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Abstract— Data mining is the non-trivial process of extracting information from the very large database. Clustering plays a 

vital role in handling low dimensional data and high dimensional data in database. Low dimensional data is easy to cluster 

but high dimensional data is difficult. In addition clustering is difficult due to increasing sparsity in data. To eradicate this 

problem, a novel Hubness Based Cluster Boosting (HBCB) approach to address limitations in cluster boosting approach. 

Here hubness refers a data point which may frequently occur among the group. Hubness based clustering technique is thus 

used to improve the effectiveness and accuracy. 
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I. INTRODUCTION 

Data mining is the extraction of hidden predictive information from large databases. It is a powerful new technology with great 

potential to help companies focus on the most important information in their data warehouses. Data mining tools predict future 

trends and behaviours, allowing businesses to make proactive, knowledge-driven decisions. 

Generally, data mining (sometimes called data or knowledge discovery) is the process of analysing data from different 

perspectives and summarizing it into useful information - information that can be used to increase revenue, cut costs, or both. 

Data mining software is one of a number of analytical tools for analysing data. It allows users to analyse data from many 

different dimensions or angles, categorize it, and summarize the relationships identified. Technically, data mining is the process 

of finding correlations or patterns among dozens of fields in large relational databases. 

II. EXISTING SYSTEM 

Clustering is a process of partitioning a set of data (or objects) into a set of meaningful sub-classes, called clusters. Help users 

understand the natural grouping or structure in a data set. Clustering is the grouping of a particular set of objects based on their 

characteristics, aggregating them according to their similarities. Regarding to data mining, this methodology partitions the data 

implementing a specific join algorithm, most suitable for the desired information analysis. 

The huge amount of data springs up naturally in various domains, which confronts a great challenge for the tralatitious 

data mining techniques in terms of efficiency and effectiveness. In order to achieve accurate information from the collected 

data various techniques gets evolved. The data get classified on various required pattern in order to extract the utile information. 

The analysis of cluster or cluster is a process of gathering a course of action of things in a way that articles in the same get-

together are more like each other than to those in different party. Boosting is the tedious methodology which arrangements to 

improve the insightful precision of the learning measurements.  

Boosting the group enhances nature of mining procedure. Boosting the cluster improves quality of mining process. 

Boosting works by taking in different capacities with consequent capacities concentrating on off base occasions where the past 

capacities anticipated the wrong mark. Boosting the group approach sections the preparation data into clusters containing 

fundamentally the same as part information and bearings these gatherings especially into the boosting framework. Boosting the 

bunch helps especially on every gathering on both the extra structure gave by the gathering and past breaking point precision 

on the part information. Particular boosting licenses boosting the group to improve predictive precision on problematic training 

information. The clustering becomes difficult when the sparsity of the data gets increased and the difficulty also arises in 

grouping the data points. 

So, the system gets enhanced by implementing the hubness i.e., the inclination of high-dimensional information to 

contain focuses (center points) that much of the time happen in k closest neighbor arrangements of different focuses, can be 

effectively abused in grouping. When clustering get performed on basis of hubness then the problem of curse of dimensionality 

get diminished. The further enhancement can be performed by implementing the method as K-means feature weightage. The 

attributes are get sorted depend on the weightage, and then the clustering get performed. The experimental results show that the 

proposed methodology supports data in various environments even in presence of noise. The good performance in clustering 

the data gets obtained from large data set effectively. The performance get compared from the predicted results and shown in 

the precision, recall and measure values. 

This may uses a cluster based boosting approach to improve the subsequent function this approach will partition the 

training data into cluster with similar data member. The CBB will evaluate each cluster data whether it uses subsequent function 

learning by the data member in the cluster.  In this work, there are two main methods for boosting: boosting by resampling and 

boosting by reweighting. Both methods use a probability distribution over all the training data to decide the training data for 

subsequent functions. On the other hand, reweighting learns a function using the probabilities directly. Both methods operate 

similarly: over multiple iterations the probability for incorrect instances goes up and the probability goes down for correct 

instances. 
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The first limitation to current boosting is that focusing on the incorrect instances leads to filtering when correct training 

data necessary for learning the actual decision boundary is filtered out of the training data and, thus, is unavailable for 

subsequent functions. Such filtering can result in subsequent functions that do not improve (and actually reduce) the predictive 

accuracy for boosting. Such filtering is particularly problematic when the training data contains troublesome areas and/or label 

noise. To improve the problem our system provides a solution of how filtering affects subsequent functions when the training 

data contains troublesome areas. 

Troublesome areas are difficult for the initial function to learn because of different relevant features as opposed to 

label noise. These areas result from a variety of factors found in real-world data sets including manifolds, multiple views, and 

multiple tasks. The second limitation is that the boosting process learns subsequent functions using all the incorrect instances. 

Forcing subsequent functions to learn all the incorrect instances can increase function complexity resulting in subsequent 

functions overfitting on the training data. Since the boosting process uses a weighted vote over these functions as the final 

decision, overfitting in subsequent functions is propagated into the final decision boundary. Functions that overfit increase the 

accuracy on training data at the cost of predictive accuracy. Such complex functions overfitting on the training data can actually 

reduce the final decision boundary accuracy. 

III. PROPOSED SYSTEM 

Hubness is a recently described aspect of the curse of dimensionality inherent to nearest-neighbor methods. This approach 

describes a new approach for exploiting the hubness phenomenon in k-nearest neighbor classification. An algorithm called k-

Nearest Neighbor (KNN), which introduces the k-occurrence informativeness into the hubness-aware k-nearest neighbor voting 

framework. The algorithm successfully overcomes some of the issues with the previous cluster based boosting approaches. 

