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Abstract: The emergence of the internet and social streaming environment 
makes users circulate private multimedia data with similar people across 
global. Taking benefits from these applications; it becomes much easier for 
the spammer to attack digitally. As a result, an effective intrusion detection 
system is required. In this paper, an efficient feature extraction and selection 
method addressing class imbalance problems for detecting fraudulent links 
in a streaming environment is presented. Here an improved feature-aware 
machine learning-based classification algorithm for detecting fraudulent 
transactions in a streaming environment is presented. The results are 
compared over the existing supervised classification methodologies for 
validating the proposed methodology using standard datasets with serious 
class imbalance issues. 
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1. INTRODUCTION  

With the growth of technology, the contemporary attack aims to impact 
availability, integrity, and confidentiality continuously. As a result, the prerequisite 
to designing an effective intrusion detection system for preventing a wide range of 
attacks. Generally, the intrusion detection system is classified into two classes such 
as misuse and anomaly detection. The anomaly detection mechanism is generally 
used for detecting malicious links by establishing deviation in normal pattern; thus, 
prerequisite minimal false-positive rate. On contrary, misuse detection is used for 
differentiating between normal conditions with respect to malicious conditions. They 
are effective in identifying known attacks; however, perform miserably bad for 
detecting unknown attacks. Thus, it is important to design intrusion detection 
mechanisms with a high detection rate. Recently, machine learning (ML) has been 
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employed for detecting misuse and anomaly detections. The job of the ML-based 
intrusion detection model must not only detect whether a transaction link is 
malicious or not but at the same time must tell what type of attack impacting the 
system. Nonetheless, in the real-time streaming environment, only a few transaction 
links are malicious and the rest of the transaction links are normally leading to class 
imbalance problems. As a result, it makes it difficult to aching a higher detection rate 
and keep false positives minimal. It showed building an ensemble classifier by 
combining multiple classifiers for building a predictive model achieves better 
performance. Additionally, network traffic dimensions and various attack type 
makes additional challenges such as high time and computational complexities. In 
addressing this, an effective feature selection strategy plays a very important role in 
building an effective intrusion detection system, by selecting semantic features with 
high importance and eliminating unnecessary features with minimal importance. It 
addressed both feature reduction and class imbalance issues together. However, the 
cross-validation scheme adopted fails to obtain a good number of useful features; 
thus, affecting the overall performance. In addressing the research problem this paper 
presents efficient feature extraction and selection method addressing the feature 
imbalance problem for detecting fraud in a streaming environment. Here feature 
aware XGBoost (FA-XGB) algorithm is designed. The FA-XGB algorithm employs 
an effective cross-validation scheme for building a predictive model. The research 
significance is given below:  
• The FA-XGB employ an effective cross-validation scheme for selecting 

meaningful feature during the training of the predictive model. 
• The FA-XGB-based attack detection model achieves much better accuracy, 

recall, and F-measure performance in comparison with the existing ensemble-
based classification model. 

2. LITERATURE SURVEY 

In this section, a survey of various existing methods, the advantages of the 
methods, and the challenges faced by each of these methods for the detection of 
fraudulent online transactions using machine learning methodologies have been 
discussed. 

2.1. Class Imbalance and Concept Drift Problems 

The change in data from time to time makes the machine learning algorithms or 
methods unable to predict or detect any kind of fraudulent activities in the online 
environment. The problem of not being able to predict or detect these activities is 
called concept drift. Due to the problem of the concept drift many methodologies 
have been developed to resolve the issue of the detection and prediction and the 
challenges of the concept drift. Many researchers have attained a result that if the 
drift problem is addressed in the concept of drift, then the prediction can be done 
easily without facing any challenges. Many models have been used to resolve the 
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problem of concept drift. Hence in [1], they have reviewed 130 papers related to the 
concept drift problems and their challenges. They have also mentioned the various 
methods used by each research and their frameworks for a better understanding of 
how the concept drift problem works and its limitations. They have used reviewed 
the 10 most used datasets which have been used to evaluate their models. In [2], they 
have proposed a machine learning algorithm using the concept drift approach which 
detects the fake website using the URL as an input to the model which detects 
whether the website is fake or not. The model has been trained and tested for 
accuracy using various machine learning classifiers like the Gradient Boosted 
Decision Tree, Random Forest, and neural networks. In [3], to resolve the problem 
of the cyber-attacks in the business enterprises using the concept drift-based 
approach a model has been proposed. In this model, the main objective of the model 
is to first detect the incoming attacks, locate the given attack and classify the concept 
drift instantaneously without using the storage.  

