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Abstract:- — Brain is a central as well as important part of a human body. Brain activities are very 

complicated and difficult to understand. Functional Magnetic Resonance Imaging (FMRI) helps to study human 

brain functions. To better understanding of complex brain activities, we have to first understand complex 

interplay among the brain regions so for that we propose clustering a technique. The purpose of Clustering 

Technique is to understand the complex interaction patterns among brain regions as well as Identify Brain 

disorders. Based on this Clustering Technique, we propose Interaction K-means (IKM), a partitioning clustering 

algorithm suitable to detect clusters of objects with similar interaction patterns and The Expectation 

Maximization(EM) algorithm with Gaussian Mixtures is very similar to k-Means algorithm. The algorithm 

begins with an initial guess to the cluster centers, and iteratively refines them an efficient Algorithm for 

partitioning clustering.  
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I. INTRODUCTION 
Brain is an important part of human body which  performs many functions simultaneously. The brain 

functions are very complex and difficult to understand. To understand the complex functions and the psychiatric 

disorders of the brain, we have to understand the different brain activities. Brain activity often is the only 

resource to understand psychiatric disorders. Functional magnetic resonance imaging (FMRI) helps to study 

human brain function in a non-invasive way. The basic signal of FMRI depend upon the blood-oxygen-level-

dependent (BOLD) effect, which allows indirectly imaging brain activity by changes in the blood flow related to 

the energy consumption of brain cells (see Figure2). 

 FMRI data are time series of 3-dimensional volume images of the brain. A typical statistical analysis 

involves comparing groups of subjects or different experimental conditions based on univariate statistical tests 

on the level of the single 3-d pixels called voxels. These voxels data from FMRI experiments are massive in 

volume, since these data represent complex brain activity. To make more effective and efficient multivariate 

data mining methods we need more potential information. To get a better understanding of complex brain 

activity, it is essential to understand the complex interplay among brain regions during task and at rest.  

                  A cluster is a collection of objects which are “similar” between them and are “dissimilar” to the 

objects belonging to other clusters.So mainly we use clustering techinqic to detect and make a group of similar 

patterns.To find the similar interaction patterns among the brains regions we use this clustering technique.With 

the help of clustering techniques we capture the different interaction patterns in healthy and diseased subjects. 

 

 

 

 

 

 

 

 

 

Clustering Technique 
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Fig.1: Classification of  Clustering Technique 

There are many clustering techniques are present such as Distance-based,Hierarchical,Partitioning, 
Probabilistic.Partitioning clutering techniqic divide the data into proper subset and recursively  go through each 

subset and relocate points between clusters.In the partitioning clutering techniqic there are mainly k-means 

method and Gaussian Mixtures Based method. 

 

 

Fig.2. Flow of System Architecture 

 

The Interaction K-means (IKM) is base on k-means techniqic.IKM is a partitioning clustering used to detect 

clusters of objects with similar interaction patterns. The algorithm IKM is a general technique for clustering 

multivariate time series and not limited to FMRI data. A cluster analysis of motion stream data potentially 

identifies clusters with similar movements, usually performed by  different persons. Most of the techniques 

consider either the time series as whole as the data objects to be subjected to a cluster analysis or perform 

clustering on subsequence’s which allows defining more meaningful similarity measures in many applications. 

Many of the univariate methods mentioned so far can be straightforwardly extended to the multivariate case. 

However, by doing so, information is lost: Data which is inherently multivariate often contains interactions 

between the different time series. 

 

 

 

 

 

 

 

II. INTERACTION K-MEANS CLUSTERING 
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The Interaction K-means (IKM) a partitioning clustering used to detect clusters of objects with similar 

interaction patterns. IKM is iterative algorithm which minimizes the clustering objective. 

 

Algorithm IKM: 

 

                                                   Fig.3: K-Means Clusters 
 

IKM is iterative partitioning clustering algorithm; IKM follows a similar algorithmic paradigm as K-means. In 

the IKM, first step is initialization. For initialization we partition Data set (DS) into K cluster. For IKM it is 

favourable that the initial clusters are balanced in size to avoid over fitting. Therefore, we partition the data set 

into K equally sized random clusters and find a set of models for each cluster. After initialization, IKM 

iteratively performs mainly two steps that are: In the assignment step, each object O is assigned to the cluster 

w.r.t. which the error is minimal, i.e. O.cid = minC∈C EO,C.It is easy to see that this minimizes the objective 

function After assignment, in the update step, the models of all clusters are reformulated. Pseudo code of IKM is 

provided (see Figure 4). 

