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ABSTRACT 

Brain is an important part which controls all the functions of the human body but the functions are very complex 

and difficult to understand. Functional Magnetic Resonance Imaging (fMRI) helps to study human brain 

function or activity in a non-invasive way, but the data is large in volume, thus effective and efficient data 

mining techniques are required. Analysing  the interaction patterns among the  brain regions helps us to 

understand the brain process. The main objective is to find out objects having a similar intrinsic interaction 

pattern to a common cluster as well as identify brain disorders by data clustering technique.In the existing 

system,Interaction K-Means clustering(IKM) is used which differentiates the normal and diseased clusters.In the 

proposed system, Interaction K-Means clustering with  Ranking algorithm is together used which improves the 

efficiency by finding the best affected cluster among several clusters and lists the clusters from diseased to 

normal. 
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I. INTRODUCTION 

 

Human brain activity is very complex and difficult to understand. Many psychiatric disorders such as 

Schizophrenia and Somatoform Pain Disorder is still not identified by biomarkers nor by physiological 

abnormalities of the brain. Functional magnetic resonance imaging (fMRI) provides the way  to study human 

brain function in a non-invasive way. The basic signal of fMRI depends on the blood-oxygen-level-dependent 

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

energy consumption of brain cells. In a typical fMRI experiment, cognitive task such as processes related to 

knowledge, memory are performed while in the scanner. In resting state fMRI, subjects are instructed to  close 

their eyes and relax while in the scanner. Thus ,resting state fMRI  is used to explore the brain functions 

inhealthy as well as diseased subjects.fMRI  data are time series of 3-dimensional volume images of the brain. 

The data is traditionally analyzed within a mass-univariate framework essentially relying on classical inferential 

statistics, e.g. contained in the software package SPM [3]. 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. Data from fMRI experiments are massive in volume with more than hundred 

thousands of voxels and hundreds of time points. Since these data represent complex brain activity, also the 

information content can be expected to be highly complex. Only a small part of this information is accessible by 
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univariate statistics. To make more of the potentially available information accessible, we need effective and 

efficient multivariate data mining methods.A cluster is a collection of  similarobjects and so clustering technique 

is used to detect and make a group of similar patterns.With the help of clustering techniques we capture the 

different interaction patterns in healthy and diseased subjects. 

 

II.RELATED WORK 

 

C. Plant, A. Zherdin, C. Sorg, A. Meyer-Baese, and M.Wohlschlger, Mining Interaction Patterns among 

Brain Regions by Clustering[1] : This paper introduces interaction K-means (IKM), an efficient algorithm for 

partitioning clustering technique for mining the different interaction patterns in healthy and diseased subjects by 

clustering. Interaction K-means. (IKM) simultaneously clusters the data and discovers the relevant cluster-

specific interaction patterns. IKM achieves good results on synthetic data and on real world data. It is scalable 

and robust against noise.Algorithm improves the efficiency of the clustering result, there is no separate 

algorithm for feature selection process Complexity is high.  

M. D. Fox and M. E. Raichle, Spontaneous fluctuations in brain activity observed with functional 

magnetic resonance imaging[2] : M. D. Fox and M. E. Raichle introduces a spontaneous fluctuation in brain 

activity with functional magnetic resonance imaging (fMRI) blood oxygen level dependent (BOLD) signal 

method and spatial and temporal properties of spontaneous BOLD fluctuations. According to him modulation of 

the functional magnetic resonance imaging (fMRI) blood oxygen level dependent (BOLD) signal attributable to 

the experimental paradigm can be observed in distinct brain regions, such as the visual cortex, allowing one to 

relate brain topography to function.However, spontaneous modulation of the BOLD signal which cannot be 

attributed to the experimental paradigm or any other explicit input or output is also present. Because it has been 

viewed as noise in task-response studies, this spontaneous component of the BOLD signal is usually minimized 

through averaging. 

T. W. Liao, Clustering of time series data A survey[3]: Mainly the survey is based on three key components 

of time series clustering algorithm, the similarity/dissimilarity measure, and the evaluation criterion. The author 

has observed the goal of clustering is to identify structures in an unlabeled data set by objectively organizing 

data into homogeneous groups where the within-group-object similarity is minimized and the between group 

object dissimilarity is maximized. None of these in the paper which included in this survey handle multivariate 

time series data with different length for each variable. 

D. Arthur, B. Manthey, and H. Rglin, Smoothed analysis of the k-means method[4]: This paper introduces 

the smoothed running time of the k-means method.The k-means method is in fact a perfect candidate for 

smoothed analysis: it is extremely widely used, it runs very fast in practice, and yet the worst-case running time 

is exponential. It did not make a huge effort to optimize the exponents as the arguments are intricate enough 

even without trying to optimize constants. The smoothed analyses so far are unsatisfactory as the bounds are 

still super-polynomial in the number n of data points. 