Most prominent data mining tasks include classification and clustering.  

Classification is the common denominator of various recognition tasks such as signature verification speech and 

handwriting recognition. For example, in case of handwriting recognition, the user is writing a symbol on the touch screen of a 

tablet or smart phone while the device is recording the tip’s position at consecutive moments of time, e.g. 100 times per second. 

The positions can be described quantitatively by the horizontal and vertical coordinates of the points where the screen is touched. 

This results in a sequence of measured numerical values (horizontal and vertical coordinates). In order to solve the 

aforementioned recognition and prediction tasks, due to the large amount of underlying data and/or the required recognition 

speed, human experts usually need to be assisted by automated recognition systems. 

Many state-of-the-art solutions are based on machine learning: a recognition model, called classifier, is constructed 

based on previously collected data and evidence (such as which sequence of positions corresponds to which handwritten symbol, 

or which medical signal corresponds to which disease, where are the symptoms of that disease expressed in the data). 

The presence of hubs, i.e., instances that occur surprisingly frequently as neighbors of other instances, has been 

observed in various natural and artificial networks, such as protein-protein-interaction networks or the internet. In case of 

nearest neighbor classification, we consider the nearest neighbor graph, in which vertices correspond to instances of the dataset 

and there is an edge from vertex vx to vertex vz if instance z is one of the k nearest neighbors of instance x. An example for 

such a nearest neighbor graph with k = 1 is shown in Fig 4.1. The presence of hubs in nearest neighbor graphs has been 

confirmed in various contexts, such as text mining, music retrieval and recommendation, image data and time series. 

A. System Architectural Design 

 
Fig. 1: Block diagram of Cluster Based Boosting 
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B. List of Modules 

1) Dataset Collection and Preprocessing 

2) Formation of Cluster using K-Means clustering 

3) Establishment of Cluster Based Boosting mechanism 

4) Prediction of new disease class labels 

5) Performance Evaluation 

C. Modules Description 

1) Dataset Collection and Pre-Processing 

In this module the data from the UCI bench mark resource in which we extract a particular dataset named,PIMA Indians 

diabetes(http://archive.ics.uci.edu/ml/machine-learning/databases/pima-indians-diabetes/pima-indians-Diabetes.names) to 

predict the diabetics by considering several attributes like Plasma glucose, Diastolic blood pressure, Age etc.. 

2) Formation of Cluster using K-Means Clustering 

The data collected are grouped into several clusters based on the attributes /features by using k –means algorithm, the grouping 

is done by corresponding cluster centroid. Then the distance of each object to the centroids are calculated, the value is based on 

selection of particular attribute. Since we are not sure about the location of the centroid, we need to adjust the centroid location 

based on the current updated data. Finally the algorithm finds the closest centroid i.e. the minimum distance is calculated. The 

principal advantage for k-Means clustering is that clusters are created based on instance similarity without using the instance 

labels. 

3) Establishment of Cluster Based Boosting Mechanism 

The clusters formed in the previous module is give as input to this boosting mechanism, this mechanism uses selective boosting 

to improve predictive accuracy on problematic training data and to predict the correct label, this structure uses cluster types 

such as HES Heterogeneous Struggling, HEP Heterogeneous Prospering, HOS Homogeneous Struggling, HOP Homogeneous 

Prospering which helps to mitigate the filtering problem in subsequent functions. The cluster type is computed using the 

localized estimate metric from the minority label.  First, 

 The training data is broken into sets of clusters with varying k where each set of clusters minimizes the objective function 

 CBB chooses the set of clusters with the lowest BIC (Bayesian information criterion), 

 CBB learns the initial function using all the training data.  

After selective boosting, the set of functions is assigned the weighted vote (MLE) and used to predict the labels for a 

new instance. The learning rate used to control the update of the weights for the incorrect instances. There are two different 

ways that these subsequent functions can be used: restricted and unrestricted. Restricted only counts the subsequent functions 

learned on the cluster to which the new instance would be assigned and disregards votes from other clusters.  

4) Prediction of New Disease Class Labels 

This module is used to predict the new class instances for the class label which is used to predict the members of the cluster 

which class it belongs to whether it is for new one or old class label. The boosting approach will carry out this prediction of 

class label value whether they are affected with diabetics or not. 

5) Performance Evaluation 

The System is evaluated against the following properties: 

 Precision is the probability that a (randomly selected) retrieved record is relevant to the search. 

Precision rate= true positive/true positive + false positive 

 Recall is the probability that a (randomly selected) relevant record is retrieved the query that are successfully retrieved. 

Recall rate= true positive/true positive + false negative 

 Accuracy is calculated using the formula, 

Accuracy rate = true positive + true negative/true positive + true negative + false positive +false negative. 

IV. RESULT 

A. Home Page of Cluster Boosting 

 
Fig. 2: Home Page of Cluster Boosting 
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In this module, the datasets for diabetics is collected by clicking on the browse option, these datasets are saved and viewed by 

clicking on the save and view options respectively. Close option is used to exit. 

B. Dataset Pre-Processing 

 
Fig. 3:  

C. Pre-Processed Dataset 

 

 

 
Fig. 3: Preprocessed dataset 

Datasets based on attributes is collected and viewed. 
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D. K-Means Clustering 

 
Fig. 4: K means Clustering 

The number of clusters to be formed is given by user and the attribute based on which the cluster is to be formed is choosen 

E. Cluster based Boosting 

 
Fig. 5: Cluster based Boosting 

In this module type of clustering is chosen. 

 
Fig. 6: Class label is predicted and viewed   Fig. 7: Cluster based Boosting 
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