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ABSTRACT

Now a day with the advance technology data cobwecis far easier than before.
Data of relevant subjects are collected and stimetuture analysis. The analysis can be
online or offline. Data can be collected from diffiet sources like industrial plant,
wireless sensors, stock market, banking and fimduntstitutions, and medical parameters
of the patient. The data are collected with the ledldifferent sensors or transducers and
stored in digital format in different storage medata mining or knowledge discovery
from raw data is very much important and a lot egearch has been going on in this
field. Knowledge discovery gives a better edge peison to take better action.

Medical diagnosis is a very importantaaof research where with the help of
engineering techniques diagnosis is made. A newoapp of medical diagnosis uses the
day to day monitoring of the patient's medical dadiadetermine the type of disease,
degree of seriousness of the disease. First ti@llay to day medical monitoring data is
taken and clustered, so that it can be arrangedhbetter way. Different data mining or
soft computing techniques are implemented in thesteted data to discover hidden
trends, knowledge in the data which helps to gaimsight view of the subject.

This thesis tries to develop a meddiaignosis system using the day to day
patient monitoring data. First of all the data acquired and clustered or grouped. Fuzzy

based inferencing techniques are used to discawerliedge from the clustered data.
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CHAPTER 1
INTRODUCTION

1.1 Overview

Disease diagnosis is a major problem area for relsees for a long time. To
accurately diagnosis a disease is of prime contmrra doctor. To help the medical
personnel with the diagnosis tool, many engineet@egniques have evolved in the past.
There are various conventional methods of dise@gndsis, but application of soft
computing technique with information technology lgagen a new dimension to this
area. With the advancement in storage devices maapast records of the patient is
easily available. To predict the future behaviothe patient by studying the past history
is a very good technique to diagnosis a disease.

1.2 Motivation

In modern days continuous monitoring of differenédical parameters like blood
pressure, temperature, heart rate, respiratorg,r&€G, EEG, and EMG can be done
easily and all these data can be stored for futimadysis and diagnosis. But the huge
amount of data needs a lot of storage space whicbstly. And another aspect is that all
data are not of importance, only a few relevanadat important which posses a big
problem in disease diagnosis.

To make the disease diagnosis system more effedtieedata should be filtered,
conditioned and clustered. For clustering the ddiféerent contemporary and soft
computing based data clustering techniques ardablai After the data of different
parameters are clustered, an inference mechanisegisred to correlate two different
parameters to a single cause. Fuzzy logic is acawitputing technique which is more
like the human mind. So fuzzy logic based inferemezhanism can be implemented for
correlation.

1.3 Objectives of the Thesis

This thesis takes periodic medical data of pati¢aken at a fixed interval, filters,
conditions and clusters the data. After clusteanfyzzy based inference mechanism is
used to correlate different parameters to a comsynptom. This result creates a
decision support system for disease diagnosis raysitie diabetes data is taken from
UCI respiratory machine learning databases, Unityeo$ California, Irvine, Department
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of Information and computer Science available
http://archive.ics.uci.edu/ml/datasets/Diabglesst accessed: 20/5/2011), contributed by
Dr. Michael Kahn, Washington University, St. LouMQ. The blood pressure data is

taken from UCI respiratory machine learning databas)niversity of California, Irvine,
Department of Information and computer Science |aloks
http://archive.ics.uci.edu/ml/datasets/BloodPressur(Last  accessed:  20/5/2011),
contributed by Dr. Michael Kahn, Washington UniwetsSt. Louis, MO.

1.4 Organization of the Thesis

Chapter 1 introduces the concept of disease diagrgses the overview of the problem
and chalks out the objectives of the thesis.

Chapter 2 gives a complete overview of data clusjetechniques like square error
clustering, K means clustering, hierarchical cltstg partitional clustering.

Chapter 3 gives a relevant literature review of/pmes work done on this topic.

Chapter 4 gives a complete overview of fuzzy layistem with different fuzzy inference
mechanism, de fuzzification techniques.

Chapter 5 gives a complete over view of soft conmguibased data clustering techniques.
It gives a detailed study of fuzzy C means algamith

Chapter 6 introduces a novel approach of diseasgndsis using data clustering and
fuzzy inference mechanism.

Chapter 7 is dedicated for simulation, results @isdussions.

Chapter 8 concludes the thesis with future scopes®arch.
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HBPTER 2

LITERATURREVIEW

Scott C Newton et.al in their paper proposed ailydlaptive fuzzy leader clustering
technique implemented in ART-I like structure taster speech, image and medical data
[1].

Y M Sebzalli et.al, has proposed two techniques [kincipal component analysis
(PCA) and fuzzy C means clustering to identify atevelop operational strategy for
manufacture of desired product in process industhys research paper takes a case
study of fluid catalytic cracking process usedefinery industry. The authors analyzed
the problem by collecting three hundred data froengrocess site and applying principal
component analysis and fuzzy ¢ means clusterinyigthgn in the datasets [2].

Timo Ahvenlampi et.al, studied the controllabilby kappa number in two cooking
application. Kappa number is the quality measurpuhp cooking method. The authors
investigated the clustering and fault diagnosiseggh of cooking system [3].

Young-Hak Lee et.al has proposed an adaptive mamitdechnique of real time
industrial process to classify and distinguish afienal changes. The proposed method
extracts process knowledge and classifies protats changes. The case study taken by
the authors is a refinery fired heater [36].

Skrjanc | has presented in his research paper hocheif sensor fault detection in
waste water treatment plant using Gustafson-Kdagey clustering algorithm. Different
measurements like influent ammonia concentratiassolived oxygen concentration in
aerobic reactors are measured and analyzed [5].

C Lionberger et.al has proposed a novel methodchtih@ acquisition and clustering
of GRETINA (Gamma Ray Energy Tracking In-beam Naclé@rray) which is an array
of 28 36-segment germanium crystals [15].

Zhe Song et.al has proposed a data mining apprt@actievelop a model for
optimizing the efficiency of an electric utility ber. The industrial boiler generates real
time data used for clustering. The clustering atgor learns and generates new
knowledge used to update the control signaturebdata Based on the real-time boiler
status, the optimization algorithm searches thdrobsignature database for an optimal

centroid controlling the process. Thus, the b@kerformance is improved [16].
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N Sujatha et.al has proposed in her research @apemovative way to find out the
web usage pattern by implementing modified K mealgerithms and optimizing the
cluster quality by using genetic algorithm baseithesnent algorithm. The modified K
means algorithm and refinement algorithm basedemetyc algorithm is applied in web
access log collected from internet traffic archiMeA) [33].

Osama Abu Abbas in his research paper compareereaiif conventional and
intelligent clustering algorithms according to #iee of data sets, number of clusters, and
type of datasets to find out the performance of ¢hestering algorithm, quality of
clustering and accuracy of the clustering [23].

K Premalatha et.al in her research paper applieatmswntelligence technique like
particle swarm intelligence (PSO) in cluster analydVith application of PSO the
optimal shape of cluster can be found out [24].

V Kavitha et.al, has given a literature review bfstering of time series data stream.
A time series data is being generated at a unigeedsfrom almost every application
domain. These types of dataset are special tyglataiset which has temporal ordering
[26].

Hesam lIzakian and Ajith Abraham proposed a hyhrixy C means algorithm which
implements fuzzy particle swarm optimization algom in fuzzy C means algorithm.
This proposed hybrid algorithm make use of meriboth the algorithms and finds out
optimal cluster structures [27].

S Kalyani and K S Swarup proposed a supervisedyf@@zmeans algorithm for
security assessment and classification of powdesysThe proposed algorithm is tested
on 39 bus New England and IEEE 57 bus systems. classification results of
supervised fuzzy C means algorithm is tested widthod of least squared and multi
layered perceptron classifiers [28].

Xian-Xia Zhang et.al, proposed a novel sensor phece technique by utilizing main
feature of spatial distribution [29].

Mika Liukkonen et.al in their research paper démati the dependencies between
process variables and the concentrations of gasemission components. They also

created multivariate nonlinear models describingirtiormation in the process. A
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process model was created using self organizing anapwas clustered using K means
algorithm for determination of subsets [30].

Vasil Simeonov et.al, has proposed a novel methodater quality assessment of
high mountain lakes in Pirin Mountain in Bulgarig &pplication of cluster analysis and
principal component analysis. The authors have stisdied the classification of dataset
by using self organizing map [31].

Ibrahim Masood and Adnan Hassan proposed an ANNdoasntrol chart pattern
recognition system for process plant monitoring aoatrol. The feature based and

wavelet denoise method is used for input repretentf82].
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CHAPTER 3
DATA CLUSTERING TECHNIQUES AND ALGORITHMS

3.1 Introduction

Clustering is a division of data into groups of k&mobjects. Representing the data
by fewer clusters necessarily loses certain finmilde but achieves simplification. It
models data by its clusters. Data modeling putsteting in a historical perspective
rooted in mathematics, statistics, and numericallysis. From a machine learning
perspective clusters correspond to hidden pattémaessearch for clusters is unsupervised
learning, and the resulting system representsaatatcept. From a practical perspective
clustering plays an outstanding role in data mirapglications such as scientific data
exploration, information retrieval and text miningpatial database applications, Web
analysis, CRM, marketing, medical diagnostics, cotaonal biology, control and many
other applications. It is important to understam@ tdifference between clustering
(unsupervised classification) and discriminant gsial (supervised classification). In
supervised classification, we are provided withodlection of labeled(preclassified)
patterns; the problem is to label a newly encowateyet unlabeled, pattern. Typically,
the given labeled (training) patterns are use@&on the descriptions of classes which in
turn are used to label a new pattern. In the casdustering, the problem is to group a
given collection of unlabeled patterns into meahihglusters. In a sense, labels are
associated with clusters also, but these categigid are data driven; that is, they are
obtained solely from the data.

Data mining adds to clustering the complicationsvefy large datasets with very
many attributes of different types. This imposegjua computational requirements on
relevant clustering algorithms. A variety of algbms have recently emerged that meet
these requirements and were successfully appligedablife data mining problems. In
recent years, the dramatic rise in the use of teb and the improvement in process
industries in general have transformed our sodietty one that strongly depends on
information. The huge amount of data that is geedrly this process contains important
information that accumulates daily in databases iantbt easy to extract. This data is
scattered in between the upper and the lower lirafiplying required control or strategy
to this data requires lots of computational wodg, liaving a better control strategy. The
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clustered data gives us a better control efficiemeg performance of our system rather
than working with an unorganized scattered datadet.field of data mining developed
as a means of extracting information and knowlddge databases to discover patterns
or concepts that are not evident The process wysualhsists of the following:
transforming the data to a suitable format, clegnity and inferring or making
conclusions regarding the data. Data analysis liedemany computing applications,
either in a design phase or as part of their om-perations. Data analysis procedures
can be dichotomized as either exploratory or cordiory, based on the availability of
appropriate models for the data source, but a keyent in both types of procedures
(whether for hypothesis formation or decision-mgkiis the grouping, or classification
of measurements based on either of the following:

0] Goodness-of-fit to a postulated model,

(i) Natural groupings (clustering) revealed througalysis.

Cluster analysis is the organization of a collectd patterns (usually represented as
a vector of measurements, or a point in a multidsienal space) into clusters based on
similarity. Cluster analysis is thus a tool of digery. It may reveal associations and
structure in data which, though not previously ewigl nevertheless are sensible and
useful once found. The results of cluster analyséy contribute to the definition of a
formal classification scheme, such as a taxonomy rilated process variables,
parameters or objects; or suggest statistical nsodgh which to describe control; or
indicate rules for assigning new cases to classesdntrol and analysis purposes; or
provide measures of definition, variations and gjgaim what previously were only broad
concepts. Clustering is the classification of samibbjects into different groups, or more
precisely, the partitioning of a data set into sibgclusters), so that the data in each
subset (ideally) share some common trait - oftesxiprity according to some defined

distance measure
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Figure 3.1: Depiction of Data Clustering

Clustering is useful in several exploratory pattenalysis, grouping, decision-

making, and machine-learning situations, includoaga mining, document retrieval,

image segmentation, and pattern classification. é@n in many such problems, there is

little prior information (e.g., statistical modeksyailable about the data, and the decision-

maker must make as few assumptions about the dataossible. It is under these

restrictions that clustering methodology is pattcy appropriate for the exploration of

interrelationships among the data points to makassessment (perhaps preliminary) of

their structure.

3.2 Issues of Clustering

The main requirements that a clustering algorithoud satisfy are the following

> Dealing with different types of attributes:

There are various attributes of data that any ety algorithm need to satisfy,

the most general taxonomy being in common usengpstshes among numeric

(continuous), ordinal, and nominal variables. A euim variable can assume any

value in R. An ordinal variable assumes a small lmemof discrete states, and

these states can be compared.

» Scalability to large datasets:

The data sets could be in any possible range, nvautyetween large extremes and

they need to be normalized by the clustering allgori

» Ability to work with high dimensional data:

Devel opment of a medical inferencing system using data clustering



>

The data could be multidimensional varying from21,....n.; depending on the
application data on which clustering is being agxhli

Ability to find clusters of irregular or arbitrashape:

The shape of clusters could be any arbitrary shapesprefer using Euclidean
distance to get a circular shape of the clustersstil shape of clusters can not be
accurately defined

Handling outliers:

The data points on the boundary of clusters nedaetbandled; this is done in
hierarchical methods by associating the boundaigt®do one of the clusters.
While in fuzzy clustering, we associate memberdhitions to the points lying
on the boundary of clusters.

Time complexity :

Complexity of the data points in terms of time hasbe taken care of while
clustering.

Data order dependency:

Dependency of data points on other variable cagctathe clustering of data and
there by the cluster centers too, so it has t@kert care before hand.

