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UNIT IV  CLUSTERING TECHNIQUES       9 

Cluster Analysis – Partitioning Methods: k-Means and k- Medoids – Hierarchical 

Methods:Agglomerative and Divisive –Model Based Clustering Methods: Fuzzy clusters and 

Expectation-Maximization Algorithm 

 

UNIT-4     PART-A    2Marks 

1. What is Cluster? 

Soln:- 

Aclusterisacollectionofdataobjectsthataresimilartooneanotherwithinthesameclusterand 

aredissimilarto theobjects in otherclusters. 

2. What do you mean  CLIQUE and PROCLUS 

Soln:- 

CLIQUE and PROCLUS are two influential subspace clustering methods, 

whichsearchforclusters insubspaces ofthedata,ratherthanover theentiredataspace.  

3. What are the 

minimalrequirementsfordomainknowledgetodetermineinputparameters? 

Soln:- 

Many clustering algorithms require users to input certain parameters in cluster 

analysis(suchasthenumberofdesiredclusters).Theclusteringresultscanbequitesensitivetoinp

utparameters.Parametersareoftendifficulttodetermine,especiallyfordatasetscontaininghigh -

dimensionalobjects.Thisnotonlyburdensusers,butitalsomakesthequalityof clusteringdifficult 

to control. 

4. What are the abilitytodealwithnoisydata? 

Soln:- 

Mostreal-worlddatabasescontainoutliersormissing,unknown,orerroneousdata. 

Someclusteringalgorithmsaresensitivetosuchdataandmayleadtoclustersofpoorquality.  

5. What is meant by Smoothingfactor? 

Soln:- 

Thisfunctioniscomputedforeachsubsetinthesequence.Itassesseshowmuchthedissimilarityca

n bereduced byremovingthe subset from theoriginal set ofobjects. 

6. What do you go for clustering analysis?  

Soln:- 

Clustering can be used to generate a concept hierarchy for A by following either a top down 

splitting strategyor a bottom-up merging strategy, where each cluster forms a node of the 

concept hierarchy. In the former, eachinitial cluster or partition may be further decomposed 

into several subclusters, forming a lower level of thehierarchy. In the latter, clusters are 

formed by repeatedly grouping neighboring clusters in order to form higherleve l concepts. 

 

7.  What are the requirements of cluster analysis?  

Soln:- 



  Scalability 

 Ability to deal with different types of attributes 

 Discovery of clusters with arbitrary shape 

 Minimal requirements for domain knowledge to determine input parameters  

  Ability to deal with noisy data 

  Incremental clustering and insensitivity to the order of input records 

  High dimensionality 

  Constraint-based clustering 

  Interpretability and usability 

8. What is mean by cluster analysis? 

Soln:- 

 A cluster analysis is the process of analyzing the various clusters to organize the different 

objects intomeaningful and descriptive object. 

9. Define CLARANS. 

 CLARANS(Cluster Large Applications based on Randomized Search) to improve the quality 

of CLARA we go for CLARANS. 

 It Draws sample with some randomness in each step of search. 

 It overcome the problem of scalability that K-Medoids suffers from. 

10. Mention the advantages of hierarchical clustering.  

Soln:- 

Hierarchical clustering (or hierarchic clustering) outputs a hierarchy, a structure that is 

moreinformative than the unstructured set of clusters returned by flat clustering. 

Hierarchical clustering does notrequire us to prespecify the number of clusters and most 

hierarchical algorithms that have been used in IRare deterministic. These advantages of 

hierarchical clustering come at the cost of lower efficiency. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

UNIT-4   PART-B  13 MARKS 



1. Whatisclusteranalysis?Explainaboutrequirementsofclusteringindatamining  

(13) 

Soln:- 

(i). Cluster Analysis:-  

The process of grouping a set of physical or abstract objects into classes of similar 

objectsiscalled clustering. 

Aclusterisacollectionofdataobjectsthataresimilartooneanotherwithinthesameclusterand 

aredissimilarto theobjects in otherclusters. 

Aclusterofdataobjectscanbetreatedcollectivelyasonegroupandsomaybeconsideredasa 

form of data compression. 

Cluster analysis tools based on k-means, k-medoids, and severalmethods have also 

beenbuilt into many statisticalanalysis software packages or systems, such as S-Plus, SPSS, 

andSAS. 

 

(ii).RequirementsOfClusteringInDataMining 

1. Scalability: 

Many clustering algorithms work well on small data sets containing fewer than 

severalhundred data objects; however, a large database may contain millions of objects. 