 

algorithm IKM (data set DS, integer K): 

Clustering C 

  Clustering best Clustering; 

//initialization 

     for init := 1...maxi nit do 

         C := randomInit(DS,K); 

     for each C ∈C do 

         MC := find Model(C); 

     while not converged or iter < maxIter do 

//assignment 

     for each O ∈ DS do 

         O.cid = minC∈CEO,C 

//update 

     for each C ∈C do 

        MC := findModel(C); 

     if improvement of objective function  

     best Clustering :=C; 

     end while 

     end for 

return best Clustering; 

                                                        Fig.4: Algorithm Interaction K-means 

III. INTERPRETATION OF THE CLUSTERING 
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For interpretation of the clustering result, we consider, a subset of the models which best differentiates among 

the clusters. For each pair of clusters, the best discriminating models are selected by leave-one-out validation 

using objects of the corresponding clusters. To find the discriminate among the cluster, we consider error with 

the correct cluster of test object. Correct cluster of test object with positive sign and error object cluster with 

negative sign (see Figure 5). Finally the Clustering result together with the information about which models best 

discriminate among cluster is a good basis for user interaction. 

algorithm dimension Ranking 

(Cluster Ci, Cluster Cj): ranking 

       error in models := new ARRAY [d]; 

//leave-one-out-validation 

     for each O ∈OCi ∪OCj do 

         test := O 

         OCi :=OCi \test; OCj :=OCj \test; 

         findModel(Ci); findModel(Cj) 

      for each cluster ∈{Ci,C j} do 

if O.cid = cluster.id then 

                sign := 1; 

           else  

                sign :=−1; 

           end if 

           for i := 1...d do 

error in models[d]+ = sign∗ cluster.models[d]          

 calculateErrorFrom(O. getTimeSeries(d)); 

           end for 

        end for 

   end for 

   sort(error in models); 

 return error in models; 

Fig.5: Algorithm Interpretation Of The Results. 

 

IV. INTERACTION AMONG THE BRAIN REGIONS 

4.1. Functional magnetic resonance imaging (FMRI) 

    Functional Magnetic Resonance Imaging (FMRI) help to study human brain functions. Functional MRI 

generates a series of 3-D volume images of the brain. Each image consists of about 60,000 voxels and 

the interval between time points is about 2-3 seconds. Each voxel can use time series from the images. 

However, for neighbouring voxels signal activity is very similar. 
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                            Fig.6: Brain Regions                                                          Fig.7: MRI of Brain 

4.2. Somatoform Pain Disorder  

Somatoform Pain Disorder has severe impact on the quality of living of the affected persons since the 

main symptom is severe and prolonged pain for which there is no medical explanation. The causes of 

this psychiatric disorder are not fully understood but the hypothesis is that patients have alternating 

mechanisms of observing and processing pain. Therefore subjects underwent alternating blocks of pain 

and non-painful stimulation while in the scanner. After pre-processing segment the data of each subject 

into 90 anatomical regions of interest (ROIs). 

4.3. Schizophrenia 

Schizophrenia is characterized by the impaired interaction between distributed brain regions 

particularly the striatum. Increased dopamine activity in the striatum is essential for schizophrenia and 

anti-dopaminergic treatment the main therapy of the disorder. Intrinsic brain networks are characterized 

by synchronous brain activity at rest. 

 

5. CONCLUSIONS 
 

           Here, we propose an Interaction–based K-Means (IKM) clustering technique. We define cluster as a 

set of subjects sharing a similar interaction pattern among their brain regions with interaction k-means. IKM 

achieves good result on data from various domains. IKM algorithm is especially excellent results on FMRI data. 

IKM also scalable, robust against noise and dimensions. With the interpretation result we will obtain best 

discriminate among clusters which is good for user interaction. So with the IKM we understand and identify the 

complex interaction patterns among brain regions by data clustering technique which will help to find 

psychiatric disorders of the brain. 
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