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Abstract: Data Streams are having huge volume and it can-not 

be stored permanently in the memory for processing. In this paper 

we would be mainly focusing on issues in data stream, the major 

factors which are affecting the accuracy of classifier like 

imbalance class and Concept Drift. The drift in Data Stream 

mining refers to the change in data. Such as Class imbalance 

problem notifies that the samples are in the classes are not equal. 

In our research work we are trying to identify the change (Drift) in 

data, we are trying to detect Imbalance class and noise from 

changed data. And According to the type of drift we are applying 

the algorithms and trying to make the stream more balance and 

noise free to improve classifier’s accuracy. 

Index Terms: Data Stream mining, classification, semi 

supervised learning, concept drift. 

I. INTRODUCTION 

Data streams are having continuous, unwoundable flow of 

data, so there are chances of misclassifying the samples from 

another class. The problem of imbalance class occurs when 

there are more number of samples in one class than the other 

class.[1] With this problem the model would not able to have 

the correct accurate prediction. At the other side concept-drift 

in streams is when the data is changed and the model is not 

able to predict the change. These issues in data stream may 

cause the real world problems like credit card fraud, facial 

recognition etc. And misclassification of class may add noise 

in data, and due to noise in data the primary concept may 

change. Many of the time the classifier is rebuts to the noise 

[10].  Moreover the change in the data does not mean the 

change in the hidden context of the data [11]. The 

fundamental rule of getting the information is to remove the 

noise [12]. There are basically two types of approaches in 

concept drift. General framework of concept drift is given in 

[9] for data stream classification. First one is single learning 

approach. The second one is ensemble learning approach 

which is having STAGGER, FLORA, ACE, SEA 

algorithms[13][14]. 

One Real time application where the Class imbalance and 

concept drift problem accrue is the Credit card fraud 

transections, where all the transactions are going to be the 

normal one or the genuine one. But if there were any fraud 

transection accrue, it is difficult to major the fraudant 

transection because most of the samples are biased towards 
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the majority classes or we can say to the normal transections. 

If there is any change of the amount accrue in the transection 

we can not identify if it is because of drift or because of the 

imbalance class. 

II. PROPOSED SYSTEM 

 

Fig 1:  Proposed system 

A. Flow Steps of the system: 

The proposed system describes the work to be carried out in 

order to achieve the objective of the research work. Firstly 

Detail data stream mining are studied in detail. An important 

information about Concept Drift in data stream are focused, 

also the algorithms for particular type of drift has been 

studied. The factor which is reason behind changing nature of 

the data is somehow the imbalance class stream and noise. 

Data Pre-Processing. 

When we have a continuous Unbounded Data, we divided it 

in chunks of the stream for ease of access. Pre-processing of 

the stream must require in terms of missing values and 

outliers.  

Step 1: Continuous Unbounded Data to Blocks of data.  

Input – Unbounded size of the stream, which can’t be 

stored in memory  

Output- Divided chunks of the stream for ease of access.  

Step 2: Detecting the change from data  

Input – Block of the data stream.  

Output – Change in data streams.  

Action – as soon as we find any change in data we have to 

find whether it is by imbalance class or not.  
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Step 3: Correction of data (if data has changed because of the 

imbalance class)  

Input – Changed Data Stream.  

Output – Balance class form the imbalance data stream and 

divide the stream into testing and training dataset to check the 

accuracy of prediction.  

Action – If the data has been changed by noise then it might 

be possible that few of the samples are misclassified or we 

can say noise may produce by imbalance stream. 

Pre-processing data which has no missing values and outliers.  

Step 4: Finding Drift  

Input – Continuous Data Stream  

Output – Detected Drift 

Action: Detected Drift 

End 

B. Handling Imbalance class and Noise. 

Generally imbalance class means the number of sample in 

one class is more than the number of samples in another class. 

There are many methods via which we can handle the 

imbalance class problem. The popular methods are 

under-sampling and oversampling and the popular 

algorithms are SMOTE, SVM [7][8]. As soon as the data has 

been changed we check whether it is by imbalance class or 

not. If the data has been changed because of imbalance class 

than obtain Balance class form the imbalance data stream 

using sampling techniques and divide the stream into testing 

and training dataset to check the accuracy of prediction.  