Due to the problem of the drift in the concept drift, the data imbalance problem 
arises. The imbalanced data has a major challenge in the detection and prediction 
using a machine learning model as each sample of each of the classes may vary from 
the original sample value. Hence for this problem, in [4], they have proposed a 
model, TSCS, using the class imbalance and the concept drift approach. This model 
uses the feature selection method for the classification of the imbalanced data and 
provides a window for the adaptation of the drift detection method. In [5], they have 
discussed the problems faced by the concept drift approaches in the multi-class 
imbalanced data streams. They have also developed a detection technique using the 
restricted Boltzmann machine which can detect the changes in the sample of the 
multi-class imbalanced data streams. In [6], similar to [5], they have also found that 
there is a problem in the concept drift approaches in the multi-class imbalanced 
samples. To face this challenge, they have proposed a model using the AUC to 
classify the multi-class imbalanced data in the online environment. In [7], They have 
proposed a model, RE-DI, for the concept drift and class imbalance challenges. This 
model can detect the problem of the drift in the concept drift and resolves the issue 
of class imbalance.  

In the real-time application, both the concept drift approaches and the data 
imbalance methods have been in current use for the detection and prediction of 
various kinds of attacks. One of the examples is twitter spam detection. In Twitter, 
various kinds of business enterprises use various kinds of advertisements to attract 
the users and the users end up in various kinds of scams. To resolve the problem of 
Twitter spam, in [8], they have introduced a Twitter spam detection technique using 
the class imbalance and concept drift method. In this model, they have used millions 
of o tweets to train the model using the Lfun method. After using the Lfun method 
the spammed tweets and the unlabeled tweets are classified according to the class 
imbalance method. This increases the accuracy of the detection of spam in Twitter. 
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2.2. Machine Learning based Fraudulent Online Transaction Detection 
Models 

There have been many ML models which are currently being used for the 
detection of various fraudulent online transactions in credit card companies. In [9], 
they have proposed a model using machine learning algorithms that will detect 
whether the transaction made is legitimate or fraudulent. They have used five 
machine learning algorithms that preprocess the data and classify them according to 
their performance. The dataset used for the evaluation of the results was imbalanced 
data, they have used the values of kappa statistics. In [10], they have examined 
various classification methods which use the public dataset to train their model and 
to determine whether the transaction being processed is fraudulent or is legitimate. 
This research also explains which machine learning algorithm is best for 
classification when there is an imbalanced dataset. They achieved a result that using 
the SVM algorithm helps to identify the detection of the fraud payments and also has 
a higher performance rate. In [11], they have used the gradient boosting tree method 
(GBT) to detect the transaction of the credit card in real-time when there is a drift 
problem. This model is trained daily to identify the different problems faced by the 
model when there occurs a drift problem. In [12], they have developed a CatBoost 
method using the existing machine learning algorithm for the detection of fraud 
transactions. This method uses feature extraction in which only the required features 
are extracted for the classification. This method uses memory compression which 
helps to speed up the detection of online transactions. They have used the public 
dataset, IEEE-CIS for the evaluation of the results. In [13], they have evaluated the 
real-time transactions using the machine learning algorithms and classified them into 
legitimate or fraudulent transactions. In [14], they have proposed a method using 
neural networks based on unsupervised learning methods. In [15], they have 
surveyed different deep learning methods which have been used for the classification 
of online transaction fraud detection. They have also surveyed the various datasets 
which have been used for the classification. In [16], they have analyzed the different 
machine learning algorithms like logistic regression, SVM, and quadratic 
discriminant analysis which use the feature extraction method for the classification 
of the credit card fraud detection.  