Labeling or Assignment:

Other factors are also play a vital role in clusigrof data, some of them are stated

below:

>

YV V V VY

>

Reliance on a priori knowledge and user definedmpaters

Interpretability of results

Minimal requirements for domain knowledge to det@erinput parameters;
Ability to deal with noise

Interpretability

Usability

It can be shown that there is no absolute “bestérmon which would be independent of

the final aim of the clustering. Consequently, Stthe user which must supply this

criterion, in such a way that the result of thestduing will suit their needs. For instance,

we could be interested in finding representatives fiomogeneous groups (data

reduction), in finding “natural clusters” and debertheir unknown properties (“natural’

Devel opment of a medical inferencing system using data clustering
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data types), in finding useful and suitable grogpii‘useful” data classes) or in finding

unusual data objects (outlier detection).

3.3 Distance: A Measure of Similarity

Since similarity is fundamental to the definitioh @ cluster, a measure of the
similarity between two patterns drawn from the sde®ure space is essential to most
clustering procedures. Because of the variety afufe types and scales, the distance
measure (or measures) must be chosen carefullg. rtost common to calculate the
dissimilarity between two patterns using a distance measureededin the feature space.
We will focus on the well-known distance measurssdufor patterns whose features are
all continuous. The most popular metric for continsl features is the Euclidean distance
An important component of a clustering algorithnthe distance measure between data
points. If the components of the data instanceorscre all in the same physical units
then it is possible that the simple Euclidean distametric is sufficient to successfully
group similar data instances. However, even in taise the Euclidean distance can
sometimes be misleading. Figure shown below ilfuss this with an example of the
width and height measurements of an object. Defjuite measurements being taken in
the same physical units, an informed decision bdetmade as to the relative scaling. As

the figure shows, different scaling can lead tdedént clustering'’s.
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Figure 3.2: Distance criterion
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Notice however that this is not only a graphic é&sthe problem arises from the

mathematical formula used to combine the distabetseen the single components of
the data feature vectors into a unique distancesuneahat can be used for clustering
purposes: different formulas leads to differentstdung’s. Again, domain knowledge

need be used to guide the formulation of a suitdidtance measure for each particular
application.

3.3.1 Minkowski Metric

For higher dimensional data, a popular measuteeidtinkowski metric,

dp()§1xj):(§‘)ﬁ,k_xj,k‘jp (1)

Whered is the dimensionality of the data. The Euclideatathce is a special case where
p=2, while Manhattan metric hap=1. However, there are no general theoretical
guidelines for selecting a measure for any givesliegtion. Distance is most common to
calculate the dissimilarithetween two patterns using a distance measureedefin the

feature space. The most popular metric for contisufeatures is the Euclidean distance

d
d, (X 1Xj) = (Z (X, = Xj,k)z)ll2 = HXi =X Hz
k=L

2)
This is a special case of the Minkowski metric
d
d,(x,%;) = (Z(Xi,k = X x) PYYP = HXi =X Hp
k=1 (3)

3.4 Distance Functions

The concept of dissimilarity (or distance) or dwshilarity is the essential
component of any form of clustering that helps asigate through the data space and
form clusters. By computing dissimilarity, we canse and articulate how close together
two patterns are and, based on this closenessatdlthem to the same cluster. Formally,
the dissimilarityd(x, y) betweenx andy is considered to be a two-argument function

satisfying the following conditions:
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d(x,y) > 0 for everyx andy 4)
d(x,x) =0 for everyx (5)
d(x,y) = d(y.x) (6)

This list of requirements is intuitively appealing/e require a nonnegative
character of the dissimilarity. The symmetry isoalan obvious requirement. The
dissimilarity attains a global minimum when dealwigh two identical patterns, that is
d(x,x) = 0.

Distance, (metric) is a more restrictive conceptwa require the triangular inequality to
be satisfied; that is, for any pattetny, andz we have
d(x,y) + d(y,z)> d(x,2) ()

Table 1: Selected Distance Function between Patteamd y.

Distance Function Formula and Comments

Euclidean distance d(x,y) =
Hamming (city block) distance d(x,y) =
Tchebyschev distance d(x,y) =
Minkowski distance d(x,y) =
Canberra distance d(x,y) =
Angular separation d(x,y) =

Note: this is a similarity measure that expresses
the angle between the unit vectors in the
direction of x and y
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In the case of continuous features (variables),haee a long list of distance
functions each of these functions implies a diffiéreiew of the data because of their
geometry. The geometry is easily illustrated whenoansider two featurds = [x; x5] ")
and compute the distance wffrom the origin. The contours of the constant dis&éa
show what type of geometric construct becomes asfaf the search for structure. Here
we become aware that the Euclidean distance fawanslar shapes of data clusters. With
the distance functions come some taxonomy; the d&Muski distance comprises an
infinite family of distances, including well-knowend commonly used ones such as the
Hamming, Tchebyschev, and Euclidean distances.sdhe effect shown in Figure can
be achieved when the value of the power in the Bliveki distance is changed; one
commonly used generalization is the Mahalanobisdce
dxy)=x'A"y (8)

Here Ais a positive definite matrix. By choosing this nrgt we can control the
geometry of potential clusters by rotating thepsiiid (off diagonal entries of A and

changing the length of its axes (the elements lgimghe main diagonal of the matrix).

3.5 Components of a Clustering Task

Typical pattern clustering activity involves thdléaving steps

(1) Pattern representation (optionally includingttee extraction and/or selection),
(2) Definition of a pattern proximity measure agmiate to the data domain,

(3) Clustering or grouping,

(4) Data abstraction (if needed), and

(5) Assessment of output (if needed).

Feature
Selection/ )
Extraction | Representations

feedback loop

Patterns Pattern Interpattern

i A | Clusters
Simularity Grouping ——

Figure 3.3: Stages of Clustering
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Figure 3.3 above depicts a typical sequencing effitst three of these steps,
including a feedback path where the grouping paagput could affect subsequent
feature extraction and similarity computations.

Pattern representatiaefers to the number of classes, the number oflablai
patterns, data, and the number, type, and scaleediatures available to the clustering
algorithm. Some of this information may not be colble by the practitioner.

Feature selectioms the process of identifying the most effectivdset of the
original features to use in clustering.

Feature extractiors the use of one or more transformations of tipaitiieatures
to produce new salient features. Either or botthete techniques can be used to obtain
an appropriate set of features to use in clustering

Pattern proximityis usually measured by a distance function defimegbairs of
patterns. A variety of distance measures are inrulee various communities. A simple
distance measure like Euclidean distance can dfiernused to reflect dissimilarity
between two patterns, whereas other similarity mmesscan be used to characterize the
conceptual similarity between. Tigeouping step can be performed in a number of ways.
The output clustering (or clustering) can be harghdrtition of the data into groups) or
fuzzy (where each pattern has a variable degremevhbership in each of the output
clusters). Hierarchical clustering algorithms progla nested series of partitions based on
a criterion for merging or splitting clusters basea similarity. Partitional clustering
algorithms identify the partition that optimizessally locally) a clustering criterion.
Additional techniques for the grouping operatiorclugde probabilistic and graph-
theoretic clustering methods.

Data abstractiois the process of extracting a simple and compgmtesentation
of a data set. Here, simplicity is either from gerspective of automatic analysis (so that
a machine can perform further processing efficigrdal it is human-oriented (so that the
representation obtained is easy to comprehend atdtively appealing). In the
clustering context, a typical data abstraction isopact description of each cluster,
usually in terms of cluster prototypes or repregeve patterns such as the centroid. How
is the output of a clustering algorithm evaluat®d?at characterizes a ‘good’ clustering

result and a ‘poor’ one? All clustering algorithmasll, when presented with data,
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produce clusters - regardless of whether the datgam clusters or not. If the data does
contain clusters, some clustering algorithms mawiobbetter’ clusters than others. The
assessment of a clustering procedure’s output, treenseveral facets. One is actually an
assessment of the data domain rather than theeghgsialgorithm itself— data which do
not contain clusters should not be processed biustecing algorithm. The study of
cluster tendency, wherein the input data are exaanio see if there is any merit to a
cluster analysis prior to one being performed, relatively inactive research area, and
will not be considered further in this survey.

Cluster validityanalysis, by contrast, is the assessment of aecingtprocedure’s
output. Often this analysis uses a specific cotef optimality; however, these criteria
are usually arrived at subjectively. Hence, liitlethe way of ‘gold standards’ exist in
clustering except in well-prescribed sub domainslidity assessments are objective and
are performed to determine whether the output ianimgful. A clustering structure is
valid if it cannot reasonably have occurred by deaor as an artifact of a clustering
algorithm. When statistical approaches to clustgdare used, validation is accomplished
by carefully applying statistical methods and tagthypotheses. There are three types of
validation studies. An externaksessment of validity compares the recoveredtstauto
an apriori structure. An internakamination of validity tries to determine if theusture
is intrinsically appropriate for the data. A relaitest compares two structures and

measures their relative merit.

3.6 Clustering Procedure

The clustering procedure includes analysis, vabdatand visualization of

clusters. These steps of clustering are describkxhb

3.6.1 Cluster Analysis

The objective of cluster analysis is the classifara of objects according to
similarities among them, and organizing of data igtoups. Clustering techniques are
among theunsupervised methods, they do not use prior class identifiedlse Tain
potential of clustering is to detect the underlyisgucture in data, not only for
classification and pattern recognition, but for mlogduction and optimization. Different

classifications can be related to the algorithnpigraach of the clustering techniques.
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3.6.2 The data

Clustering techniques can be applied to data thaguantitative (numerical),
qualitative (categorical), or a mixture of both.this thesis, the clustering of quantitative
data is considered. The data are typically obsemstof some physical process. Each
observation consists afmeasured variables, grouped intoraimensional row vector

X = [Xegs Xgerereerereerenns X.]" %, OR" (10)
A set of N observations is denoted by ={xk|k =12,....... N} and is represented as an N
X n matrix
%, X Ce X, |
%1 %2 coe - Xon
| X X2 e e e . X

In pattern recognition terminology, the rows of ¥ aalled patternsr objects,
the columns are called the features or attribuated, X is called the pattern matrix. In this
thesis, X is often referred to simply as the dasdrim The meaning of the columns and
rows of X with respect to reality depends on thatert. In medical diagnosis, for
instance, the rows of X may represent patients,thaccolumns are then symptoms, or
laboratory measurements for the patients. Wherieging is applied to the modeling and
identication of dynamic systems, the rows of X eimisamples of time signals, and the
columns are, for instance, physical variables ofegkin the system (position, velocity,
temperature, etc.). In order to represent the systa&lynamics, past values of the
variables are typically included in X as well. Igseem identification, the purpose of
clustering is to find relationships between indejgmm system variables, called the

regressors, and future values of dependent vasiab#dled the regressands. One should,

Devel opment of a medical inferencing system using data clustering



17

however, realize that the relations revealed bytehling are just causal associations
among the data vectors, and as such do not yetitwas prediction model of the given

system. To obtain such a model, additional stepnaeded.

3.6.3 The clusters

Various definitions of a cluster can be formulatddpending on the objective of
clustering. Generally, one may accept the view gheluster is a group of objects that are
more similar to one another than to members ofrothesters. The term "similarity"
should be understood as mathematical similaritygsueed in some well-defined sense.
In metric spaces, similarity is often defined byamg of a distance norm. Distance can be
measured among the data vectors themselves, odiataace form a data vector to some
prototypical object of the cluster. The prototyges usually not known beforehand, and
are sought by the clustering algorithms simultasgowith the partitioning of the data.
The prototypes may be vectors of the same dimeresotne data objects, but they can
also be defined as "higher-level* geometrical disjesuch as linear or nonlinear
subspaces or functions. Data can reveal clustetgfefent geometrical shapes, sizes and
densities. Algorithms that can detect subspaceiseoflata space are of particular interest
for identification. The performance of most clustgralgorithms is influenced not only
by the geometrical shapes and densities of thevighdhl clusters but also by the spatial
relations and distances among the clusters. Chustar be well separated, continuously

connected to each other, or overlapping each other.

a) b)

) d}

Figure 3.4: Clusters of different shapes and dinoerssin K.
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3.6.4 Cluster partition

Since clusters can formally be seen as subsetheofdita set, one possible
classification of clustering methods can be acemydo whether the subsets are fuzzy or
crisp (hard). Hard clustering methods are basedassical set theory, and require that an
object either does or does not belong to a clustard clustering in a data set X means
partitioning the data into a specified number oftumily exclusive subsets of X. The
number of subsets (clusters) is denoted.blyuzzy clustering methods allow objects to
belong to several clusters simultaneously, witfedént degrees of membership. The data
set X is thus partitioned intofuzzy subsets. In many real situations, fuzzy esyg is
more natural than hard clustering, as objects enbtbundaries between several classes
are not forced to fully belong to one of the clasdrit rather are assigned membership
degrees between 0 and 1 indicating their partiahberships. The discrete nature of hard
partitioning also causes analytical and algorithimicactability of algorithms based on
analytic functions, since these functions are niffer@ntiable. The structure of the

partition matrix U=[,ui’kJ.

3.6.5 Validation Parameters

Cluster validity refers to the problevhether a given fuzzy partition fits to
the data at all. The clustering algorithm alwayastto find the best fit for a fixed number
of clusters and the parameterized cluster shapeseter this does not mean that even
the best fit is meaningful at all. Either the numioé clusters might be wrong or the
cluster shapes might not correspond to the graupisel data, if the data can be grouped
in a meaningful way at all. Two main approacheddtermining the appropriate number
of clusters in data can be distinguished:

» Starting with a sufficiently large number of clusteand successively reducing this
number by merging clusters that are similar (cofbpgt with respect to some
predefined criteria. This approach is called cornfy@atluster merging.

» Clustering data for different values gfand usingvalidity measures to assess the
goodness of the obtained partitions.