If the data has been changed by noise then it might be 

possible that few of the samples are misclassified or we can 

say noise may produce by imbalance stream.  

To check any change in data stream in term of amount in 

credit card transaction, we have applied drift detection 

methods, and then we have applied drift solving methods 

according to the type of a drift. 

III. EXPERIMENT DETAILS 

For Experiments we have used the Anaconda3 Cloud along 

with Python3.6 on windows OS with core i5-3210M @2.50 

GHz processor with 4 GB RAM. We have used the Credit 

card dataset to find the imbalance class and Drift. We have 

noticed that most of the transactions are normal one. There 

are few transection of fraudulent transection but due to their 

minority against the majority classes (normal classes) all the 

incoming samples are going to be bias towards the majority 

once, and it is difficult to predict that the incoming 

transection is going to be ideal transection.  

First task is to identify and remove or fill the missing values 

in dataset. Then we have applied the sampling method with 

classification algorithms to train and test the classifier. 
 

 
 

Fig 2: Dataset overview 

As we discussed in above section there are methods to solve 

the imbalance class problem. We use the under sampling 

technique to archive the balance class results. 

We have resampled the random samples from the data and 

according to that ratio we have train and test the data with the 

help of python libraries and using SVM algorithm [4].  

 

We have tested our system on credit card dataset which is 

having nearly more than 2 lakhs of rows. For checking the 

fraud transection the column labeled as class ‘0’ and ‘1’. If 

the class is ‘0’ than there is a normal transaction, and if it is 

labeled as ‘1’ than there is a fraudulent transaction. 

 

 
 

Fig 3: Plotting of labels 

There are lakhs of transactions are running all the day so and 

very less of them are going to be the fraud one so we  can say 

that finding fraud transactions is tough task.  For that 

balancing the class is must require to have the better 

performance of the algorithm. For balancing the class we 

have used the under sampling method which is works best 

when the data is larger in the size. We have selected some 

random samples from the class labeled as ‘0’ (majority class). 

For checking the accuracy we have split it into random 

training and testing data using the cross validation. After that 

generating the confusion matrix for checking that how many 

of the false positive has been detected by the classifier.  The 

recall score is quite high for testing data (unseen data). 

After that we have checked the performance of the whole 

classifier with ROC curve which is ultimately True Positive 

Rate v/s false Positive Rate. The curve is >90% accurate. 
  

 
Fig 4: Confusion matrix of re-sampled dataset 
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The distribution generating the items of a data stream can 

change over time which is concept drift [9]. if the amount is 

high for the class labeled as ‘0’ than that would be the fraud 

and it isn’t, it is a drift for a class labeled as ‘1’. DDM (Drift 

Detection Method) is one of the method which counts the 

number of errors produced by the learner during the 

prediction. This method uses binomial distribution and that 

distribution gives the general form of the probability for the 

number of variables and number of errors in a sample of “n”.  

For each ith point which is sampled in sequence (si), the rate 

of error is misclassifying probability (pi) [9]. The standard 

deviation is given by the equation as below. 

 

si =         (1) 

 

 
 

Fig 5: Analysis of Drift Deteection Method 

There are several methods to deal with the drift, few of 

them like decision tree methods, Windowing methods etc. 

We have used the naïve Bayes and the adaptive windowing 

technique to overcome the drift.  If the window size is smaller 

the results are being more accurate. 

IV. CONCLUSION 

One of the main issue with data stream mining is the 

Concept Drift, So identifying the drift and noise is the tough 

task. If some of the samples from the class misclassified 

(classifier is imbalanced) and data has been changed. Due to 

that misclassification noise may accrue. If some changes may 

accrue in dataset than we can’t say directly that it is a true 

drift. When we clean up the dataset in terms of imbalance 

class and noise and after applying the drift detection methods 

then the accuracy of the classifier is overall going to increase 

V. FUTURE WORK 

The proposed work can be expended with some tools like R and 
MOA with the bigger size of dataset.  
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