Clusteringonasampleofagiven largedata set maylead to biased results. 

Highlyscalableclusteringalgorithmsareneeded. 

2. Abilitytodealwithdifferenttypesof attributes: 

Manyalgorithmsaredesignedtoclusterinterval-

based(numerical)data.However,applicationsmayrequireclusteringothertypesofdata,suchasb

inary,categorical(nominal),and ordinal data, ormixtures of thesedata types. 

3. Discoveryof clusterswitharbitraryshape: 

Many clustering algorithms determine clusters based on Euclidean or Manhattan 

distancemeasures. Algorithms based on such distance measures tend to find spherical 

clusters withsimilarsizeand density. 

However, a cluster could be of any shape. It is important to develop algorithms 

thatcandetectclusters of arbitraryshape. 

4. Minimalrequirementsfordomainknowledgetodetermineinputparameters: 

Many clustering algorithms require users to input certain parameters in cluster 

analysis(suchasthenumberofdesiredclusters).Theclusteringresultscanbequitesensitivetoinp

utparameters.Parametersareoftendifficulttodetermine,especiallyfordatasetscontaininghigh -

dimensionalobjects.Thisnotonlyburdensusers,butitalsomakesthequalityof clusteringdifficult 

to control. 

5. Abilitytodealwithnoisydata: 

Mostreal-worlddatabasescontainoutliersormissing,unknown,orerroneousdata. 

Someclusteringalgorithmsaresensitivetosuchdataandmayleadtoclustersofpoorquality. 

 Incrementalclusteringandinsensitivitytotheorderofinputrecords: 

Some clustering algorithms cannot incorporate newly inserted data (i.e., database 



updates)intoexistingclusteringstructuresand,instead,mustdetermineanew  

clusteringfromscratch.Someclusteringalgorithms aresensitiveto the order ofinputdata. 

Thatis,givenasetofdataobjects,suchanalgorithmmayreturndramaticallydifferentclusteringsd

ependingonthe order ofpresentationof theinput objects. 

Itisimportanttodevelopincrementalclusteringalgorithmsandalgorithmsthatareinsensitiveto 

the order ofinput. 

6. Highdimensionality: 

Adatabaseoradatawarehousecancontainseveraldimensionsorattributes.Manyclustering 

algorithmsaregoodathandling low-dimensionaldata,involving only twotothree dimensions. 

Human eyes are good at judging the qualityof clustering for up to 

threedimensions.Findingclustersofdataobjectsinhighdimensionalspaceischallenging,especia

llyconsideringthatsuch data can besparseand highlyskewed. 

7. Constraint-basedclustering: 

Real-world applications may need to perform clustering under various kinds of 

constraints.Suppose that your job is to choose the locations for a given number of new 

automaticbankingmachines(ATMs)inacity.Todecideuponthis,youmayclusterhouseholdswhil

e considering constraints such as the city’s rivers and highway networks, and the typeand 

number of customers per cluster. A challenging task is to find groups of data with 

goodclusteringbehavior that satisfyspecifiedconstraints. 

8. Interpretabilityandusability: 

Users expect clustering results to be interpretable, comprehensible, and usable. That 

is,clustering may need to be tied to specific semantic interpretations and applications. It 

isimportanttostudy 

howanapplicationgoalmayinfluencetheselectionofclusteringfeaturesandmethods. 

 

2. Explain aboutdataminingapplications.                               (5) 
Soln:- 

Applications:- 

Cluster analysis has been widely used in numerous applications, including market 

research,patternrecognition, dataanalysis,andimageprocessing. 

In business, clustering can help marketers discover distinct groups in their customer 

basesandcharacterizecustomer groups based on purchasingpatterns. 

In biology, it can be used to derive plant and animal taxonomies, categorize genes 

withsimilarfunctionality, andgain insightinto structuresinherent inpopulations. 

Clustering may also help in the identification of areas of similar land use in an 

earthobservation database and in the identification of groups of houses in a city according 

tohousetype,value,andgeographiclocation,aswellastheidentificationofgroupsofautomobilein

surancepolicyholders with ahigh averageclaim cost. 

 Clusteringisalsocalled datasegmentationinsomeapplicationsbecause 

clusteringpartitionslargedata sets into groups accordingto theirsimilarity. 

Clustering can also be used for outlier detection,Applications of outlier detection 



includethe detection of credit card fraud and the monitoring of criminal activities in 

electroniccommerce. 