In [17], they have used the IDS method instead of the machine learning model 
to maintain the integrity and to protect the confidential data from getting in hands of 
the malicious user. In this model, they have used the feature selection method to 
acquire all the required data and discard the data which is not required by the model. 
This classification helps to increase the performance of the model. In this model an 
algorithm called the CFS-BA has been proposed to reduce the size of the dataset, 
then they have introduced the C4.5 model which ensembles the machine learning 
algorithms like the RF and Forest PA. For the detection of the attack, they have used 
the voting technique. In [18], they have developed an optimized XGBoost method 
for the class imbalance datasets without any of the resampling methods. They have 



International Journal on Information Technologies & Security, № 3 (vol. 14), 2022 7 

used the Randomized Search CV hyperparameter optimization method to find the 
optimal parameters for the XGBoost. The sampling methods used in the model help 
to attain higher performance for the detection of fraudulent credit card transactions. 
However, the major factor affecting the existing model is very less important is given 
feature selection, in addressing the research problem an improved cross-validation 
scheme is modeled for the XGBoost algorithm in the next section. 

3. PROPOSED METHODOLOGY 

This section introduces an improved machine learning-based malicious 
transaction detection mechanism for the streaming environment. Here an improved 
XGBoost algorithm namely Feature aware XGB (FA-XGB) is modeled. The FA-
XGB model employs an improved cross-validation mechanism for selecting useful 
features and creating an ensemble classification model. The proposed model will aid 
in achieving high detection accuracy with less false positive considering for 
detection of different malicious transaction links in the online streaming 
environment under a highly imbalanced environment. 

3.1. Standard XGBoost Model 

The standard XGBoost algorithm is an enhancement of distributed gradient 
boosting algorithm where multiple tress classifiers are combined for improving 
classification performance. Therefore, for detecting malicious transaction links in 
the streaming environment such as Twitter, the standard XGBoost algorithm trains 
dataset with o samples using multiple classifiers is obtained as follows 

A�j = H�Zj� = � hm�Zj�, hm ∈ α
M

m=1

 (1) 

where Zj defines the jthsample within training sample considered K represent the size 
of tree utilized to perform classification to identify whether a transaction link is 
malicious or not in streaming environment dataset, A�j represent the output of the 
classification model considering definite dimension size, 𝑘𝑘𝑡𝑡ℎ dimension defines 
probabilities of it belongs to 𝑘𝑘𝑡𝑡ℎ class, during the classification process, and 𝛼𝛼  
represent decision tree (DT) sets which are obtained as follows 

𝛼𝛼 = �ℎ(𝑧𝑧) = 𝑦𝑦𝑢𝑢(𝑧𝑧)� (2) 
where ℎ(𝑧𝑧) defines different trees which must satisfy the leaf weight 𝑦𝑦 and 
optimization parameter 𝑢𝑢. The standard XGB model is designed through 
minimization of loss parameter defined through the below equation 

𝑁𝑁(𝐻𝐻) = �𝑛𝑛(𝑎𝑎�𝑘𝑘 ,𝑎𝑎𝑘𝑘)
𝑘𝑘

+ �𝛽𝛽(ℎ𝑙𝑙)
𝑚𝑚

 (3) 

where, 
𝛽𝛽(ℎ𝑙𝑙) = 𝛿𝛿𝛿𝛿 + 𝜇𝜇‖𝑦𝑦‖2 (4) 
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In Eq. (3), the first parameter 𝑛𝑛(𝑎𝑎�𝑘𝑘 ,𝑎𝑎𝑘𝑘) describes the loss operation between 
original and output predicted and the second parameter 𝛽𝛽(ℎ𝑙𝑙) describes the penalty 
parameter for optimizing the model; 𝛿𝛿 defines the size of the leaf of the 
corresponding tree, 𝛿𝛿 and 𝜇𝜇 define the parameter sets utilized for controlling 
computation overhead. Here a weighted loss operation is utilized for training 
streaming data 𝑧𝑧 whose labels are represented as 𝑛𝑛, the negative log probability loss 
operation is computed as follows 

𝑛𝑛(𝑎𝑎�𝑘𝑘 ,𝑎𝑎𝑘𝑘) = −�𝑎𝑎(𝑙𝑙) log 𝑎𝑎� (𝑛𝑛)
𝑙𝑙

= − log𝑎𝑎� (𝑛𝑛) (5) 

where 𝑎𝑎(𝑙𝑙) defines 𝑙𝑙𝑡𝑡ℎ dimension of 𝑎𝑎, 𝑎𝑎�(𝑛𝑛) defines the 𝑙𝑙𝑡𝑡ℎ dimension of output 𝑎𝑎�. 
Alongside, the optimization process of loss operation is done through an iterative 
process (i.e., considering 𝑢𝑢𝑡𝑡ℎ iteration) to minimize the loss as follows 