H.-P. Kriegel, P. Krger, A. Pryakhin, M. Renz, and A. Zherdin,Approximate clustering of time series 

using the compact model based descriptions[5]: In every field, measurements are performed over time. A 

time series represents a collection of values obtained from sequential measurements over time. The purpose of 

time-series data mining is to try to extract all meaningful knowledge from the unlabeled set of data. The benefit 
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of this paper is that the size of our approximation depends only on the number of coefficients of the model (i.e. 

the number of reference time series). The distance computation requires rather high run times and, if the time 

series are indexed by a standard spatial indexing method such as the R-Tree or one of its variants, this index will 

perform rather badly due to the well-known curse of dimensionality. The key issue for approximate clustering is 

of course to generate accurate results. 

C. Bohm, L. Laer, C. Plant, and A. Zherdin, Model-based classification of data with time series-valued 

attributes[6]:Classification decisions are supported by class-specific interaction patterns within the time series 

of a data object. It would be also interesting to design model-based classifiers for FMRI data and combined 

FMRI-EEG data sets which are very challenging because of the large number of time series in FMRI data kind 

of object representation is very natural and straightforward in many applications, not much research on data 

mining methods for objects of this particular type. 

Chuanjun Li, Latifur Khan, and BalakrishnanPrabhakaran Feature Selection for Classification of 

Variable length Multi-attribute Motions[7] : To capture the motion is a new type of multimedia. Recognizing 

the patterns of human motion there is use of a 3D camera. The idea of this paper is to capture the data of 

motions with the multiple attributes. To capture the movements of multiple joints of a subject, having a different 

length for even similar motions. To classify and recognize, multi-attribute motion data of different lengths, 

Chuanjun Li, Latifur Khan, and BalakrishnanPrabhakaran introduced a new type of multimedia technique which 

is Support Vector Machines (SVM). By applying Support Vector Machines (SVM) to the feature vectors, we 

can efficiently classify and recognize real world multi-attribute motion data using only a single motion pattern 

in the database to recognize similar motions allows for less variations in similar motion real time recognition of 

individual isolated motions accurately 

andefficiently.

 

Interaction pattern within a multivariate time series: The signal of dim12, in our application representing a 

specific region of the brain,is provided by a linear combination of some other dimensions, here by dim4 to dim6, 

representing an interaction pattern among a set of brain regions. 

 

III.PROPOSED WORK 

Algorithm 

In proposed system IKM algorithm is used. The first step of IKM is the initialization. As a common strategy for 

K-means, propose to run IKM several times with different random initializations and keep the best overall 
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result. For initialization, randomly partition DS into K clusters. For IKM it is favorable that the initial clusters 

are balanced in size to avoid overfitting. Therefore, partition the data set into K equally sized random clusters 

and find set of models for each cluster. For model finding apply greedy stepwise algorithm combination with 

Bayesian Information Criterion (BIC). After initialization, IKM iteratively performs the further two steps until 

convergence. After assignment, in the update step, the models of all clusters are reformulated. IKM converges 

as soon as no object changes its cluster assignment during two consecutive iterations. 

algorithmIKM (data set DS, integer K):  

Clustering C  

Clustering best Clustering;  

//initialization  

forinit := 1 . . . maxInitdo 

C :=randomInit(DS, K);  

for each C ∈Cdo 

MC:=findModel(C);  

while not converged or iter<maxIter do  

//assignment  

for each O ∈ DS do  

O.cid = minC∈CEO,C 

//update  

for each C ∈Cdo 

Mc:=findModel(C);  

ifimprovement of objective function  

bestClustering := C;  

end while  

end for  

returnbestClustering; 

fMRI images are taken as input and from the images histogram values are calculated as well as stored. In that 

first random clustering is done. On that each cluster, model finding is applied and clustering is done up to 

convergence. For model finding ,linear models are used since the computation is efficient. From clustering, 

normal brain images and abnormal brain images are evaluated.  The known disease and normal images are 

stored already as training data which are compared with newly obtained clusters and  finally with help of 

ranking algorithm the clusters will be listed in order from diseased to normal. Thus, best affected cluster will be 

listed first. 

 

IV.RESULTS 

 

In proposed system fMRI image dataset is taken as input and IKM clustering is applied where the images are 

compared with the database that contains normal brain images and different diseased brain images,then diseased 

clusters are ranked first .A major advantage of IKM is the possibility  to interpret the detected interaction 

patterns and  achieves significantly faster response time than K-means algorithm. Also IKM algorithm achieves 



 

1310 | P a g e  

better clustering accuracy than K-means algorithm. Best clustering is done using IKM algorithm and finally 

Ranking is done where the most affected cluster is listed first. 

 

V. CONCLUSION 

 

In this paper, novel cluster notionis  proposed for FMRI image data. Cluster is defined as a set of objects which 

shares a specific interaction pattern among the dimensions and Interaction K-means (IKM), an efficient 

algorithm for  clustering is used. The specific cluster for specific diseasesis  detected  where  normal brain 

images as well as psychiatric disorder images  are differentiated. 
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