 

3. Explain the various  ClusteringTasksinDataMining in detail                       (13) 

1.ClusteringHigh-DimensionalData: 

It is a particularly important task in cluster analysis because many 

applicationsrequiretheanalysisof objectscontaining alargenumberoffeatures ordimensions.  

Forexample,textdocumentsmaycontainthousandsoftermsorkeywordsasfeatures, and DNA 

micro array data may provide information on the expressionlevelsof thousands ofgenes 

under hundredsof conditions. 

Clusteringhigh-dimensionaldataischallengingduetothecurseofdimensionality. 

Manydimensionsmaynotberelevant.Asthenumberofdimensionsincreases, 

thedata become increasingly sparse so that the distance measurement between 

pairsofpointsbecomemeaninglessandtheaverage density of pointsanywhere inthedata 

islikely to be low. Therefore, a different clustering methodology needs to 

bedevelopedforhigh-dimensional data. 

CLIQUE and PROCLUS are two influential subspace clustering methods, 

whichsearchforclusters insubspaces ofthedata,ratherthanover theentiredataspace.  

Frequent pattern–based clustering,another clustering methodology, 

extractsdistinctfrequent patterns among subsets ofdimensions that occur frequently. It uses 

suchpatternsto group objectsandgeneratemeaningfulclusters. 

2.Constraint-BasedClustering: 

It   is a clustering approach that performs clustering by incorporation of user-

specifiedorapplication-oriented constraints. 

Aconstraintexpressesauser’sexpectationordescribespropertiesofthedesiredclusteringresult

s,andprovidesaneffectivemeansforcommunicatingwiththeclusteringprocess. 

Various kinds of constraints can be specified, either by a user or as per 

applicationrequirements. 

Spatial clustering employs with the existence of obstacles and clustering under user -

specifiedconstraints.Inaddition,semi-supervisedclusteringemploysforpairwiseconstraintsin 

order to improvethe qualityofthe resultingclustering. 

1. Constraint-BasedClusterAnalysis: 

Constraint-based clustering finds clusters that satisfy user-specified preferences 

orconstraints.Depending on the nature of the constraints, constraint-based clusteringmay 

adopt rather differentapproaches. 

Thereareafewcategoriesofconstraints. 

 Constraintsonindividualobjects: 

 

We can specify constraints on the objects to beclustered. In a real estate application, 

forexample, one may like to spatially cluster only those luxury mansions worth over a 



milliondollars.Thisconstraintconfinesthesetofobjectstobeclustered.Itcaneasilybehandledby

preprocessingafterwhichtheproblemreducestoaninstanceofunconstrainedclustering.  

 

4. Describeindetailabout hierarchical clustering methods.   (13) 

Soln:- 

Hierarchical methods suffer from the fact that once a step (merge or split) is done, it can 

neverbe undone. This rigidity is useful in that it leads to smaller computation costs by not 

havingto worryabout acombinatorial number ofdifferentchoices. 

Therearetwo approaches toimprovingthequalityofhierarchical clustering: 

 Performcarefulanalysisof object―linkages‖ateachhierarchicalpartitioning,suchasin 

Chameleon,or 

 Integrate hierarchicalagglomerationandotherapproachesbyfirstusingahierarchical 

agglomerativealgorithmtogroupobjectsintomicro clusters,andthenperforming macro 

clustering on the micro clusters using another clustering method such asiterativerelocation.  

Ahierarchicalclusteringmethod worksbygroupingdataobjectsintoa treeofclusters. 

Thequalityofapurehierarchicalclustering methodsuffersfrom itsinabilitytoperform 

adjustment once a merge or split decision has been executed. That is, if a particularmerge or 

split decision later turns out to have been a poor choice, the method cannotbacktrackand 

correct it. 

1. Agglomerative Versus Divisive Hierarchical Clustering:- 

Hierarchical clustering methods can be further classified as either agglomerative or 

divisive,depending on whether the hierarchical decomposition is formed in a bottom-up or 

top-downfashion. 

Agglomerativehierarchicalclustering: 

This bottom-up strategy starts by placing each object in its own cluster and then 

mergesthese atomic clusters into larger and larger clusters, until all of the objects are in a 

singleclusteroruntil certain termination conditions aresatisfied. 

Most hierarchical clustering methods belong to this category. They differ only in 

theirdefinitionofinter clustersimilarity. 

Divisivehierarchicalclustering: 

Thistop-downstrategydoesthereverseofagglomerative 

hierarchicalclusteringbystartingwith all objects in onecluster. 