𝑁𝑁𝐾𝐾 = �𝑛𝑛�𝑎𝑎�𝑘𝑘
(𝑝𝑝−1) + ℎ𝑝𝑝(𝑧𝑧𝑘𝑘),𝑎𝑎𝑘𝑘� + 𝛽𝛽(ℎ𝑣𝑣)

𝑝𝑝

𝑘𝑘=1

 
(6) 

3.2. Class Imbalance Aware XGBoost Model 

The proposed modified XGB model computes ℎ𝑝𝑝 which assures minimum loss 
through the greedy process as described below 

𝑁𝑁𝑝𝑝 ≅��𝑛𝑛�𝑎𝑎�𝑘𝑘
(𝑃𝑃−1) + 𝑎𝑎𝑘𝑘� + 𝑖𝑖𝑘𝑘ℎ𝑘𝑘(𝑧𝑧𝑘𝑘) +

1
2
𝑗𝑗𝑘𝑘ℎ𝑝𝑝2(𝑧𝑧𝑘𝑘)� + 𝛽𝛽�ℎ𝑝𝑝�

𝑝𝑝

𝑘𝑘=1

 

∝��𝑖𝑖𝑘𝑘ℎ𝑘𝑘(𝑧𝑧𝑘𝑘) +
1
2
𝑗𝑗𝑘𝑘�ℎ𝑝𝑝(𝑧𝑧𝑘𝑘)2�� + 𝛽𝛽�ℎ𝑝𝑝�

𝑝𝑝

𝑘𝑘=1

 
(7) 

where ℎ𝑗𝑗 and 𝑗𝑗𝑘𝑘 defines first and second-order gradient of 𝑛𝑛 �𝑎𝑎�𝑘𝑘
(𝑃𝑃−1) + 𝑎𝑎𝑘𝑘�, 

respectively; thus, the tree ℎ𝑝𝑝 are obtained through minimizing Eq. (7). The weighted 
loss operation for malicious transaction link identification in the streaming 
environment is computed as follows 

𝒩𝒩𝑦𝑦 = −�(𝛼𝛼𝑎𝑎𝑘𝑘 log(𝑎𝑎�𝑘𝑘) + (1 − 𝑎𝑎𝑘𝑘) log(1 − 𝑎𝑎�𝑘𝑘))
𝑞𝑞

𝑘𝑘=1

 (8) 

where 𝛼𝛼 defines the bias parameter describing feature imbalance. The optimization 
process of addressing feature imbalance issues is done through effective cross-
validation presented in the subsection.  

3.3. Effective Cross-Validation Technique 

Here we employ cross-validation (CV) mechanism for selecting useful feature 
sets in optimizing the predictive model described in Eq. (7). Here we select a 
predictive model that reduces validation error. Most of the standard attack detection 
models have employed 𝐾𝐾-fold CV scheme for optimizing output. In 𝐾𝐾-fold CV, the 
dataset is divided randomly into 𝐾𝐾 subset of identical size; then 𝐾𝐾 − 1 subset is used 
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for building a predictive model and the leftover subset is used for predicting errors 
in the model. Finally, the 𝐾𝐾 combination of predicted error is average for obtaining 
cross-validation errors. Later, a grid of 𝑙𝑙 suitable values is generated for establishing 
ideal optimizing parameters in minimizing CV errors. Finally, the model with 
minimum cross-validation error is selected; However, such model results in poor 
classification outcomes when data is highly imbalanced and also fails to establish 
the correlation among features for different attacks or between attack and normal 
transaction link.  