» This can be done in two ways
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v’ The first approach is to define a validity functiavhich evaluates a

complete partition. An upper bound for the numbérclosters must be

cmax}. For each partition, the validity function proveda value such that

the results of the analysis can be compared intifrec

v' The second approach consists of the definition ehlaity function that
evaluates individual clusters of a cluster pantitidgain, cmax has to be
estimated and the cluster analyses have to beedaout forcmax. The
resulting clusters are compared to each other enb#sis of the validity
function. Similar clusters are collected in onestdw; very bad clusters are
eliminated, so the number of clusters is reducdue Pprocedure can be
repeated until there abad clusters.

Different scalar validity measures have been pregas the literature, none of them
is perfect by oneself, and therefore we used skvmtaxes in our Toolbox, which are
described below

1. Partition Coefficient{PC): measures the amount of "overlapping" between

clusters.

It is described below:
_1iey 2
PC(c) = _ZZ(MJ) (12)
N = j=1
Where |4 is the membership of data poinin clusteri. The disadvantage of PC is
lack of direct connection to some property of thetadthemselves. The optimal

number of cluster is at the maximum value.

2. Classification Entropy (CE)t measures the fuzziness of the cluster partition
only, which is similar to the Partition Coefficient

mr
S 1 Z"A Z [y
r‘ 'E'II.':I.II = _P'\-_'- H.JTE(JF'III.H'JJCJI'

i=1 j=1

(13)
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3. Partition Index (SC)is the ratio of the sum of compactness and separaf

the clusters. It is a sum of individual clusterig&y measures normalized through

division by the fuzzy cardinality of each cluster.

N

o 2 ()" % [
SC(0) =) 15— (14)
= Ni Vi _Vi||2

k=1
SC is useful when comparing different partitionsihg equal number of clusters. A

lower valueof SC indicates a better partition.

4. Separation Index (Syn the contrary of partition index (SC), the segian

index uses a minimum-distance separation for pamtitalidity.

c N ) 2

. Z(,Uij) X, =V

S(c) =21 . (15)
N min, Hvk -v|

5. Xie and Beni's Index (XBit aims to quantify the ratio of the total variatio
within clusters and the separation of clusters.

c N

2 ()"

XB(c) === .
N min, | ij -v|

X; _Vi”2

(16)

The optimal number of clusters should minimizevhkie of the index.
6. Dunn's Index (Dl)this index is originally proposed to use at thenidfication
of "compact and well separated clusters”. So tiselreof the clustering has to be
recalculated as it was a hard partition algorithm.
minxmci,ymcj d(x,y) X
} 17)
max {ma)&.ymc d X,y )}

The main drawback of Dunn's index is computatiosiace calculating becomes

DI (c) = min,{min chi¢j{

computationally very expansive as ¢ and N increase.
7. Alternative Dunn Index (ADI)The aim of modifying the original Dunn's

index was that the calculation becomes simpler, nwtiee dissimilarity function
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between two cluster{™itzcoyyecydl=.4)) js rated in value from beneath by the
triangle-non equality:
d(x,y)2[d(y,v;)-d(x.v;)] (18)
Wherey; is the cluster center of thh cluster.
The only difference o8C, SandXB is the approach of the separation of clustershén t
case of overlapped clusters the valueBloAndADI are not really reliable because of re-
partitioning the results with the hard partitionthu.

3.6.7 Taxonomy of clustering

At the very high end of the overall taxonomy we ision two main categories of
clustering, known as hierarchical and objectivecfion-based clustering. Different
approaches to clustering data can be describedthsgttnelp of the hierarchy shown in
figure. At the top level, there is a distinctiontween hierarchical and partitional
approaches (hierarchical methods produce a nestexbs ©f partitions, while partitional

methods produce only one). These two clusteringhatst are further sub divided as

shown in figure below.

Figure 3.5: Taxonomy of Clustering Approaches

3.6.8 Types of Clustering
The taxonomy shown in Figure above must be suppitedeby a discussion of cross-

cutting issues that may (in principle) affect diltbe different approaches regardless of
their placement in the taxonomy.
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3.6.8.1 Agglomerative vs. Divisive

This aspect relates to algorithmic structure anéragon. An agglomerative
approach begins with each pattern in a distinatg(ston) cluster, and successively
merges clusters together until a stopping critersomatisfied. A divisive method begins
with all patterns in a single cluster and perfospstting until a stopping criterion is met.
3.6.8.2 Monothetic vs. Polythetic

This aspect relates to the sequential or simultameasse of features in the
clustering process. Most algorithms are polythetingt is, all features enter into the
computation of distances between patterns, andidesi are based on those distances. A
simple monothetic algorithm considers features eetjally to divide the given collection
of patterns. Here, the collection is divided intetgroups using featurel; the vertical
broken line V is the separating line. Each of thedesters is further divided
independently using featus®, as depicted by the broken lind& andH2. The major
problem with this algorithm is that it generatesclusters wherel is the dimensionality
of the patterns. For large values of(d . 100 is typical in information retrieval
applications ), the number of clusters generatethisyalgorithm is so large that the data

set is divided into uninterestingly small and fragited clusters.
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Figure 3.6: Monothetic partitional clustering
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3.6.8.3 Hard vs. Fuzzy

A hard clustering algorithm allocates each patterm single cluster during its
operation and in its output. A fuzzy clustering heet assigns degrees of membership in
several clusters to each input pattern. A fuzzysteling can be converted to a hard
clustering by assigning each pattern to the clustgh the largest measure of
membership.
3.6.8.4 Deterministic vs. Stochastic

This issue is most relevant to partitional appreacklesigned to optimize a
squared error function. This optimization can becoatplished using traditional
techniques or through a random search of the Saéee consisting of all possible
labeling.
3.6.8.5 Incremental vs. Non-incremental

This issue arises when the pattern set to be chakis large, and constraints on
execution time or memory space affect the architecbf the algorithm. The early
history of clustering methodology does not contamany examples of clustering
algorithms designed to work with large data setd, the advent of data mining has
fostered the development of clustering algorithimat tminimize the number of scans
through the pattern set, reduce the number of npattexamined during execution, or

reduce the size of data structures used in theitigos operations.

3.6.9 Hierarchical Clustering Algorithms

The clustering techniques in this category prodacgraphic representation of
data.The construction of graphs (as these methods refieastructure by considering
each individual pattern) is done in two ways: bottop and top-down. The other names
used reflect the way a structure is revealed. I lottom-up mode known as an
agglomerative approach, we treat each pattern amgle-element cluster and then
successively merge the closest clusters. At eash lathe algorithm, we merge the two
closest clusters. The process is repeated untjet/¢o a single data set or reach a certain
predefined threshold value. The top-down approkcbwn as a divisive approach, works
in the opposite direction: we start with the entist treated as a single cluster and keep

splitting it into smaller clusters. Considering thature of the process, these methods are
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often computationally inefficient, with the poss&béxception of patterns with binary
variables. The results of hierarchical clusterimg asually represented in the form of
dendrograms. Dendrograms are visually appealiaglgeal constructs: they show how
difficult it is to merge two clusters. The distargmale shown at the right-hand side of the
graph helps us quantify the distance between thgters. This implies a simple stopping
criterion: given a certain threshold value of thstahce, we stop merging the clusters
once the distance between them exceeds this thdesmeaning that merging two
distinct structures does not seem to be feasillle.operation of a hierarchical clustering
algorithm is illustrated using the two-dimensiodaka set in Figure. This figure depicts
seven patterns labeled A, B, C, D, E, F, and Giied clusters. A hierarchical algorithm
yields a dendrogramepresenting the nested grouping of patterns andasity levels at
which groupings change. The dendrogram can be breakedifferent levels to yield

different clustering’s of the data.

X
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Figure 3.7: Points falling in three clusters.

An important issue is how to measure the distaratevden two clusters. Note that we
have discussed how to express the distance betimeepatterns. Here, as each cluster

may contain many patterns, computation of the degtas neither obvious nor unique.
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Figure 3.8: The dendrogram obtained using the sthigk algorithm.

Consider two clustersh andB, illustrated in Figure below. Let us describe the
distance byd(A, B) and denote the number of patternsAinand B by nl and n2,
respectively. Intuitively, we can easily envisidmree typical ways of computing the
distance between the two clusters.
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Figure 3.9: A dendrogram as a visualization ofdtracture of patterns
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3.6.10 Single-Link Method
The distance&l(A,B) is based on the minimal distance between theneitt
belonging toA andB. It is computed in the form
d(A B) =min g, 5 d(X,Y)
In essence, the distance supports a sort of ragicgitimistic’ mode of expressing

vicinity between clusters where we get involved dlosest patterns located in different
clusters. Clustering based on this distance isobtiee most commonly used methods.

() ()

Figure 3.10: Two clusters and three main ways affating the
(a) Single link, (b) complete link, and (c) group awggdink.
3.6.11 Complete-Link Method
This method is at the opposite end of the spectasit, is based on the distance between
the two farthest patterns belonging to two clusters

d(A B) = max, 5 d(X,Y) (19)

3.6.12 Group Average Link Method
In contrast to the two previous approaches, wheralistance is determined on

the basis of extreme values of the distance functlis method considers the average
between the distances computed between all papattdrns, one from each cluster. We
have

1

AAB) = rd(Acard(®) x%;;"x’ ) (20)

Most hierarchical clustering algorithms are varsaot the single-link, complete-link, and

minimum-variance algorithms. Of these, the singi&-bBnd complete link algorithms are
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most popular. These two algorithms differ in theywhey characterize the similarity
between a pair of clusters. In the single-link noeththe distance between two clusters is
the minimumof the distances between all pairs of patterns driram the two clusters
(one pattern from the first cluster, the other frdne second). In the complete-link
algorithm, the distance between two clusters isntheimum of all pair wise distances
between patterns in the two clusters. In eitheectso clusters are merged to form a

larger cluster based on minimum distance criteria.

Y
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X
Figure 3.11: Two concentric clusters.
The complete-link algorithm produces tightly bduor compact clusters. The
single-link algorithm, by contrast, suffers fromchaining effect. It has a tendency to

produce clusters that are straggly or elongateérélare two clusters in Figures below,
separated by a “bridge” of noisy patterns.
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Figure 3.12: A single-link clustering of a patteset containing two classes (1 and 2)

connected by a chain of noisy patterns (*).
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The single-link algorithm produces the clustersvamdin figure 3.12, whereas the
complete-link algorithm obtains the clustering show figure 3.13. The clusters
obtained by the complete link algorithm are morenpact than those obtained by the
single-link algorithm; the cluster labeled 1 ob&nusing the single-link algorithm is
elongated because of the noisy patterns labeled Tt single-link algorithm is more

versatile than the complete-link algorithm.
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Figure 3.13: A complete-link clustering of a pattset containing two classes (1 and 2)
connected by a chain of noisy patterns (*).

However, from a pragmatic viewpoint, it has beersesbed that the complete link

algorithm produces more useful hierarchies in mapplications than the single-link

algorithm.

3.7 Graph-Theoretic Clustering:

The best-known graph-theoretic divisive clusteriafgorithm is based on
construction of the minimal spanning tree(MST) loé data , and then deleting the MST
edges with the largest lengths to generate clustamre below depicts the MST
obtained from nine two-dimensional points. By biagkthe link labeled CD with a
length of 6 units (the edge with the maximum Euezdid length), two clusters ({A, B, C}
and {D, E, F, G, H, I}) are obtained. The secondstér can be further divided into two
clusters by breaking the edge EF, which has a hen§t4.5 units. The hierarchical

approaches are also related to graph-theoretitecing.
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%
Figure 3.14: Use of the minimal spanning tree tonfolusters.

Single-link clusters are sub-graphs of the minimspanning tree of the data
which are also the connected components. Compiéteslusters are maximal complete
subgraphs, and are related to the node color yahfitgraphs. The maximal complete
subgraph was considered the strictest definitioa cluster. A graph-oriented approach is
used for non-hierarchical structures and overlagppinstersThe Delaunay grap(DG)
is obtained by connecting all the pairs of poirtattare Voronoi neighbors. The DG
contains all the neighborhood information containadthe MST and the relative
neighborhood graph (RNG).

3.8 Nearest Neighbor Clustering

Since proximity plays a key role in our intuitiveotiron of a cluster, nearest
neighbor distances can serve as the basis of chugtgrocedures. An iterative procedure;
it assigns each unlabeled pattern to the clustatsofiearest labeled neighbor pattern,
provided the distance to that labeled neighboelsws a threshold. The process continues
until all patterns are labeled or no additionalelaky occurs. The mutual neighborhood
value (described earlier in the context of distac@maputation) can also be used to grow

clusters from near neighbors.