It sub divides the cluster into smaller and smaller pieces, until each object forms a 

clusteron its own or until it satisfies certain termination conditions, such as a desired 

numberof clustersis obtained orthediameterofeach cluster is within acertain threshold.  

Agglomerative versus divisive hierarchical clustering. 

Figure 10.6 shows the application of AGNES (AGglomerativeNESting), an agglomerative 

hierarchical clustering method, and DIANA (DIvisiveANAlysis), a divisive hierarchical 



clustering method, on a data set of five objects, {a,b, c,d, e}.  Initially, AGNES, the 

agglomerative method, places each object into a cluster of its own. The clusters are then 

merged step-by-step according to some criterion. For example, clusters C1 and C2 may be 

merged if an object in C1 and an object in C2 form the minimum Euclidean distance between 

any two objects from 

 
 

different clusters. This is a single-linkage approach in that each cluster is represented by 

all the objects in the cluster, and the similarity between two clusters is measured by the 

similarity of the closest pair of data points belonging to different clusters. The cluster-

merging process repeats until all the objects are eventually merged to form one cluster.  

DIANA, the divisive method, proceeds in the contrasting way. All the objects are 

used to form one initial cluster. The cluster is split according to  some principle such as the 

maximum Euclidean distance between the closest neighboring objects in the cluster. The 

cluster-splitting process repeats until, eventually, each new cluster contains only a single 

object. 

A tree structure called a dendrogramis commonly used to represent the process of  

hierarchical clustering. It shows how objects are grouped together (in an agglomerative 

method) or partitioned (in a divisive method) step-by-step.  

Figure 10.7 shows a dendrogram for the five objects presented in Figure 10.6, where l =0 

shows the five objects as singleton clusters at level 0. At l =1, objects a andb are grouped 

together to form the first cluster, and they stay together at all subsequent levels. We can 

also use a vertical axis to show the similarity scale between clusters. For example, when the 

similarity of two groups of objects, {a,b}and {c, d, e} is roughly 0.16, they are merged 

together to form a single cluster. 



 

A challenge with divisive methods is how to partition a large cluster into several smaller 

ones. For example, there are 2n-1 -1 possible ways to partition a set of n objects into two 

exclusive subsets, where n is the number of objects. When n is large, it is computationally 

prohibitive to examine all possibilities. Consequently, a divisive method typically uses 

heuristics in partitioning, which can lead to inaccurate results.  

For the sake of efficiency, divisive methods typically do not backtrack on partitioning 

decisions that have been made. Once a cluster is partitioned, any alternative partitioning of 

this cluster will not be considered again. Due to the challenges in divisive methods, there 

are many more agglomerative methods than divisive methods. 

5. Define BIRCH,ROCK and CURE.       (5) 

Soln:- 

BIRCH(Balanced Iterative Reducing and Clustering Using Hierarchies): Partitions 

objectshierarchically using tree structures and then refines the clusters using other 

clustering methods. It defines aclustering feature and an associated tree structure that 

summarizes a cluster.The tree is a height balanced treethat stores cluster 

information.BIRCH doesn’t Produce spherical Cluster and may produce unintendedcluster.  

ROCK(RObust Clustering using links): categorical data. Ignores informationabout 

interconnectivity.Merges clusters based on their interconnectivity. Greatfor the looseness of 

two clusters while emphasizing 

CURE(Clustering Using Representatives): Creates clusters by sampling the database and 

shrinksthem toward the center of the cluster by a specified fraction. Obviously better in 

runtime but lacking inprecision. 

 

 

 

 

 

 

 

 

 

 



UNIT-4   PART-C  15 MARKS 
 

1. Explainindetailabout partitioningmethods    (13) 

Soln:- 

A partitioning method constructs k partitions of the data, where each partition represents 

acluster and k <= n. That is, it classifies the data into k groups, which together satisfy 

thefollowingrequirements: 

 Eachgroupmustcontainatleastoneobject,and  

 Eachobject mustbelongtoexactlyonegroup. 

A partitioning method creates an initial partitioning. It then uses an iterative 

relocationtechnique that attempts to improve the partitioning by moving objects from one 

group toanother. 

The general criterion of a good partitioning is that objects in the same cluster are close 

orrelatedtoeach other,whereas objectsof differentclustersarefarapart orverydifferent. 