Here we model the effective cross-validation (ECV) technique to build a 
predictive model that minimizes prediction error considering feature importance. 
The proposed model employs cross-validation with two layers. In the first layer, 
feature subsets are chosen as the main features. In the second layer, the main subset 
feature selected from the first layer is used for building the final predictive model. 
The standard cross-validation model by constructing multiple sets of 𝐾𝐾 folds rather 
than constructing single 𝐾𝐾-fold sets; the single fold cross-validation error is obtained 
using the following equation 

𝐶𝐶𝛿𝛿(𝜎𝜎) =
1
𝑀𝑀
� � 𝑃𝑃�𝑏𝑏𝑗𝑗 ,𝑔𝑔�𝜎𝜎

−𝑘𝑘(𝑗𝑗)�𝑦𝑦𝑗𝑗 ,𝜎𝜎��
𝑗𝑗∈𝐺𝐺−𝑘𝑘

𝐾𝐾

𝑘𝑘=1

 (9) 

The improved version i.e., an effective cross-validation error is obtained using 
the following equation 

𝐶𝐶𝛿𝛿(𝜎𝜎) =
1
𝑆𝑆𝑀𝑀

�� � 𝑃𝑃�𝑏𝑏𝑗𝑗 ,𝑔𝑔�𝜎𝜎
−𝑘𝑘(𝑗𝑗)�𝑦𝑦𝑗𝑗 ,𝜎𝜎��

𝑗𝑗∈𝐺𝐺−𝑘𝑘

𝐾𝐾

𝑘𝑘=1

𝑆𝑆

𝑠𝑠=1

 (10) 

Then, the optimization parameter for selecting the optimal value 𝜎𝜎� is obtained 
using the following equation 

𝜎𝜎� = arg min
𝜎𝜎∈{𝜎𝜎1,…,𝜎𝜎𝑙𝑙}

𝐶𝐶𝛿𝛿𝑠𝑠(𝜎𝜎) (11) 

In the above equations, 𝑃𝑃(∙) represent loss function, 𝑔𝑔�𝜎𝜎
−𝑘𝑘(𝑗𝑗)(∙) represent a 

function for estimating coefficients, and 𝑀𝑀 describes training data size. In ECV, the 
predictive model is built by estimating multiple optimization parameters. Here 
multilayer of 𝐾𝐾-folds cross-validations are created; the layer size is set according to 
the optimization parameter considered; i.e., if the parameter is optimized in layer 1, 
the parameter value is fixed and given to layer 2 for estimating additional 
optimization parameters. 

4. RESULTS AND DISCUSSION 

Here the performance of the Feature Aware XGBoost (FA-XGB) model is 
compared with the other existing models such as ensemble-based [17], Statistical-
based [8], and XGB-based [19]. Accuracy, Recall, and F-measure are performance 
metrics used for validating the proposed FA-XGB-based malicious transaction 
model over the existing model. The proposed and other existing model is 
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implemented using the python framework and the system used is i5 Intel processor 
with 12 GB RAM. The dataset used for the experiment is given below.   

4.1. Dataset Description 

Here experiment is conducted widely used streaming environment dataset [8], 
[19]. The Dataset comprises 12 feature sets that are described in Table I. A total of 
10,000 malicious transaction link data is collected per day and the data similarly has 
been collected for 10 days. According to the real-world scenarios, only 5% of data 
is discarded as it is of no use. The dataset is composed of 95000 normal data and the 
remaining 5000 are malicious URLs; thus, the dataset has some serious imbalance 
issues. 

Table I. Dataset Considered for Experimental Analysis 
Feature Number Feature Named 

F1 Account Age 
F2 No_follower 
F3 No_following 
F4 No_userfavourites 
F5 No_lists 
F6 No_tweets 
F7 No_retweets 
F8 No_hashtags 
F9 No_usermention 
F10 No_URLs 
F11 No_char 
F12 No_digits 

 
4.2. Performance Metric 

Here the performance of the FAXGB and existing systems such as ensemble-
based, XGB, and FA-XGB is evaluated. The experiments are carried out for studying 
the impact of data imbalance affecting the overall classification accuracy of different 
models. The performance is evaluated in terms of accuracy, recall, and F-measure. 
The ROC confusion matrix is shown in Table II 

Table II. ROC Confusion Matrix 
 Malicious URL Normal URL 

Predicted Malicious 
URL 

True Positive (TP) False Positive (FP) 

Predicted Normal 
URL 

False Negative (FN) True Negative (TN) 

 
The accuracy performance is calculated as follows 

𝐴𝐴𝐴𝐴𝐴𝐴𝑢𝑢𝐴𝐴𝑎𝑎𝐴𝐴𝑦𝑦 =
𝑇𝑇𝑃𝑃 + 𝑇𝑇𝑁𝑁

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃 + 𝑇𝑇𝑁𝑁 + 𝐹𝐹𝑁𝑁
 (12) 