3.9 Representation of Clusters

In applications where the number of classes ortetssin a data set must be
discovered, a partition of the data set is the mrodluct. Here, a partition gives an idea
about the separability of the data points into teltssand whether it is meaningful to
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employ a supervised classifier that assumes a giwenber of classes in the data set.
However, in many other applications that involveid®n making, the resulting clusters
have to be represented or described in a companttim achievedata abstraction. Even
though the construction of a cluster representaitoran important step in decision
making, it has not been examined closely by rebeand the following representation
schemes were suggested:

(1) Represent a cluster of points by their centroithypa set of distant points in the

cluster. Figure below depicts these two ideas.
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By The Centroid Bv Three Distant Points

Figure 3.15: Representation of a cluster by points

For example, the expressioX;$3] [X. <2] in Figure above stands for the logical
statementX1 is greater than 3nd X2 is less than 2'. Use of the centroid to represent
cluster is the most popular scheme. It works wellew the clusters are compact or
isotropic. However, when the clusters are elongatedon-isotropic, then this scheme
fails to represent them properly. In such a cdsepuse of a collection of boundary points
in a cluster captures its shape well. The numbepaafts used to represent a cluster
should increase as the complexity of its shapesas®s. An important limitation of the
typical use of the simple conjunctive concept reprgations is that they can describe
only rectangular or isotropic clusters in the featapace. Data abstraction is useful in
decision making because of the following:

(1) It gives a simple and intuitive descriptionabdisters which is easy for human

comprehension. In both conceptual clustering andhbsjic clustering, this

representation is obtained without using an adufticstep. These algorithms

generate the clusters as well as their descriptidnset of fuzzy rules can be
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obtained from fuzzy clusters of a data set. Thakssrcan be used to build fuzzy

classifiers and fuzzy controllers.
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Figure 3.16: Representation of clusters by a diaation tree

A partitional clustering like thé&k-means algorithm cannot separate these two
structures properly. The single-link algorithm wsrkvell on this data, but is
computationally expensive. So a hybrid approach maysed to exploit the desirable
properties of both these algorithms. We obtain B slusters of the data using the
(computationally efficientk-means algorithm. Now the single-link algorithm che
applied on these centroids alone to cluster tham2ngroups. Here, a data reduction is
achieved
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Figure 3.17: Data compression by clustering.
3.10 Square Error Clustering

The main objective of square error clustering i®ltain partition which for a fixed

number of clusters minimizes the square error.thete is a given set of n data in d
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dimensions has to be partitioned in to K clus@rs{c, c,, C,.....c,} such that Ck has nk

K
objects and each object is in one cluster only mahz n =n (21)
k=1

The mean vector or center of clusteri€defined as the centroid of cluster
K _i . k 22
m'==7%x (22)
nk i=1
X< is the 1" object belonging to cluster,CThe square error for clusteg & the sum

of the squared Euclidean distance between eacktabj& and its cluster center‘mirhe

squared error is represented by

6= (- ' () @)

The square error of entire clustering containinglisters is the sum of the within cluster

variation and is represented by
E:=>¢ (24)

3.11 K-Means Clustering

LetX ={x, X, X5.....X, }iS @ set of n dimensional objects to be clusteredoi k
clusters represented By={c,c, C,.....c.}. K Means clustering algorithm finds a

partition such that the squared error between ingirecal mean of the cluster and points

in the cluster is minimized. Letis the mean of clustex.cThe squared error betweep |

and g is defined as)(c,) = > |x - 4| (25)

% 0c,
The objective of K means algorithm is to minimibe sum of squared error over all
K
K clusters. So the minimization function is writtes J(C) =>" > |x - i’ (26)
k=1 % ey
Minimizing this objective function is known to be &P-hard problem (even for K =
2). Thus K-means, which is a greedy algorithm, ealy converge to a local minimum,
even though recent study has shown with a largkaiibty K-means could converge to
the global optimum when clusters are well separaketheans starts with an initial

partition with Kclusters and assign patterns to clusters so adit@e the squared error.
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Since the squared error always decrease with aeagse in the number of clusters K
(with J(C) = Owhen K = n), it can be minimized only for a fixedmber of clusters. The
main steps of K-means algorithm are as follows

3.12 Algorithm of K means algorithm

1. Select K points as initial centroids
2. Repeat
3. Form K clusters by assigning each point tolitse&st centroid
4. Recompute the centroid of each cluster
5. Until centroid do not change
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(a) lteration 1. (b) Iteration 2. (c) Iteration 3. (d) Tteration 4.

Figure 3.18: Different iteration to find out 3 cless of a sample data
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Figure 3.19: K-Means algorithm implemented in sagdta
The simple K-means partitional clustering algorithdescribed above is
computationally efficient and gives surprisinglyogloresults if the clusters are compact,
hyperspherical in shape and well-separated in #aufe space. If the Mahalanobis
distance is used in defining the squared erron the algorithm is even able to detect
hyperellipsoidal shaped clusters. Numerous atterhpte been made to improve the
performance of the basic K-means algorithm by
1. Incorporating a fuzzy criterion function, resultimg a fuzzy K-means (or c-
means) algorithm,
2. Using genetic algorithms, simulated annealing, ri@t@stic annealing, and tabu
search to clustering Algorithms optimize the rasglpartition
3. Mapping it onto a neural network for possibly efitt implementation.
However, many of these so-called enhancements éoKdmeans algorithm are
computationally demanding and require additionarispecified parameters for which
no general guidelines are available. A combinatbralgorithmic enhancements to a

square-error clustering algorithm and distributadrthe computations over a network of
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workstations can be used to cluster hundreds afstnads of multidimensional patterns in
just a few minutes.
Summary

In this chapter we discuss some traditional datsteling techniques and issue of
data clustering in many applications. A distancenanly the basic tool for measuring
the clustering algorithm and many distance formdlase been discussed. In this we
really discuss that how the distance play a mdm irodistinguish the vector that which
data vectors are in which clusters. At last wewsadhe K Means algorithm which main

objective is how to minimize the sum of squaredroverall K cluster.
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CHAPTER 4
OVERVIEW OF ARTIFICIAL INTELLIGENCE TECHNIQUES

4.1 Introduction

From beginning artificial intelligence is widely et in various domains so as to
get a better solution. In majority of the casesgaechers got much better results when
they applied artificial intelligence algorithms iwarious engineering problems.
Engineering problems have shown remarkable enhamem performance and also
efficiency when different artificial intelligence¢hniques were applied in comparison to
conventional techniques. There are three basiadwnin artificial intelligence viz fuzzy
logic, artificial neural network and optimizatioechniques.

There is a wide variety of engineering applicatidhese algorithms and their
techniqgues have been applied to almost every eegnte discipline. Presently, these
technigues are applied on data mining, image psitgsbio informatics, digital signal
processing, measurement of concrete beams, vibratialysis, machine vision, machine
control, navigation and communication equipment.
4.2Fuzzy Logic

Fuzzy Logic is extension of Boolean logic. It ingorates partial values of truth.
Instead of sentences being "Completely True" omi@letely False," Here in fuzzy logic
they are assigned a value which represents thgnedeof truthness. In fuzzy systems,
values are indicated by a number called as truiihrevdt lies in the range from 0 to 1. 0.0
represents absolute falseness and 1.0 represeswutab truth. Fuzzification is
generalization of theory from discrete to continsiouzzy logic is important to artificial
intelligence. Fuzzy logic allows computers to ansiteea certain degree' unlike Boolean
logic (one extreme or the other). Computers arewat to think more ‘human-like'.
Nothing in our perception is extreme. However,sittiue only to a certain degree. In
fuzzy logic, machines think in degrees. It can sghvoblems in the cases where there is
no simple mathematical model. Fuzzy logic solveghlyi nonlinear processes. Fuzzy

logic uses expert knowledge to make decisions.
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4.3 History of Fuzzy Logic

Fuzzy logic was first invented as a representasidmeme. It acts as calculus for
uncertain or vague notions. It allows more humée-interpretations. Fuzzy logic has
put reasoning in machines by resolving intermedcaiegories between notations like
true/false, hot/cold etc. Fuzzy logic is a problsaiving control system methodology. It
lends itself to implementation in systems rangiranf small, simple, embedded micro-
controllers to large, multi-channel, networked POnorkstation-based data acquisition
control systems etc. It can be implemented in saiwhardware, or a combination of
both. Fuzzy logic provides a simple way to arrive alefinite conclusion. Conclusion is
based upon ambiguous or vague, noisy, imprecisajisging input information. Fuzzy
logic's approach to control problems simply mimicsv a person will make efficient
decisions much faster.

In 1965, Professor L.A. Zadeh of the UniversityQd#lifornia, Berkely presented his
seminal paper outlining fuzzy theory. In this paperintroduced fuzzy set theory and
operation, fuzzy logic based controller etc. In Q9flizzy logic theory began to produce
result in Japan, China and Europe. In 1987 sixstation subway railway system was
built. It worked with a fuzzy logic-based automatiain operation control system in
Sendai, Japan. The ride of train is so smoothritiats do not need to hold straps. Fuzzy
controller makes 70 percent fewer judgment erraradceleration and braking. Fuzzy
logic is a powerful problem-solving methodology. Has myriad of applications in
embedded information processing and control. Fyzoyides remarkably simple and
definite conclusions. Conclusions are made fromueagambiguous and imprecise
information. Fuzzy logic resembles human decisiakimg. It has ability to work from
approximate data. It finds precise solutions. Gtas$ogic requires a deep understanding
of a system, exact equations, and precise numetliges. Fuzzy logic provides an
alternative way of thinking. Fuzzy logic allows nadidg complex systems while using a
higher level of abstraction that originates fronowedge and experience. Fuzzy logic
expresses knowledge with subjective concept likghbrred, very hot, long time, very

quick etc. are mapped into exact numeric ranges.
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4.4 Architecture of Fuzzy Logic

Fuzzy logic is new and novel paradigm for an aliéve design methodology.
The fuzzy logic is applied in developing both linend non-linear control systems.
Fuzzy logic provides an alternative solution to +ioear control. It is closer to real
world. Membership functions, rules and the infeeerrocess results in improved
performance, simpler implementation, and reducesilgdecosts. It handles non-linearity
very efficiently. By using fuzzy logic, designerarcrealize superior features, lower
development costs, optimized and better end progectormance. Products can be
brought to market faster and also more cost-effelsti Fuzzy logic is gaining increasing
acceptance for the past couple of years. Thereoage two thousand commercially
available products which use Fuzzy logic like waghinachines, high-current trains etc.
Every application can potentially realize the béseadf Fuzzy logic. These benefits are

simplicity, performance, productivity and lower tos

Fuzzy logic is a simple and flexible. Fuzzy logi@nkles problems with
imprecise, vague and incomplete data. Fuzzy logit model nonlinear functions of
arbitrary complexity. If plant model is not availapor if the system is changing, then
Fuzzy produces better solutions than conventiooalrol techniques. Fuzzy systems
match any set of input-output data. The fuzzy ldgmbox makes it easy by supplying
adaptive techniques like adaptive neuro-fuzzy sriee systems (ANFIS) and fuzzy
subtractive clustering. Fuzzy logic models ardecabs fuzzy inference system. These
model consist of number of conditions i.e "if-themfes. For designer who understands
the system better, these rules can be easily wriEkexible membership function scheme
make fuzzy systems quite straightforward to creéfso it simplifies the design of
systems. It ensures that it can be very easily tepldand can be maintained the system
over time. Fuzzy logic has several unique featultes inherently robust. It does not
require precise, noise-free inputs. It can be @ogned to fail safely if a feedback sensor
quits or gets destroyed. The output control is aaincontrol function for a wide range
of input variations. Fuzzy logic controller processuser-defined rules governing the
target control system. Fuzzy logic can be modifeedl tweaked easily in order to

improve or drastically alter the control system fpenance. Sensors can easily be
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incorporated into fuzzy logic system. Just appmprigoverning rules need to be
generated. Fuzzy logic is not limited to a few fesek inputs or control outputs. It is not
necessary to measure or compute rate-of-changeaiameters for implementation.

Sensor data providing some indication of a systeme®Bons and reactions is just
sufficient. Sensors required are inexpensive angragise. Thus it keeps the overall
system cost and its complexity low. Because ofrthe-based operation, a large number
of inputs can be very easily processed and alsoeraus outputs can be generated.
Defining the rule base is complex especially ifrthare too many inputs and outputs and
their interrelations need to be defined. For thisppse control system is broken into
smaller chunks. Several smaller fuzzy logic cdfgrs are used which are distributed on
system. Each fuzzy logic controller has differesgponsibilities. Fuzzy logic can control
nonlinear systems. Non linear systems are difficolt impossible to model

mathematically.

It is quite important to define the control objeets and control criteria. What is
to be controlled? What has to be done to contrel d5stem? What kind of response
should be there? What are the possible failure maadé¢he systems? It is necessary to
determine the input and output relationships. Aimim number of variables are chosen
for input to the fuzzy logic inference engine tygllg error and rate-of-change-of-error.
Using the rule-based structure of fuzzy logic, tlhatrol problem is broken down into a
series of IF X AND Y THEN Z rules. Rules must de&fithe desired system output
response for the given system input conditions. biemand complexity of rules depends
on the number of input parameters be processadsdtdepends upon the number fuzzy
variables associated with each parameter. It iepes to use at least one variable and its
time derivative. A single instantaneous error patemshould be used along with its rate
of change. Fuzzy logic membership functions needeéocreated which define the
meaning (values) of input / output terms that aseduin the rules. System need to be
tested, evaluated for results. Tune the rules ashlership functions. Until satisfactory

results are obtained, retest the system.
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4.5 Type | Fuzzy Set
If X'is the universe of discourse (or universal setstimg of all elements x of
concern in a particular context or applicationntlaefuzzy sef in X is defined as the set
of ordered pairs.
A={x,u,(x) |xOAD X} (27)
U (X) is called membership function of fuzzy set A
My XOA - [0,1] (28)
This concept provides a mathematical way of charathg the fuzzy set. The

membership function of an object specifies the ee@f similarity with the fuzzy set.

1 xX=3
Hios(X) = 55}]2X<3 (29)
0 else
NEG A10
POS
L(x)
ZBRO
- -
-3 -2 -1 0 1 2 3

Figure 4.1: Fuzzy membership values

4.6 Operations of Fuzzy Logic

1. Equality: A=B « u, X)= s X IXUOR, (30)
2. ContainmentA B < p,(X) <tz (X)OXOR, (31)
3. Fuzzy Union:AO B o f,5(X) = max{ £, (X),tg X)) (32)
4. Fuzzy IntersectionAn B « 1, o (X) =min[ £, (X), i (X)] (33)
5. Fuzzy ComplementA o 11 (X) =14, (X) (34)
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Both the law of contradiction and law of excludedldhe do not hold for the fuzzy

sets.

4.7 FuzzyMembership Functions

There are various types of membership functionuzey logic. Some standard

membership functions are given here. Membershigtfons contain the membership
values of elements in fuzzy set. Membership vabaeslie between 0 and 1.