 The mostwell-known and commonly used partitioningmethods are 

1. Thek-MeansMethod 

2. k-MedoidsMethod 

 

1.TheK-Means Method(Centroid-BasedTechnique) 

The k-means algorithm takes the input parameter, k, and partitions a set of n objects 

intokclusterssothattheresultingintraclustersimilarityishighbuttheinterclustersimilarityislo

w. 

Cluster similarity is measured in regard to the mean value of the objects in a cluster, 

whichcanbeviewed asthecluster’scentroid orcenter of gravity. 

Thek-meansalgorithmproceeds asfollows. 

First,itrandomlyselectskoftheobjects,eachofwhichinitiallyrepresentsaclustermeanor 

center. 

Foreachoftheremainingobjects,anobjectisassignedtotheclustertowhichitisthemostsimilar, 

based onthe distancebetween theobject and theclustermean. 

Itthencomputesthenewmeanforeach cluster. 

Thisprocessiteratesuntilthecriterionfunctionconverges. 

Typically,thesquare-errorcriterionisused,definedas 

whereEisthesumof thesquareerror forall objectsinthedata setpisthepoint in 

spacerepresentinga given objectmiisthemean ofclusterCi 



 Thek-meanspartitioningalgorithm:-Thek-

meansalgorithmforpartitioning,whereeachcluster’scenterisrepresentedbythemeanv

alueofthe objects in the cluster. 

 

 
 

Clusteringof aset of objects based on thek-meansmethod 

  

 2.Thek-MedoidsMethod: 

The k-means algorithm is sensitive to outliers because an object with an extremely 

largevaluemaysubstantiallydistortthedistributionofdata.Thiseffectisparticularlyexacerbated

dueto theuseof the square-errorfunction. Instead of taking the mean value of the objects in a 

cluster as a reference point, we can pickactual objects to represent the clusters, using one 

representative object per cluster. Eachremainingobject isclustered 

withtherepresentativeobject towhich itis themost similar. 

Thepartitioning method is then performed based on the principle of minimizing the sum 

ofthe dissimilarities between each object and its corresponding reference point. That is, 

anabsolute-errorcriterion is used, definedas 

 



WhereEisthesumoftheabsoluteerror forallobjectsinthedata set 

pisthepointinspacerepresentinga givenobjectinclusterCj 

ojistherepresentative objectof Cj 

The initial representative objects are chosen arbitrarily. The iterative process of 

replacingrepresentative objects by non representative objects continues as long as the quality of 

theresultingclusteringis improved. 

Thisqualityisestimatedusingacostfunctionthatmeasurestheaveragedissimilaritybetweenano

bjectand therepresentativeobject ofits cluster. 

To determine whether a non representative object, oj random, is a good replacement for 

acurrent representativeobject, oj, the following four cases are examined for each of 

thenonrepresentativeobjects. 

Case1: 

pcurrentlybelongstorepresentativeobject,o j.Ifojisreplacedbyorandomasarepresentativeobjecta

ndpisclosest to oneoftheother representativeobjects,o i,i≠j, thenpis reassignedtoo i. 

Case2: 

pcurrently 

belongstorepresentativeobject,oj.Ifojisreplacedbyo randomasarepresentativeobjectand pis 

closest to orandom,then p is reassigned to orandom. 

Case3: 

pcurrentlybelongstorepresentativeobject,o i,i≠j.Ifojisreplacedbyorandomasarepresentativeobje

ctandp is stillclosest too i, then theassignment does notchange. 

Case4: 

pcurrentlybelongstorepresentativeobject,oi,i≠j.Ifo jisreplacedbyorandomasarepresentativeobje

ctandp is closest to orandom, thenp is reassigned 

toorandom. 

 
Fourcasesofthe costfunctionfor k-medoidsclustering 

Thek-MedoidsAlgorithm: 

Thek-medoidsalgorithmforpartitioningbasedonmedoidorcentralobjects. 



The k-medoids method ismore robust than k-means in the presence of noise and 

outliers,because a medoid is lessinfluenced by outliers or other extreme values than a mean. 

However,itsprocessingismorecostlythan thek-means method. 

 

2. Cluster the following eight points (with (x, y) representing locations) into three 

clusters:A1(2, 10), A2(2, 5), A3(8, 4), A4(5, 8), A5(7, 5), A6(6, 4), A7(1, 2), A8(4, 

9).Initial cluster centers are: A1(2, 10), A4(5, 8) and A7(1, 2). Use K-Means Algorithm 

to find the three cluster centers after the second iteration.     

