the suggested approach not only
provides a novel solution to the problem of dynamic cluster determination,
but it also meets the practical demand of effectively finding potential
blood donors. This exemplifies the power of cutting-edge algorithms in
the field of data-driven research to solve pressing societal problems.
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