4.7.1 Triangular Membership Function

It is given as
0 x<a
%:E asx<b
triangle(x,a,b,c)=1° " &
X pexsc
c-b
0 c<x

" . 1 1L v -1- — a C — -1-
trianglelx, a, b, c) = max (mm ( ): “)

h—n'r—=h

4.7.2 Trapezoidal Membership Function
It is given as

. . . . (x—a d—x
rm;t}ezo:a{x:a.u.c}=max(mm(, W1, = ),ﬂ)
a1 — a2 a—C

trapezoid(x:a,b,c,d)=

4.7.3 Gaussian Membership Function

It is given as

_E(L‘CJZ
gaussian(x;c,8)=e 2 7

(35)

(36)

(37)

(38)

(39)
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4.7.4 Bell Membership Function

It is given as
1
bell(x, a.b,c) = S —
1+ (40)
i Triangular MF | Trapezoidal MF
1 ‘f I I|I \
205} 1 Fosp \
b |I \
! f
\ | \
0 . \ 0 i - !
0 2 5 8 10 0 2 3 I 9 10
X —»
(a) (b}
; Gauss MF : Generalised Bell MF
AN T
i
.l.ll \ |'|I \I
E { II'l E |I II|
=05+ |Illl I'\ b = 05 |II I'll
ll' I|
/ \ / \
,D _,_/ i \ _./ i \\_
0 5 10 0 5 10
X — Xx—0>
(d)

fc)
Figure 4.2: Various types @lizzy logic membership functions
(a) Triangular Membership

(b) Trapezoidal Membership
(c) Gauss Membership

(d) Generalized Bell Membership
4.8 Fuzzy Inference System
Fuzzy inference systems (FIS) are rule-based sgstdnis based on fuzzy set
theory and fuzzy logic. FIS are mappings from gouinspace to an output space. FIS
allows constructing structures which are used teegete responses (outputs) for certain
stimulations (inputs). Response of FIS is basedstumed knowledge (relationships

between responses and stimulations). Knowledgé¢orgd in the form of a rule base.
Rule base is a set of rules. Rule base expreds¢i®ms between inputs of system and its

expected outputs.
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Knowledge is obtained by eliciting information frospecialists. These systems
are usually known as fuzzy expert systems. Anoteenmon denomination for FIS is
fuzzy knowledge-based systems. It is also calledada-driven fuzzy systems. FIS are
usually divided in two categories viz. multiple utpand multiple output (MIMO)
systems and Multiple Input and Single Output (MIS§ktems, the system returns
several outputs based on the inputs which it reseiMultiple input and single output
(MISO) systems are those where only one outpugtismed from multiple inputs. MIMO
systems are decomposed into a set of MISO systdnthwork in parallel. In terms of
inference process there are two main classes oWviglS3he Mamdani-type FIS and the
Takagi-Sugeno- Kang (TSK) type FIS. TSK FIS is alatbed as Sugeno FIS.

F—————— = = = = = = = = ———— 1
| knowledge base I
I ¢ data base rule base } |
Input | | Output
| | fuzzifier defuzzifier | —-
| |
| > inference . A |
I (fuzzy) unit (fuzzy) I
L e e e e e e e e e o o e — — — — —— — d

Figure 4.3: Block diagram otifzy logic System
4.9 Mamdani Type FIS

In mamdani based fuzzy inference system, inputsoatplit have an If-then rules.
A typical rule in a mamdani fuzzy model is: IF XNgegative Big AND Y is Negative
Small THEN Z is Zero

Fuzzy Rule Base
R':IF x,iSA' AND... AND x_isA. THEN y'isB
R"-IF v ic A" ANID AND v ic A"THFN \"ic R

—>| Fuzzifier I I Defuzzifier |—>

xinU yinV

Fuzzy Inference Engine
IF xisATHEN yisB} o
yisB

Fuzzy sets in vie A’

Fuzzy sets in
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Figure 4.4: Mamdani based fuzzy inference system
4.10 Sugeno Type FIS
Sugeno-type systems are used to model any infereystem in which output
membership functions are either linear or const@ihis fuzzy inference system was
introduced in 1985. It is also called as Takagi€uwgKang. Sugeno output membership
functions (z) are either linear or constant. A tgpirule in a Sugeno fuzzy model is:
If Input 1 = x and Input 2 =y, then Output is ax+ by + ¢

For a zero-order Sugeno model, the output levelazdonstant (a=b =0).

R“:IF xisA'AND...AND x,isAL| o', )}
THEN y'=c; + 0 + G X,

A 4
»I Fuzz'fler il EEEER * ........... EEEEEEER I4 Welghted AVerag*
L R":IF xiSA” AND... AND X, iSA" _T

THEN y"=c +¢['x +Cl X, a )y

Figure 4.5: Sugeno type fuzzy inference System

Both Sugeno and Mamdani FIS can be used to perfbersimilar tasks. Rule
base and fuzzification remain same for the vargmbldere are various defuzzifiers that
can be chosen for a Mamdani FIS. These defuzziéilss originate similar results in a
Sugeno FIS. There is a certain overlap between typés of systems. Mamdani FIS is
more widely used. It is used for decision suppe@pligations, because its intuitive and
interpretable nature. Consequents of the rules Bugeno FIS do not have a direct
semantic mean. This means that they are not lihnguesms. Also, this interpretability is
partially lost. Sugeno FIS rules consequents came maany parameters per rule as per
input values. Thus, Sugeno FIS gets translatednmaiiee degrees of freedom in its design
as compared to Mamdani FIS. Thus it provides miepaldility. Many parameters can be
used in the consequents of the rules of a Suge8o Alzero order Sugeno FIS can
reasonably approximate a Mamdani FIS. In computatiterms, a Sugeno FIS is more

efficient than a Mamdani FIS. It is so because; eébog FIS does not involve
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computationally expensive defuzzification procedso, a Sugeno FIS always generates
continuous surfaces. The continuity of the outputfate is quite important. Any
existence of discontinuities will result in similzputs originating substantially different
outputs. It will be a situation which is undesigblrom the control/ monitoring
perspective. Because of continuous structure gbuduunctions, a Sugeno FIS is also

better and adequate for functional analysis thitamdani FIS.

4.11 Fuzzy Cartesian product and Composition
Let R be a relation that relates elements fromensi X to universe Y. Let S be
the relation that relates elements from universe Yiniverse Z. Let T relates the same
elements in universe that R contains to the saramezits in the universe Z that S
contains. The two methods of the composition oprare:
— Max—min composition,
— Max—product composition.
The max—min composition is defined by the set-taeorand membership function
theoretic expressions:
T =RoS (41)
Xr(%2)=V (Xe (X ¥) D Xs(.5))- (42)

The max—product composition is defined by the Bebtetic and membership function-
theoretic expressions:
T =RoS (43)
Xr(%2)= YV (Xe(X,¥)* Xs(Y.5)). (44)

Let A be a fuzzy set on universe X and B be a fisstyon universe Y, then the Cartesian
product between fuzzy sets A and B will result ifuazy relation R which is contained
with the full Cartesian product space or

AxB=ROXxY, (45)

where the fuzzy relation R has the membership fanct

He(X,Y) = Hiag (%, Y) = Min( 42, (), 145 () - (46)
Each fuzzy set could be thought of as a vector efmbership values; each value

associated with a particular element in each samt.ekample, for fuzzy set A that has
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four element, hence column vector sieland for fuzzy set (vector) B that has the five
element, hence the row vectorlef. The resulting fuzzy relationship R will be
represented by a matrix of siZex5i.e. R will have four rows and five columns.
4.12 Defuzzification Techniques

Defuzzification converts the fuzzy outputs back dosp values. There are
different defuzzification methods given as

1. Max Membershipi,(z*) = (2 forallzOZ (47)
7).zdz
2. Centroid z :J.'UCL (48)
[ 1 (2)dz
3. Weighted average 4 :M (49)
D ()
4. Mean-Max Z = a;b (50)
[EDIACL
5. Center of Sum =z (51)
[ 2 p(2)0z
7 k=1
z)zdz
6. Center of Largest Area z =M (52)
[ 1 (2)dz

4.13 Principles of Fuzzy Logic

Fuzzy logic is not really “fuzzy”. A fuzzy contr@lt has a set of rules that is used to
calculate the final control action. Each rule msgliistic expression about the control
action to be taken in response to a given set@gss conditions. The condition may
include ‘AND’ and ‘OR’ condition, e.g. If set poimg positive big and error change is
positive small than actuator output is negative big

The step for designing a simple fuzzy logic consydtem is as follows:-

1. Identify the variables (Input, states, and ot)tplithe plant.

2. Partition the universe of discourse or the wdakspanned by each variable into a

number of fuzzy subsets, assigning each a linguahiels.(subset includes all the

elements in the universe).
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3. Assign or determine a membership function fahdazzy subset.

4. Assign the fuzzy relationship between the ‘igbot the ‘states’ fuzzy subsets on
the one hand and the ‘output’ fuzzy subsets omtherhand, thus forming the
rule base.

5. Choose appropriate scaling factor for the irgnd variables in order to
normalize the variable to the [0,1] or [-1,1] intak:

6. Fuzzily the inputs to the controller.

7. Use fuzzy appropriate reasoning to input th@uatutontributed from each rule.

8. Aggregate the fuzzy outputs recommended by rdeh

9. Apply defuzzification to form a crisp outp

Summary

In this chapter fuzzy logic is discussed in whioh eiscuss all the architecture of
the fuzzy logic in which how to create rules, makimembership function, different
types of membership function, type | fuzzy set,zfumference system, types of fuzzy
system, fuzzy Cartesian product and max-min coniposiAt last we discussed the

defuzzifications techniques and the method to lgetcrisp value from the fuzzy value.
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CHAPTER 5
Al BASED DATA CLUSTERING TECHNIQUES

5.1 Introduction

In traditional clustering algorithm, one objectaissigned in to only one cluster. This
is valid till the clusters are disjoint and separaBut if the clusters are touching each
other or they are overlapping, then one objectlbeang to more than one cluster. In this
case fuzzy clustering comes in to existence.

In fuzzy clustering, one object can be clusterethare than one cluster according to
the degree of membership function.

Let a set of objects X ={x,X,X;....X,} has to be clustered in to
C={c,c,C;.....C.}. O(X,C) denote the similarity between object x and clu§eilhe

membership function for object x and clusteisOepresented by the following equation

fe (x) = PO.C)

2. R3(x.C,)

(53)

P, =D is the relative size of cluster,CThis membership function is non negative.
n

Membership function can also be expressed in tesmg&uclidian distance. This is

represented in following equation
1
1-| = |d(x,m"
5ol
1 _
K—(JZd(x,m')
B)5

d (x, mk) represent the Euclidian distance between vecgmroxcentroid rhof cluster G.

(54)

f6, () =

 denotes the belongingness.

Traditional clustering approaches generate panmstion a partition, each pattern
belongs to one and only one cluster. Hence, th&tetisi in a hard clustering are disjoint.
Fuzzy clustering extends this notion to associatsh gattern with every cluster using a
membership function. The output of such algorithena clustering, but not a partition.

Contrary to other methods of clustering, the fuzlnstering methods provide a number
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of membership values that indicate the degree ahipeeship of the different samples to
the different groups. These values can be very itapbfor understanding the data and
for assessing how natural the groups are. Othehadstlike for instance hierarchical
clustering methods give crisp groups as resultthe membership values are either O or
1.

The binary character of partitions described so ey not always be a
convincing representation of the structure of dalansider the set of two-dimensional
patterns illustrated in figure 5.1. While we casiBadetect three clusters, their character
is different. The first one is quite compact, witighly concentrated patterns. The other
two exhibit completely different structures. Thene dar less condensed, with several
patterns whose allocation to a given cluster mayabdess certain. In fact, we may be
tempted to allocate them to two clusters with vagydegrees of membership. This
simple and appealing idea forms a cornerstone nfyfisets—collections of elements
with partial membership in several categories. Wsstrated in Figure below, the two
identified patterns could easily belong to sevehasters.

These situations of partial membership occur gaften. Structures (clusters)
may not be well separated for a variety of reasdisere may be noise or lack of
discriminatory power of the feature space in whilcld patterns are represented. Some
patterns could be genuine outliers. Some of theatdcbe borderline cases and thus are
difficult to classify. As a result, they may recquiifar greater attention. A clustering
algorithm that could easily provide detailed insighto the membership grades of the
patterns could be a genuine asset. Let us assumhé¢hik is true and that the partition

matrix now consists of grades of membership distat in the unit interval.
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Figure 5.1: Three clusters with patterns of partiembership (belongingness) in the
clusters. The patterns of borderline charactepanated to by the arrows.
For the data in Figure above, the partition matoxnes with the entries shown.
The results are highly appealing, and they fulex our intuitive observations: patterns
6 and 7 have a borderline character, with membemgtaides in one of the clusters at the

0.5 level. The values in the partition matrix quigthe effect of partial membership.