    (15)  

Soln- 

The distance function between two points a = (x1, y1) and b = (x2, y2) is defined as - 

Ρ(a, b) = |x2 – x1| + |y2 – y1| 

 We follow the above discussed K-Means Clustering Algorithm- 

 Iteration-01: 

 We calculate the distance of each point from each of the center of the three clusters.  

 The distance is calculated by using the given distance function. 

  

The following illustration shows the calculation of distance between point A1(2, 10) and 

each of the center of the three clusters- 

  

Calculating Distance Between A1(2, 10) and C1(2, 10)- 

 Ρ(A1, C1) 

= |x2 – x1| + |y2 – y1| 

= |2 – 2| + |10 – 10| 

= 0 

 

Calculating Distance Between A1(2, 10) and C2(5, 8)- 



Ρ(A1, C2) 

= |x2 – x1| + |y2 – y1| 

= |5 – 2| + |8 – 10| 

= 3 + 2 

= 5 

  

Calculating Distance Between A1(2, 10) and C3(1, 2)- 

Ρ(A1, C3) 

= |x2 – x1| + |y2 – y1| 

= |1 – 2| + |2 – 10| 

= 1 + 8 

= 9 

In the similar manner, we calculate the distance of other points from each of the center of 

the three clusters. 

Next, 

 We draw a table showing all the results. 

 Using the table, we decide which point belongs to which cluster. 

 The given point belongs to that cluster whose center is nearest to it. 

  

Given 

Points 

Distance 

from 

center (2, 

10) of 

Cluster-

01 

Distance 

from center 

(5, 8) of 

Cluster-02 

Distance 

from center 

(1, 2) of 

Cluster-03 

Point 

belongs to 

Cluster 

A1(2, 

10) 
0 5 9 C1 

A2(2, 

5) 
5 6 4 C3 

A3(8, 

4) 
12 7 9 C2 

A4(5, 

8) 
5 0 10 C2 

A5(7, 

5) 
10 5 9 C2 

A6(6, 10 5 7 C2 



4) 

A7(1, 

2) 
9 10 0 C3 

A8(4, 

9) 
3 2 10 C2 

 From here, New clusters are- 

 Cluster-01: 

 First cluster contains points- 

 A1(2, 10) 

  

Cluster-02: 

 Second cluster contains points- 

 A3(8, 4) 

 A4(5, 8) 

 A5(7, 5) 

 A6(6, 4) 

 A8(4, 9) 

 Cluster-03: 

 Third cluster contains points- 

 A2(2, 5) 

 A7(1, 2) 

  

Now, 

 We re-compute the new cluster clusters. 

 The new cluster center is computed by taking mean of all the points contained in that 

cluster. 

 For Cluster-01: 

 We have only one point A1(2, 10) in Cluster-01. 

 So, cluster center remains the same. 

 For Cluster-02: 

 Center of Cluster-02 

= ((8 + 5 + 7 + 6 + 4)/5, (4 + 8 + 5 + 4 + 9)/5) 

= (6, 6) 

 For Cluster-03: 

 Center of Cluster-03 

= ((2 + 1)/2, (5 + 2)/2) 

= (1.5, 3.5) 

 This is completion of Iteration-01. 

 Iteration-02: 



 We calculate the distance of each point from each of the center of the three clusters. 

 The distance is calculated by using the given distance function. 

 The following illustration shows the calculation of distance between point A1(2, 10) and 

each of the center of the three clusters- 

 Calculating Distance Between A1(2, 10) and C1(2, 10)- 

 Ρ(A1, C1) 

= |x2 – x1| + |y2 – y1| 

= |2 – 2| + |10 – 10| 

= 0 

 Calculating Distance Between A1(2, 10) and C2(6, 6)- 

  

Ρ(A1, C2) 

= |x2 – x1| + |y2 – y1| 

= |6 – 2| + |6 – 10| 

= 4 + 4 

= 8 

  

Calculating Distance Between A1(2, 10) and C3(1.5, 3.5)- 

 Ρ(A1, C3) 

= |x2 – x1| + |y2 – y1| 

= |1.5 – 2| + |3.5 – 10| 

= 0.5 + 6.5 

= 7 

 In the similar manner, we calculate the distance of other points from each of the center of 

the three clusters. 

Next, 

 We draw a table showing all the results. 

 Using the table, we decide which point belongs to which cluster. 

 The given point belongs to that cluster whose center is nearest to it. 