The recall performance is calculated as follows 
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𝑅𝑅𝑅𝑅𝐴𝐴𝑎𝑎𝑙𝑙𝑙𝑙 =
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁
 (13) 

The F-measure performance is calculated as follows 

𝐹𝐹 −𝑚𝑚𝑅𝑅𝑎𝑎𝑚𝑚𝑢𝑢𝐴𝐴𝑅𝑅 =
2 ∗ 𝑃𝑃𝐴𝐴𝑅𝑅𝐴𝐴𝑖𝑖𝑚𝑚𝑖𝑖𝑃𝑃𝑛𝑛 ∗ 𝑅𝑅𝑅𝑅𝐴𝐴𝑎𝑎𝑙𝑙𝑙𝑙
𝑃𝑃𝐴𝐴𝑅𝑅𝐴𝐴𝑖𝑖𝑚𝑚𝑖𝑖𝑃𝑃𝑛𝑛 ∗ 𝑅𝑅𝑅𝑅𝐴𝐴𝑎𝑎𝑙𝑙𝑙𝑙

 (14) 

4.3. Accuracy 

This section checks the accuracy of the proposed model with the other existing 
other models. The accuracy of the model is calculated using Eq. (12). The accuracy 
achieved by the FA-XGB algorithm over the existing system such as ensemble-based 
and XGBoost is shown in Fig. 1. From the figure, it can be seen that the model FA-
XGB gives a better accuracy rate than the other algorithm used in the existing model. 
The ensemble-based algorithm and XGB-based show an accuracy of 98.43% and 
98.85%, respectively. The proposed FA-XGB provides an accuracy of 99.684%. The 
higher accuracy of the FA-XGB-based malicious transaction link identification 
model is very effective in addressing serious class imbalance issues.  

 
Fig. 1. Accuracy performance. 

 
Fig. 2. Recall Performance. 

4.4. Recall 

This section checks the recall performance of the proposed model with the other 
existing other models. The recall performance of the model is calculated using Eq. 
(13). The recall performance achieved by the FA-XGB algorithm over the existing 
system such as ensemble-based and XGBoost-based is shown in Fig. 2. The 
ensemble-based algorithm and XGB-based show a recall performance of 0.69 and 
0.79, respectively. The proposed FA-XGB provides a recall performance of 0.938. 
The higher recall performance of the FA-XGB-based malicious transaction link 
identification model is very effective in addressing serious class imbalance issues. 

4.5. F-measure 

This section checks the F-measure performance of the proposed model with the 
other existing other models. The F-measure performance of the model is calculated 
using Eq. (14). The F-measure performance achieved by the FA-XGB algorithm over 
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the existing system such as ensemble-based and XGBoost is shown in Fig. 3. The 
ensemble-based algorithm and XGB-based show an F-measure performance of 
0.803 and 0.867, respectively. The proposed FA-XGB provides an F-measure 
performance of 0.974. The higher F-measure performance of the FA-XGB-based 
malicious transaction link identification model is very effective in addressing serious 
class imbalance issues. 

 
Fig. 3. F-measure Performance. 

5. CONCLUSION 

This paper first identified the problem of malicious transaction links in the 
streaming environment; then presented Feature Aware XGBoost for addressing class 
imbalance issues. The FA-XGB encompasses an improved cross-validation 
mechanism that selects the right kind of feature to achieve good classification 
performance even when data is imbalanced. The experiment is conducted using a 
streaming environment such as Twitter which has some serious data imbalance 
issues. The experiment outcome shows the FA-XGB achieves an accuracy 
improvement of 0.86% and 1.28% over XGB-based and ensemble-based attack 
detection methods. Then, FA-XGB achieves a recall performance improvement of 
14% and 24.2% over the XGB-based and ensemble-based attack detection methods. 
Similarly, the FA-XGB achieves an F-measure performance improvement of 10.6% 
and 17.1% over the XGB-based and ensemble-based attack detection methods. The 
result shows the effectiveness of FA-XGB in addressing serious class imbalance 
issues in the streaming environment. Though the class imbalance issue is addressed 
through an improved machine learning model; however, the attack varies over time. 
As a result, affect the detection rate. Thus, it is important to address the drift problem 
in the streaming environment. 
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