Figure 5.2: Star diagram of the fuzzy partition rxat
It seems similar to the one guiding the optimizatd the Boolean (two-valued) partition
matrix with only one significant exception: we cales U to be a fuzzy patrtition, viz., a
matrix with the entries confined to the unit int@rvthat satisfies two important

requirements:
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» The clusters are nontrivial. For each cluster (1, 2,. . ., ¢) we end up with a
nonempty construct that does not include all paster
» The total membership grades sum to 1, so theilgliton of belongingness is
equal to 1.
The membership values are here denoted by uij endadlected in a matrix denoted by
U. Each line in U corresponds to a sample and ealtimn to a group. Thejwalues in
each line sum to 1. This means that the membensdliyges of each sample (i) to the
different groups (j) sum to 1. The number of samdedenoted by N and the number of
groups by C. The number C has to be fixed durimgyclustering. However, different
choices of C can be tested and the one with thierbgglts can be selected. Indices have
been developed for studying the quality of thetspl. As for any other clustering
method, fuzzy clustering is based on a distancesurealn classical applications and
theory, the distances are either Euclidean or Matwddis distances (in the whole space or
in a subspace). For this introductory section weuae that the distance is Euclidean or
Mahalanobis with the same fixed covariance matoixdll groups.There exist several
fuzzy clustering algorithms. For example, if we sioler the so called fuzzy k-means

algorithm. This is based on minimizing the follogiariterion:

1233 u; 5
j=1 i=1
The user can determine the parameter Inin the exponent of u. An m equal to 1

gives crisp subsets, while larger values of m duay subgroups which also may be
more robust to outliers. A much used value is mHE#s will be used for the rest of the
thesis. Note that minimization of the J-criterian natural because small values of u
combined with large values of D (and vice versa)favored
5.2 Fuzzy C Means

Fuzzy C Means (FCM) is a feature clustering teamaigtherein each feature point
belongs to a cluster by some degree that is spddily a membership grade. These kind
of clustering algorithms are known as objectivection based clustering. Given M
dimensional database of sizewhere Nis the total number of feature vectors andsM
the dimension of each feature vector. FCM assigmsyefeature vector a membership

grade for each cluster. The problem is to partitiom database based on some fuzziness
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criteria using membership values. To find membgrsfalues, the partition matrix of
size N x Cis calculated that defines membership degrees i &ature vector. The
values 0 and 1 in Unhdicate no membership and full membership respelsti Grades
between 0 and 1 indicate that the feature point gatial membership in a cluster.
Looking at the picture, we may identify two clustedn proximity of the two data
concentrations. We will refer to them using “A” af#’. In the first approach shown in
this tutorial - the k-means algorithm - we ass@tdatach datum to a specific centroid,;

therefore, this membership function looked likesthi

1Tl raembership fimetion)
A

A B

Figure 5.3: Hard or crisp clustering of data
In the FCM approach, instead, the same given dags not belong exclusively to a
well defined cluster, but it can be placed in adfedway. In this case, the membership
function follows a smoother line to indicate thateley datum may belong to several

clusters with different values of the membershigftaent.
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Il grembership fimiction)
F 3

...-:. . .;.:\:....B... .

Figure 5.4: Membership of data in fuzzy clustering

The following steps are involved in training theatsse using FCM technique
5.2.1 Initialization of the partition matrix
Initially a fuzzy partition matrix Us generated that is of size N x ¢, wheiie sumber of

C
clusters and Nk total number of feature vectors. Subject todbwstraint thatZU” =1
j=1

5.2.2 Calculation of fuzzy centers
The fuzzy centers are calculated using the pantiiatrix generated
N
2"
C =5—— (56)
ZUu”‘
i=1

wherem> 1 is a fuzzification exponent. The larger the eadim the fuzzier the solution
will be. This indicates the number of iterationsttis required for clustering. xs ith
feature vector. The value ofranges from 1 tdN (total number of templates in the

database).
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5.2.3 Updating membership and cluster centers

FCM is an iteration loop. The method of clusterisgbased on minimization of the
N C 2

objective function defined by => > U H)g ~c, H (57)
i=1 j=1

Uij describes the degree of member of featurexgetvith clustercj. ||*|| represents norm
betweerxi and cluster centey given bny -C HZ = ()g -C )T A()g —c].) (58)

where A is identity matrix for Euclidean distance used heit every iteration the
membership matrix is updated using

U, = 1 (59)

ZLHX —chJm-l

=[x -

The revised membership matrix is used for updatiegcluster centers.

The iteration will stop whemax; {‘Ui;’”l —Ui;“‘} <& (60)

wheree is a termination criteria. The value ofanges between 0 and 1.
5.3 Algorithm
1. Fix 1 <m <oo, initial partition matrix U (N x c¢) and terminaticcriteria
. Calculate fuzzy cluster centers

2
3. Update membership matrix
4

. Calculate change in membership functits HU ™ -U mH = max, ‘Ui;“*l —Ui;“‘

If A<g then setm =m+1 and go to step 2
Or else stop
5.4 Possibilistic C-Means (PCM)
PCM constitutes a more robust algorithm that redatkee constraint causing the
relative definition of membership degrees in FCMeTir codficients they are based on,

usually denoted tir, measure the absolute resemmdlaptween data points and cluster

centers.

1 -1

2 \m1
t. = 1+($J (61)
1],
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wherenr is a parameter that evaluates the cluster diarnaet can be defined a priori or
defined from initialisations. Outliers, that arer faway from all clusters are then
associated with small weights for all clusters #mes do not influence their parameters.
PCM suffers from a coincident cluster problem: ame cases, clusters are confounded
whereas natural subgroups in the data are overtbdkereover, it has been shown that
the objective function global minimum is obtainedhem all clusters are coincident.
Satisfying results are obtained with PCM becauseofftimization scheme leads to local
minima and not the global minimum. This propertyn@ satisfying from a theoretical
point of view.
5.5 Possibilistic Fuzzy C-Means

To solve the PCM coincident cluster problem, Pallepropose to combine PCM
and FCM: they argue that both possibilistic and foership cofficients are necessary to
perform clustering, respectively to reduce theieuihfluence and to assign data points
to clusters. Therefore, they take into account lyethtive and absolute resemblance to
cluster centres. In the PFCM algorithm, the comtoamais performed through a weighted
sum, in the formf_=au™ +bt™ (62)
Here uir are the membership degrees defined in(5&). and tir the possibilistic co-
efficient defined in eq. (62) withr replaced byr/b. a, b, m1 and m2 are user-defined
parameters.
5.6 Other approaches

There exist many other approaches to solve theingeoluster problem or that of
the outlier sensitivity: the cluster repulsion nwtte.g. includes in the objective function
an additional term to impose repulsion betweentetgsand prevent their merging. The
noise clustering algorithm has a rejecting prodes®utliers or noisy data, McLachlan
and Peel use tstudent distributions to better madeliers thanks to heavier tailed
distributions.
Summary

In this chapter we discussed the artificial ingght based data clustering techniques

and its main features. Fuzzy C Means (FCM) is tufeaclustering technique wherein
each feature point belongs to a cluster by someeddbat is specified by a membership

grade. Possibillistic C Means (PCM) constitutesaamobust algorithm that relaxes the
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constraint causing the relative definition of menshé degrees in FCM. Also there is

some other techniques in which distance is the wmamcerned.
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CHAPTER 6
DISEASE DIAGNOSIS USING DATA CLUSTERING AND FUZZY
INFERENCE MECHANISM

6.1 Introduction

Medical diagnosis refers to the process of attamgpto determine or identify a
possible disease or disorder and the opinion rebbiie¢he process. A medical diagnosis
is an attempt at classification. Just as chemidesngt to classify naturally occurring
elements into a periodic table and biologists gpteta classify plants and animals into
species and genii so too do physicians attemptlassify disease into separate and
distinct categories that allow medical decisiongwbtreatment and prognosis to be
made. Physicians usually begin the diagnostic mdey observing the patient for
specific signs and symptoms and by taking a spelsifitory, e.g. how did these signs and
symptoms come about? Specific signs, symptoms &tarical clues allow the physician
to perform a specific physical examination and orsjgecific diagnostic imaging. The
provider usually formulates a "short list" of ligetliagnoses and may obtain further
testing to confirm or rule-out competing diagnobefore providing treatment. Diagnosis
may be performed by health care providers suchgsysician, dentist, podiatrist, nurse
practitioner, physical therapist or physician dssits. Medical tests commonly
performed are: measuring blood pressure, measghimgse in body, checking the pulse
rate, listening to the heart with a stethoscopefopmance tests such as treadmill
ambulation, vital capacity, balance tests, patholigand neurological tests such as
reflexes, sensation and muscle testing, urine festl tests, saliva tests, blood test,
medical imaging, electrocardiogram, hydrogen bréatshand occasionally biopsy.
Diagnosis and etiology are often used synonymowslyecially since germ theory began
to link causative agents with disease. Later, teeebpment of antibiotics allowed
physicians to treat the cause (pneumonia baciig aure the disease. This effective
linkage of diagnosis with etiology is widely acoegt even by physicians. New
taxonomies of medical classification, however, @b require the etiology of disease in
order to treat the patient. For instance, a commisorder such as pneumonia was

nevertheless used as a diagnosis before the gewnytivas accepted, and the disease
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was defined as a complex of many symptoms congisifncough, sputum production,
fever and chills. Later, as the actual cause wagy@esd to micro-organisms, the term
diagnosis included the causality, e.g., pneumodgmeaumonia, suggesting not only a
spectrum of symptoms but also a cause for the symgpt Widespread disagreement
exists between medical and psychiatric practitisres to whether causalities for various
diseases and disorders are known or not. If cdiesalire assumed to be known, then
authentic cures can be obtained by correcting #usal abnormalities. If causalities are
assumed to be unknown, then palliative treatmemtsetiuce symptoms are the best
treatments possible. A provider's job is to know ttuman body and its functions in
terms of normality (homeostasis). The four corrmerss of diagnostic medicine, each
essential for understanding homeostasis, are: @wyafihhe structure of the human
body), physiology (how the body works), patholog;héat can go wrong with the
anatomy and physiology) and psychology (thought bedaviour). Once the provider
knows what is normal and can measure the patienti®ent condition against those
norms, she or he can then determine the patieattecylar departure from homeostasis
and the degree of departure. This is calleddtagnosis Once a diagnosis has been
reached, the provider is able to propose a managgutan, which will include treatment
as well as plans for follow-up. From this point am,addition to treating the patient's
condition, the provider educates the patient alfoeitcauses, progression, outcomes, and
possible treatments of his ailments, as well asigiog advice for maintaining health. It
should be noted however, that medical diagnosispsgchology or psychiatry is
problematic. Apart from the fact that there ardedihg theoretical views toward mental
conditions and that there are few "lab" tests awddl for various major disorders
(e.g., clinical depression), a causal analysis wigspect to symptomatology and
disorder/disease is not always possible. As a teswst if not all mental conditions,
function as both symptoms as well as disordersrél'hee often functional descriptions
provided for psychological disorders and thesevateerable to circular reasoning due to
the etiological fuzziness inherent of these diajnaategories.

In this thesis we have taken two very common deseammed as Diabetes and
Blood pressure which is very common in people ameirtsymptoms are also very
common. So first of all we know little bit aboutese diseases and then later on we find
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how serious is patient who is suffering from these diseases using data clustering and

fuzzy max-min composition.

6.2 Diabetes
Diabetes means your blood glucose, also calleddbtamar, is too high. Your

blood always has some glucose in it because yody heeds glucose for energy to keep
you going. But too much glucose in the blood iggod for your health. Glucose comes
from the food you eat and is also made in yourlarad muscles. Your blood carries the
glucose to all the cells in your body. Insulin isteemical, also called a hormone, made
by the pancreas. The pancreas releases insulirthatblood. Insulin helps the glucose
from food get into your cells. If your body doesniake enough insulin, or if the insulin
doesn’t work the way it should, glucose can't ggbiyour cells. It stays in your blood
instead. Your blood glucose level then gets tod hipusing pre-diabetes or diabetes.
Pre-diabetes is a condition in which blood gluclesels are higher than normal but not
high enough for a diagnosis of diabetes. People prig-diabetes are at increased risk for
developing type 2 diabetes and for heart diseadesttoke. The good news is, if you
have pre-diabetes, you can reduce your risk ofrgettiabetes. With modest weight loss
and moderate physical activity, you can delay event type 2 diabetes and even return
to normal glucose levels. People can get diabetesnga age. Type 1, type 2, and
gestational diabetes are the three main kinds. Tlypebetes, formerly called juvenile
diabetes or insulin-dependent diabetes, is ustiedlydiagnosed in children, teenagers, or
young adults. With this form of diabetes, the batlis of the pancreas no longer make
insulin because the body’s immune system has a&thakd destroyed them. Treatment
for type 1 diabetes includes taking insulin andsgag another inject able medicine,
making wise food choices, being physically actha&jng aspirin daily—for some— and
controlling blood pressure and cholesterol Typeigbetes, formerly called adult-onset
diabetes or noninsulin-dependent diabetes, is th& tommon form of diabetes. People
can develop type 2 diabetes at any age—even dohitghood. This form of diabetes
usually begins with insulin resistance, a condifiomvhich fat, muscle, and liver cells do
not use insulin properly. At first, the pancreagp® up with the added demand by
producing more insulin. In time, however, it logke ability to secrete enough insulin in

response to meals. Being overweight and inacticeeases the chances of developing
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type 2 diabetes. Treatment includes using diabasgicines, making wise food choices,
being physically active, taking aspirin daily—fasnse—and controlling blood pressure

and cholesterol. Some women develop gestationdletha during the late stages of
pregnancy. Although this form of diabetes usualheg away after the baby is born, a
woman who has had it is more likely to develop t¢pdiabetes later in life. Gestational

diabetes is caused by the hormones of pregnaneystiortage of insulin. After many

years, diabetes can lead to serious problems witin gyes, kidneys, nerves, and gums
and teeth. But the most serious problem causeddbetks is heart disease. When you
have diabetes, you are more than twice as likelyemple without diabetes to have heart
disease or a stroke. If you have diabetes, yolr ofsa heart attack is the same as
someone who has already had a heart attack. Bathew@nd men with diabetes are at
risk. You may not even have the typical signs bkart attack. You can reduce your risk
of developing heart disease by controlling yourodigpressure and blood fat levels. If
you smoke, talk with your doctor about quitting.niRamber that every step toward your
goals helps! See “Why Taking Care of Your Diabdselsnportant” to learn how you can

try to prevent or delay long-term problems. Thet besy to take care of your health is to
work with your health care team to keep your blagidcose, blood pressure, and
cholesterol in your target range. Everyone’s blbad some glucose in it. In people who
don’t have diabetes, the normal range is abouto7020. Blood glucose goes up after

eating but 1 or 2 hours later returns to the nomaadje.