  

Given 

Points 

Distance 

from 

center (2, 

10) of 

Cluster-01 

Distance 

from 

center 

(6, 6) of 

Cluster-

02 

Distance 

from center 

(1.5, 3.5) of 

Cluster-03 

Point 

belongs to 

Cluster 

A1(2, 

10) 
0 8 7 C1 

A2(2, 5 5 2 C3 



5) 

A3(8, 

4) 
12 4 7 C2 

A4(5, 

8) 
5 3 8 C2 

A5(7, 

5) 
10 2 7 C2 

A6(6, 

4) 
10 2 5 C2 

A7(1, 

2) 
9 9 2 C3 

A8(4, 

9) 
3 5 8 C1 

 

From here, New clusters are- 

Cluster-01: 

First cluster contains points- 

 A1(2, 10) 

 A8(4, 9) 

Cluster-02: 

Second cluster contains points- 

 A3(8, 4) 

 A4(5, 8) 

 A5(7, 5) 

 A6(6, 4) 

Cluster-03: 

Third cluster contains points- 

 A2(2, 5) 

 A7(1, 2) 

Now, 

 We re-compute the new cluster clusters. 

 The new cluster center is computed by taking mean of all the points contained in that 

cluster. 

For Cluster-01: 

Center of Cluster-01 

= ((2 + 4)/2, (10 + 9)/2) 



= (3, 9.5) 

  

For Cluster-02: 

Center of Cluster-02 

= ((8 + 5 + 7 + 6)/4, (4 + 8 + 5 + 4)/4) 

= (6.5, 5.25) 

For Cluster-03: 

Center of Cluster-03 

= ((2 + 1)/2, (5 + 2)/2) 

= (1.5, 3.5) 

This is completion of Iteration-02. 

After second iteration, the center of the three clusters are- 

 C1(3, 9.5) 

 C2(6.5, 5.25) 

 C3(1.5, 3.5) 

 

3. Describe  Model Based  Clustering  Methods in detail                                         (13)  

Soln:- 

Model-based clustering is a statistical approach to data clustering. The observed (multivariate) 

data is considered to have been created from a finite combination of component models. Each 

component model is a probability distribution, generally a parametric multivariate 

distribution. 

For instance, in a multivariate Gaussian mixture model, each component is a multivariate 

Gaussian distribution. The component responsible for generating a particular observation 

determines the cluster to which the observation belongs.Model-based clustering is a try to 

advance the fit between the given data and some mathematical model and is based on the 

assumption that data are created by a combination of a basic probability distribution.  

There are the following types of model-based clustering are as follows – 

1.Fuzzy Clusters:- 

Fuzzy clustering allows an object to be assigned to more than one cluster . The strength of each 

object's belonging to a cluster is defined by a membership function that has a value between 0 

and 1. The summation of membership values for each gene over all clusters is 1. 

Applications in several fields of Fuzzy clustering : 

1. Image segmentation: Fuzzy clustering can be used to segment images by grouping pixels 
with similar properties together, such as color or texture. 

2. Pattern recognition: Fuzzy clustering can be used to identify patterns in large datasets 
by grouping similar data points together. 

3. Marketing: Fuzzy clustering can be used to segment customers based on their 
preferences and purchasing behavior, allowing for more targeted marketing campaigns. 



4. Medical diagnosis: Fuzzy clustering can be used to diagnose diseases by grouping 
patients with similar symptoms together. 

5. Environmental monitoring: Fuzzy clustering can be used to identify areas of 
environmental concern by grouping together areas with similar pollution levels or other 
environmental indicators. 

6. Traffic flow analysis: Fuzzy clustering can be used to analyze traffic flow patterns by 
grouping similar traffic patterns together, allowing for better traffic management and 
planning. 

7. Risk assessment: Fuzzy clustering can be used to identify and quantify risks in various 
fields, such as finance, insurance, and engineering. 

Advantages of Fuzzy Clustering: 

1. Flexibility: Fuzzy clustering allows for overlapping clusters, which can be useful when the 
data has a complex structure or when there are ambiguous or overlapping class 
boundaries. 

2. Robustness: Fuzzy clustering can be more robust to outliers and noise in the data, as it 
allows for a more gradual transition from one cluster to another. 

3. Interpretability: Fuzzy clustering provides a more nuanced understanding of the 
structure of the data, as it allows for a more detailed representation of the relationships 
between data points and clusters. 

Disadvantages of Fuzzy Clustering: 

1. Complexity: Fuzzy clustering algorithms can be computationally more expensive than 
traditional clustering algorithms, as they require optimization over multiple membership 
degrees. 