6.3 Hypoglycemia
Hypoglycemia also called low blood sugar, occursemvhyour blood

glucose (blood sugar) level drops too low to previhough energy for your body's
activities. In adults or children older than 10 ngednypoglycemia is uncommon except as
a side effect of diabetes treatment, but it canltdsom other medications or diseases,
hormone or enzyme deficiencies, or tumors. Glucasirm of sugar, is an important
fuel for your body. Carbohydrates are the mainasliesources of glucose. Rice, potatoes,
bread, tortillas, cereal, milk, fruit, and sweets all carbohydrate-rich foods. After a
meal, glucose molecules are absorbed into yourdstoeam and carried to the cells,
where they are used for energy. Insulin, a hormanegluced by your pancreas, helps

glucose enter cells. If you take in more glucosmntiiour body needs at the time, your
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body stores the extra glucose in your liver andatassin a form called glycogen. Your
body can use the stored glucose whenever it isetefat energy between meals. Extra
glucose can also be converted to fat and storéat icells. When blood glucose begins to
fall, glucagon, another hormone produced by thecymas, signals the liver to break
down glycogen and release glucose, causing blagzbge levels to rise toward a normal
level. If you have diabetes, this glucagon respdoskypoglycemia may be impaired,
making it harder for your glucose levels to rettoithe normal range.
6.4 Hyperglycemia

Hyperglycemia, or high blood sugar, is a conditionvhich an excessive amount
of glucose circulates in the blood plasma. Thigeserally a glucose level higher than
10 mmol/l (180 mg/dl), but symptoms may not startbiecome noticeable until even
higher values such as 15-20 mmol/l (270-360 mgHibwever, chronic levels exceeding
7 mmol/l (125 mg/dl) can produce organ damage.hHilpod sugar levels happen when
the body either can't make insulin (type 1 diabetescan't respond to insulin properly
(type 2 diabetes). The body needs insulin so gkigoshe blood can enter the cells of the
body where it can be used for energy. In people hdne developed diabetes, glucose
builds up in the blood, resulting in hyperglycenttaving too much sugar in the blood
for long periods of time can cause serious healtbblpms if it's not treated.
Hyperglycemia can damage the vessels that supplgdbto vital organs, which can
increase the risk of heart disease and strokegekidilsease, vision problems, and nerve
problems in people with diabetes. These problenmd dgually show up in kids or teens
with diabetes who have had the disease for onlgva years. However, these health
problems can occur in adulthood in some people witbetes, particularly if they
haven't managed or controlled their diabetes phppBtood sugar levels are considered
high when they're above your target range. Youbeties health care team will let you
know what your target blood sugar levels are.
6.5 Diabetes Management Plan

Intensive diabetes management--keeping your bldodoge as close to the
normal range as possible to prevent long-term cmaipbns--can increase the risk of
hypoglycemia. If your goal is tight control, tal& your health care team about ways to

prevent hypoglycemia and how best to treat it dfaés occur.
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Table 2: Blood Gise levels
Normal and target blood glucose ranges (mg/dL)
Normal blood glucose levels in people who do not ha diabetes
Upon waking (fasting) 70to 110
After meals 70 to 140

Target blood glucose levels in people who have dietes

Before meals 90 to 130
1 to 2 hours after the start of a meal less th@n 18
Hypoglycemia (low blood glucose) 70 or below

6.6 Symptoms of Diabetes

1.

2.

8.

9.

Frequent Urination

Excessive Thirst

. Hunger
. Weight Loss
. Fatigue
. Blurry Vision

. Old aches and Pains

Dry mouth

Dry or itchy skin

10. Excessive or usual infection

11. Numbness

12. Slow-healing wounds

13. Excessive eating
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14. Altered mental status

15. Vaginal yeast infection (in a female)
16. Impotence (in a male).

6.7 Various Reasons for Which Diabetes Occur
1. Genetic Causes

2. Environmental factors

3. Due to Over-weight

4. High-alcohol Intakes

5. Sedentary life-styles

6. Increasing Age

7. Pregnancy in women

8. Hypertension

9. Serum lipids and lipoproteins.

6.8 Blood Pressure

Blood pressure(BP) is the pressure exerted by circulating blopdn the walls
of blood vessels, and is one of the principal \sighs. During each heartbeat, BP varies
between a maximum (systolic) and a minimum (diast@ressure. The mean BP, due to
pumping by the heart and resistance to flow in éleessels, decreases as the circulating
blood moves away from the heart through arterideo® pressure drops most rapidly
along the small arteries and arterioles, and caatinto decrease as the blood moves
through the capillaries and back to the heart thinoreins. Gravity, valves in veins, and
pumping from contraction of skeletal muscles, ame other influences on BP at various
places in the body. The terbhood pressure usually refers to the pressure measured at a
person's upper arm. It is measured on the insiéga @lbow at the brachial artery, which
is the upper arm's major blood vessel that cabiesd away from the heart. A person's
BP is usually expressed in terms of the systoksgure over diastolic pressure (mmHg),

for example 140/90. The following US classificatiohblood pressure applies to adults
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aging 18 and older. It is based on the averageated BP readings that were properly
measured during 2 or more office visits. In the Wigpertension is considered when a
patient's reading is above 140/90 mmHg. Accordmghe American Heart Association

the following are the blood pressure categories

Table 3: Classification of blood pressure for aslult

Classification of blood pressure for adults

Category systolic, mmHg diastolic, mmHg
Hypotension <90 <60
Normal 90 - 119 60 - 79
Prehypertension 120 - 139 or 80 — 89
Stage 1 Hypertension 140 — 159 or 90 — 99
Stage 2 Hypertension 160 - 179 or 100 - 109
Hypertensive Crisis >180 or>110

While average values for arterial pressure couldcbmputed for any given
population, there is often a large variation froergon to person; arterial pressure also
varies in individuals from moment to moment. Adalally, the average of any given
population may have a questionable correlation w#étlygeneral health, thus the relevance
of such average values is equally questionable.dgdew in a study of 100 subjects with
no known history of hypertension, an average blpoglssure of 112/64 mmHg was
found, which the normal values are. Various factofisience a person's average BP and
variations. Factors such as age and gender infflu@verage values. In children, the

normal ranges are lower than for adults and demendeight. As adults age, systolic
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pressure tends to rise and diastolic tends tolfathe elderly, BP tends to be above the
normal adult range, largely because of reducedibiléy of the arteries. Also, an

individual's BP varies with exercise, emotionalctemns, sleep, digestion and time of
day. Differences between left and right arm BP measents tend to be random and
average to nearly zero if enough measurementskea.tHowever, in a small percentage
of cases there is a consistently present differgneater than 10 mmHg which may need
further investigation, e.g. for obstructive arterthisease. The risk of cardiovascular
disease increases progressively above 115/75 mimHge past, hypertension was only
diagnosed if secondary signs of high arterial pnesswere present, along with a
prolonged high systolic pressure reading over s¢wgsits. Regarding hypotension, in
practice blood pressure is considered too low dintyoticeable symptoms are present.
Clinical trials demonstrate that people who mamtaiterial pressures at the low end of
these pressure ranges have much better long tendiowascular health. The principal
medical debate concerns the aggressiveness atigealalue of methods used to lower
pressures into this range for those who do not t@arsuch pressure on their own.
Elevations, more commonly seen in older peopleughooften considered normal, are

associated with increased morbidity and mortality.

Table 4: Average blood pressanges (mm/Hg)

1 year 6 to 9 years Adults

95/65 100/65 110/65 to 140/90

6.9 Mean Arterial Pressure
The mean arterial pressure (MAP) is the average eveardiac cycle and is

determined by the cardiac output (CO), systemicwas resistance (SVR), and central
venous pressure (CVP), MAP = (CO - SVR) + CVP 3)(6

MAP can be approximately determined from measurésneafi the systolic

pressure Bsand the diastolic pressure;Pwhile there is a normal resting heart rate,

MAP = P +%(P5ys P (64)

dias
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6.10 Pulse Pressure
The up and down fluctuation of the arterial presstgsults from the pulsatile

nature of the cardiac output, i.e. the heartbehe ulse pressure is determined by the
interaction of the stroke volume of the heart, chamge (ability to expand) of the aorta
and resistance to flow in the arterial tree. Byanging under pressure, the aorta absorbs
some of the force of the blood surge from the hdaring a heartbeat. In this way the
pulse pressure is reduced from what it would libafaorta wasn't compliant. The loss of
arterial compliance that occurs with aging expldims elevated pulse pressure found in
elderly patients. The pulse pressure can be sirglyulated from the difference of the

measured systolic and diastolic pressurggseP Psys- Puias (65)

6.11 Vascular pressure wave
Modern physiology developed the concept of the wiascpressure wave

(VPW).This wave is created by the heart during sSystole and originates in

the ascending aorta. Much faster than the streatoafd itself, it is then transported

through the vessel walls to the peripheral arteriesere the pressure wave can
be palpated as the peripheral pulse. As the waraflexted at the peripheral veins it runs
back in a centripetal fashion. Where the crestshefreflected and the original wave
meet, the pressure inside the vessel is higher tivartrue pressure in the aorta. This
concept explains why the arterial pressure indigge tperipheral arteries of the legs and
arms is higher than the arterial pressure in thieaaand in turn for the higher pressures

seen at the ankle compared to the arm with normidédrachial pressure index values.
6.12 Measurement

Arterial pressure is most commonly measured viphggmomanometer, which
historically used the height of a column of merctayeflect the circulating pressure. BP
values are generally reported in millimeters of coey (mmHg), though aneroid and
electronic devices do not use mercury. For eachtlest, BP varies between systolic and
diastolic pressures. Systolic pressure is peakspredn the arteries, which occurs near
the end of the cardiac cycle when the ventricles@ntracting. Diastolic pressure is
minimum pressure in the arteries, which occurs tiearbeginning of the cardiac cycle

when the ventricles are filled with blood. An exdenpf normal measured values for a
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resting, healthy adult human is 120 mmHg systailid 80 mmHg diastolic (written as
120/80 mmHg, and spoken as "one-twenty over eigh8jstolic and diastolic arterial
BPs are not static but undergo natural variatiaoosnfone heartbeat to another and
throughout the day (in a circadian rhythm). Thegoakchange in response to stress,
nutritional factors, drugs, disease, exercise, raathentarily from standing up.
Sometimes the variations are large. Hypertensifsigeto arterial pressure being
abnormally high, as opposed to hypotension, wherisitabnormally low. Along
with temperature, respiratory rate, and pulse ks one of the four main vital signs
routinely monitored by medical professionals andiltimeare providers. Measuring
pressure invasively, by penetrating the arteridl teaake the measurement, is much less

common and usually restricted to a hospital setting
6.13 Symptoms of Blood Pressure

1. Stressed

2. Sedentary

3. Bloated

4. Weakness

5. Failing

6. Tiredness

7. Dizzy

8. Fainting

9. Coma.

10. Headache

11. Blurred Vision

12. Nausea and Vomiting

13. Chest pain and Shortness of Breadth

14. Fatigue

15. Depression
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16. Thirst.
6.14 Various Reasons for Which Blood pressure Occur
1. Moderate or severe bleeding.
2. Severe inflammation of organs inside the body.
3. A slow heart rate. (Bradycardia).
4. Genetic Causes.
5. Abnormally fast heart rate (Tachycardia)
6. Alcohol and nancotics also can cause blood press
7. Postural (orthostatic) hypotension.
8. Micturition syncope.
9. Septicemia.
6.15 Infrencing

In this thesis we mainly focus the clustering and#y-Infrencing and by doing
this | strongly correlate the seriousness of theepts by taking some common symptoms
of these two diseases. In this first we have rata déboth the disease in which we have
to filter out the irrelevant data and for this weed data clustering. There are various
clustering techniques: Traditional and Al basedolhive already discussed and after
clustering we have correlated these two diseasesibg fuzzy composition i.e. max-min
and Cartesian produdtet us take R and S matrix ok4 in which Diabetes and Blood
pressure data due to common symptoms are stored.hide we take a fractional value

by dividing from the highest value from the datal@betes and blood pressure.
6.16 Common symptoms for Diabetes and Blood Pressuare

1. Fatigue- §
2. Blurred Vision- S,

3. Old Aches and Pains S,
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4. Depression. S,

6.17 Causes for the Diabetes

1. Genetic Causes x

2. Overweight- X,

3. Increasing in Age: X,

4. Pregnancy in woman X,

Now R matrix is:

%05 04 02
R="|07 03 08
%109 0.7 0.6
%08 0.3 0.4

© o o of

6.18 Causes for the Blood Pressure
1. Genetic Causes

2. Slow heart Rate

3. Fast heart rate

4. High Alcohol Intake.

Now matrix S is:
\4 Y, Y;
S|04 08 0.2
5=>(05 0.6 0.5
S|06 07 08
S03 06 0.9

© o o ox

Summary

In this chapter we mainly diagnosis disease bygusiata clustering technique
using fuzzy inferencing. The two types of disease diabetes and blood pressure and
there measurement and ranges are discussed dagdosvreasons and symptoms due to
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which we developed the matrix in which the dateboth the disease due to common
symptoms are entered. At last we have to find tlzzyf max-min and Cartesian product

of these two matrixes and by knowing this we codetlithe seriousness of patient.
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CHAPTER 7

RESULTS AND DISCUSSIONS
7.1 Diabetes Clustering

In this graph we show how the data of diabetes $aancluster in various regions. Its
aim is to merge a cluster which exhibit high “sinity” (low “dissimilarity”).
Specifically, the cluster pair that, according topeeselected dissimilarity measure
between sets (cluster), exhibits the lowest didanty is determined. We simply load the
data by changing the data into .dat file and tlead Ithe data. Here the X and Y axis

represent the datal and data2 of the diabetespiidgram of this graph is shown in

appendix A.
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Figure 7.1: DialostiClustering.
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7.2 Diabetics K-Means

This comes under Hard Clustering Algorithm andhis teach data vector belongs
exclusively to a single cluster. It is suitable tmraveling compact cluster and is a fast
iterative algorithm as it requires only a few itewas to converge and the computations
required at each iteration are not complicated.sTihposes as a candidate for processing
large data sets. We simply load the data of diatbtr®ugh .dat file. The program written

in matlab is shown in appendix B.

Clustering of diabetese data using K-Means clustering algarithrn
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Figure 7.2: K-Means Clustering Aligom of Diabetic data

7.3 Diabetics Dendrograms

This is so called proximity dendrograms as in thssimilarity (similarity) a distance
measure between clusters has been adopted. This thes like structure, which shows
the dissimilarity dendrograms of the clusteringraiehy after applying the single link

algorithm. The proximity dendrogams is a useful | tam visualizing information
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concerning a clustering hierarchy. Its usefulnessomes more apparent in cases where
the number of data points is large. The progranttewriin matlab is shown in appendix
C.

Dendrogram for diabetese data
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Figure 7.3: Dendrograms for Diabetes data.

7.4Fuzzy C-Means

This comes under Nonhard Clustering Algorithm.his each data vector may belong
to (or may be compatible with) more than one clusteto a certain number. The aim of
FCM is to move each of the available parameteroredbwards region in the data space
that is dense in data points. In this the grada@mberships of the data vectors in cluster
is computed, taking into account the (squared Haal) distances. We simply load the

data through .dat file. The program written in raatis shown in appendix D.
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Figure 7.4: Diadgefuzzy C-Means.
7.5Diabetes Error
In this plot we are calculating the SSE of eaclthef cluster. Sum of square error is
the error between all the data points with thenticgd, from this diagram we observe the

density of the cluster. The square error shoulmipemum.
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Figure 7.5: Gkring with sum of square error

7.6 Blood Pressure Clustering

In this graph we show how the data of blood pres$omms a cluster in various
regions. Its aim is to merge a cluster which exhibigh “similarity” (low
“dissimilarity”). Specifically, the cluster pair &, according to a preselected dissimilarity
measure between sets (cluster), exhibit the lodiesimilarity is determined. We simply
load the data by changing the data into .dat fie then load the data. Here the X and Y
axis represent the datal and data2 of the diabBEbtesprogram of this graph is shown in

appendix F.
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Figure 7.6: Blood PrassGlustering.

7.7 Blood Pressure K-Means

This comes under Hard Clustering Algorithm andhis each data vector belongs
exclusively to a single cluster. It is suitable tmraveling compact cluster and is a fast
iterative algorithm as it requires only a few itgwas to converge and the computations
required at each iteration are not complicated.sTihposes as a candidate for processing
large data sets. We simply load the data of diatbtr®ugh .dat file. The program written
in matlab is shown in appendix G.
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Clustering of Blood pressure data using K-Means clustering algorithm
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Figure 7.7: K-Means Alglom for Blood Pressure.

7.8Blood Pressure Dendrograms

This is so called proximity dendrograms as in thssimilarity (similarity) a distance
measure between clusters has been adopted. Tha thes like structure, which shows
the dissimilarity dendrograms of the clusteringraiehy after applying the single link
algorithm. The proximity dendrogams is a useful | tom visualizing information
concerning a clustering hierarchy. Its usefulnessolmes more apparent in cases where
the number of data points is large. The progranttevriin matlab is shown in appendix
H.
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7.9Fuzzy C-Means
This comes under Nonhard Clustering Algorithm.his each data vector may belong
to (or may be compatible with) more than one clusteto a certain number. The aim of
FCM is to move each of the available parameteroredbwards region in the data space
that is dense in data points. In this the gradm@mberships of the data vectors in cluster
is computed, taking into account the (squared Haal) distances. We simply load the

data through .dat file. The program written in rahtls shown in appendix .
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7.10 Blood Pressure Error
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Figure 7.10: Clustering blood pressure data anddusquare error
In this plot we are calculating the SSE of eachhef cluster. Sum of square error is the
error between all the data points with their cedirérom this diagram we observe the
density of the cluster. The square error shoulmipemum.
7.11 Fuzzy Max-Min
The t matrix given as:
t=

0.2000 0.4000 0.20002000
0.4800 0.5600 0.64003200
0.3600 0.7200 0.7200.3600
0.3200 0.6400 0.4500.3200
T matrix gives the data of the patient seriousriiss to the two diseases i.e.

Diabetes and Blood pressure occur due to the comaymmptoms. So here we conclude
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that due toxand y, the patient seriousness is 20%, duexoand y,the patient

seriousness is 40%.....and so on. We simply draanalusion from this t matrix is that
how we know the patient seriousness due to vareasons for which disease occur and
by knowing this a necessary measures should be.tdke program is written in matlab
and is shown in appendix K.
7.12 Fuzzy Cartesian Product

The k matrix given as:

0.2000 0.4000 0.2000 0.2000
0.4800 0.5600 0.6400 0.3200
0.3600 0.7200 0.7200 0.3600
0.3200 0.6400 0.4500 0.3200
k matrix gives the data of the patient maximumaesness due to the two diseases
i.e. Diabetes and Blood pressure occur due to dh&mon symptoms. In this matrix we

draw a conclusion that the maximum seriousnesbkeopatient due to th& and y,is 20
% and due tox, and y, is 40% and so on. We simply draw a conclusion ithet the

maximum seriousness of the patient due to varieasans for which disease occur and
by knowing this a necessary measures should be.tdke program is written in matlab

and is shown in appendix L.
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CHAPTER 8
CONCLUSION AND FUTURE SCOPE

This thesis gives a novel idea of disease diagmystem using data clustering and
fuzzy max-min inferencing system. The clinical datallected from continuous
monitoring of the patient can be clustered to greumilar kind of data and from these
similar kinds of data a inferencing can be drawsedlaon the symptoms and disease. The
inferencing mechanism used in this thesis is fuaaged inference mechanism. Fuzzy
logic is the kind of logic which depicts human ihteence and hence the fuzzy based
inference is a superior choice from ant other iriee mechanism.

Data clustering is a main part because it reduresitige dimension of data, groups
similar kind of data and help to improve the erawng time series data. There are
different contemporary as well as intelligent deltsstering algorithm like K Means, hard
C Means, Fuzzy C Means, Gustafson-Kessel clusteniethod. All clustering methods
work on the distance formula. There are differeistashce formulas available in the
literature, but two of the distance functions asedi Those are Euclidian distance and
Manhattan distance or taxi cab distance. This shémskes the medical data (blood
pressure and diabetes) from the UCI respiratoryhinadearning database, University of
California, Irvine. The data is clustered using kedns and Fuzzy C-Means algorithm.
After clustering the data, fuzzy based inferenagimgchanism is implemented in the data
to get the desired diagnosis results.

There is a lot of future scope of this researchifed@nt soft computing based
approach like self organizing map (SOM), linear teecquantization (LVQ) and
associative resonance theory (ART) can be usedffextigely cluster the data. To
optimize the shape of the resulting cluster anddage the clusters different optimization
and genetic programming can be used. This thekes tthe data of only two kind of
disease. In future more disease can be added sthéhaomplexity of the system can be

increase many fold.
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APPENDIX
Appendix-A [Matlab code for Diabetic Clustering]

% GUI based k-means for Diabetese data
findcluster('d:\Imp\thesis\testl.dat’);

Appendix-B [Matlab Code for Diabetic K MEANS]

% K-means clustering of Diabetese data

clc

clear all

close all

X =load( 'E:\Imp\thesis\bp2.dat' );

opts = statset( 'Display’ , ‘final’ );

[cidx, ctrs] = kmeans(X, 2, 'Distance' ,'city' , 'Replicates’ 5,
'Options' ,opts);

plot(X(cidx==1,1),X(cidx==1,2), ., X(cidx==2,1),X(cidx==2,2),
ctrs(:,1),ctrs(:,2), kx' ),

title(  'Clustering of Diabetese data using K-Means cluster ing
algorithm' );

Appendix-C [Matlab Code for Diabetics Dendrograms]

% Dendrogram for Diabetics data:

X =load( ‘'E:\Imp\thesis\bpl.dat' );
Y = pdist(X, ‘cityblock' );

Z = linkage(Y, ‘average' );

[H, T] = dendrogram(2);

Appendix-D [Matlab Code for Fuzzy C MEANS]

% fuzzy C means for Diabetics data

data = load( 'E:\Imp\thesis\test2.dat' );

[center,U,obj_fcn] = fcm(data,2);

plot(data(:,1), data(:,2), 0" );

hold on;

maxU = max(U);

% Find the data points with highest grade of member ship in cluster 1
index1 = find(U(1,:) == maxU);

% Find the data points with highest grade of member ship in cluster 2
index2 = find(U(2,:) == maxU);

line(data(index1,1),data(index1,2), 'marker , "™ ,’'color' ,'g" );
line(data(index2,1),data(index2,2), 'marker  , "™ ’'color ,'r" );
% Plot the cluster centers

plot([center([1 2],1)],[center([1 2],2)], o, 'colort k)
hold off ;

87

Devel opment of a medical inferencing system using data clustering



Appendix-E [Matlab Code for Diabetes SSE]

cle
close all
clear all

xy = [rand(100,2)*2+3; rand(100,2)];

% Visualize clouds
scatter(xy(:,1),xy(:,2))

close

% Cluster

[idx,c,sse] = kmeans(xy,2);

% Plot clouds with centroids and legend

plot(xy(idx==1,1),xy(idx==1,2), ., 'MarkerSize' ,12)
hold on
plot(xy(idx==2,1),xy(idx==2,2), 'b." , 'MarkerSize' ,12)
plot(c(:,1),c(:,2), 'kx" , 'MarkerSize' ,12, 'LineWidth' ,2)
plot(c(:,1),c(:,2), 'ko' , 'MarkerSize' ,12, 'LineWidth' ,2)
legend(] ‘'Cluster 1 (SSE:" numa2str(sse(1))],

[ 'Cluster 2 (SSE:" num2str(sse(2))],

‘Centroids' , 'Location’ , 'NW")

Appendix-F [Blood Pressure Clustering]

% GUI based k-means for Blood Pressure data
findcluster('d:\Imp\thesis\bp1.dat’)

Appendix- G [Matlab Code for Blood Pressure K MEANS

% K-means clustering of Blood Pressure data

clc

clear all

close all

X =load( 'E:\Imp\thesis\bp2.dat' );

opts = statset( 'Display’ , ‘final’ );

[cidx, ctrs] = kmeans(X, 2, 'Distance’ ,'city' , 'Replicates’ 5,
'Options'  ,opts);

plot(X(cidx==1,1),X(cidx==1,2), ., X(cidx==2,1),X(cidx==2,2), b,
ctrs(:,1),ctrs(:,2), kx' ),

title(  'Clustering of Blood pressure data using K-Means cl ustering

algorithm'  );

Appendix-H [Matlab Code for Blood Pressure Dendrogams]

% Dendrogram for Blood Pressure data:

X =load( ‘'E:\Imp\thesis\bpl.dat' );
Y = pdist(X, ‘cityblock’ );
Z = linkage(Y, ‘average' );

[H, T] = dendrogram(2);
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Appendix-1 [Matlab Code for Fuzzy C MEANS]

% fuzzy C means for Blood Pressure data

data = load( 'E:\Imp\thesis\bp2.dat' );

[center,U,obj_fcn] = fcm(data,2);

plot(data(:,1), data(:,2), ‘0" );

hold on;

maxU = max(U);

% Find the data points with highest grade of member ship in cluster 1
index1 = find(U(1,:) == maxUV);

% Find the data points with highest grade of member ship in cluster 2
index2 = find(U(2,:) == maxUV);

line(data(index1,1),data(index1,2), 'marker* |, | ’'color ,'g
line(data(index2,1),data(index2,2), 'marker’ , "™ ,‘color' ,'T
% Plot the cluster centers

plot([center([1 2],1)],[center([1 2],2)], = 'colort k')
hold off ;

)
)i

Appendix- J [ Matlab Code for Blood Pressure SSE]

clc
close all
clear all
Xy = [rand(100,2)*2+3; rand(100,2)];
% Visualize clouds
scatter(xy(:,1),xy(:,2))
close
% Cluster
[idx,c,sse] = kmeans(xy,2);
% Plot clouds with centroids and legend
plot(xy(idx==1,1),xy(idx==1,2), . , 'MarkerSize' ,12)
hold on
plot(xy(idx==2,1),xy(idx==2,2), 'b." , 'MarkerSize' ,12)
plot(c(:,1),c(:,2), 'kx' , 'MarkerSize' ,12, 'LineWidth' ,2)
plot(c(:,1),c(:,2), 'ko' , 'MarkerSize' ,12, 'LineWidth' ,2)
legend(] 'Cluster 1 (SSE:" num2str(sse(1))],

[ 'Cluster 2 (SSE:"' numa2str(sse(2))],

‘Centroids' , 'Location’ , 'NW")

Appendix- K [Matlab Code for Fuzzy max-min]

% The Matlab program for finding fuzzy relation usi ng fuzzy max—min
%method is Program
%enter the two vectors whose relation is to be foun d
R=input( ‘'enter the first vector' );
S=input(  ‘'enter the second vector' );
% find the size of two vectors
[m,n]=size(R)
[a,b]=size(S)
if (n==a)
for i=1:m
for j=1:b
c=R(i,})
d=S(:.))
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f=d
%find the minimum of two vectors
e=min(c,f)
%find the maximum of two vectors
h(i,j)=max(e);
end
end
%print the result
display( 'the fuzzy relation between two vectors is' );
display(h)
else
display( 'The fuzzy relation cannot be found' )
end

Appendix- L [Matlab Code for Fuzzy Cartesian Produd]

% The Matlab program for the max—product method is shown below
%Program

%enter the two input vectors

R=input( ‘'enter the first vector' );

S=input( 'enter the second vector' );

%find the size of the two vector
[m,n]=size(R)
[a,b]=size(S)
if (n==a)
for i=1l:im
for j=1:b
c=R(i,:);
d=S(..j);
[f.g]=size(c),
[h,g]=size(d);
%finding product

for I=1:g
e(1,)=c(1,0)*d(l,1);
end

%finding maximum
t(i.j)=max(e);
end
end
else
display( ‘Cannot be find min-max' );
end
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