2. Model selection: Choosing the right number of clusters and membership functions can be 
challenging, and may require expert knowledge or trial and error. 

3. If you’re interested in learning more about fuzzy clustering, you might consider reading 
“Fuzzy Clustering and Its Applications” by James C. Bezdek or “An Introduction to Fuzzy 
Clustering” by WitoldPedrycz and Fernando Gomide. 

The steps to perform the algorithm are:  
Step 1: Initialize the data points into the desired number of clusters randomly.  
Let us assume there are 2 clusters in which the data is to be divided, initializing the data 
point randomly. Each data point lies in both clusters with some membership value which can 
be assumed anything in the initial state.  
The table below represents the values of the data points along with their membership 
(gamma) in each cluster. 
Cluster    (1, 3)    (2, 5)    (4, 8)    (7, 9) 
1)          0.8        0.7       0.2       0.1 
2)          0.2        0.3       0.8       0.9 
Step 2: Find out the centroid.  
The formula for finding out the centroid (V) is: 

 



Where, µ is fuzzy membership value of the data point, m is the fuzziness 
parameter (generally taken as 2), and xk is the data point.  
Here, 

V11  = (0.8^2 *1 + 0.7^2 * 2 + 0.2^2 * 4 + 0.1^2 * 7) / ( (0.8^2 + 0.7^2  + 0.2^2  + 0.1^2 ) = 
1.568 
V12  = (0.8^2 *3 + 0.7^2 * 5 + 0.2^2 * 8 + 0.1^2 * 9) / ( (0.8^2 + 0.7^2  + 0.2^2  + 0.1^2 ) = 
4.051 
V21  = (0.2^2 *1 + 0.3^2 * 2 + 0.8^2 * 4 + 0.9^2 * 7) / ( (0.2^2 + 0.3^2  + 0.8^2  + 0.9^2 ) = 
5.35 
V22  = (0.2^2 *3 + 0.3^2 * 5 + 0.8^2 * 8 + 0.9^2 * 9) / ( (0.2^2 + 0.3^2  + 0.8^2  + 0.9^2 ) = 
8.215 
Centroids are: (1.568, 4.051) and (5.35, 8.215) 
Step 3: Find out the distance of each point from the centroid. 
D11 = ((1 - 1.568)2 + (3 - 4.051)2)0.5 = 1.2 
D12 = ((1 - 5.35)2 + (3 - 8.215)2)0.5 = 6.79 
Similarly, the distance of all other points is computed from both the centroids.  
Step 4: Updating membership values. 

 

For point 1 new membership values are: 

= [{ [(1.2)2 / (1.2)2] + [(1.2)2 / (6.79)2]} ^ {(1 / (2 – 1))} ] -1 = 0.96 

= [{ [(6.79)2 / (6.79)2] + [(6.79)2 / (1.2)2]} ^ {(1 / (2 – 1))} ] -1 = 0.04 
Alternatively, 

 

Similarly, compute all other membership values, and update the matrix.  
Step 5: Repeat the steps(2-4) until the constant values are obtained for the membership 
values or the difference is less than the tolerance value (a small value up to which the 
difference in values of two consequent updations is accepted).  
Step 6: Defuzzify the obtained membership values.    
 

2. Expectation maximization  

 Expectation maximization is a popular iterative refinement algorithm. An extension to k-

means − 

 It can assign each object to a cluster according to weight (probability distribution). 

 New means are computed based on weight measures. 

The basic idea is as follows − 

 It can start with an initial estimate of the parameter vector. 

 It can be used to iteratively rescore the designs against the mixture density made by the 

parameter vector. 

 It is used to rescored patterns are used to update the parameter estimates.  



 It can be used to pattern belonging to the same cluster if they are placed by their scores 

in a particular component. 

Algorithm 

 Initially, assign k cluster centers randomly. 

 It can be iteratively refined the clusters based on two steps are as follows −  

Expectation step − It can assign each data point Xi to cluster Ci with the following probability 

P(Xi∈Ck)=P(Ck/Xi)=P(Ck)P(Xi/Ck)/P(Xi) 

Maximization step − It can be used to estimate of model parameter 

mk=1/N∑i=1
N XiP(Xi∈Ck)/XjP(Xi)∈Cj 

Limitations 

 The assumption that the attributes are independent of each other is often too strong 

because correlation can exist. 

 It is not suitable for clustering large database data, skewed trees, and expensive 

probability distributions. 


