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 Background: Mining the frequently occurred data sets from the enormous amount of 
data brings up many difficulties. Therefore, Frequent Pattern Mining (FPM) approaches 

became more attractive in data mining. Frequent patterns (FP) are usually defined as 

item set or combination of terms often appears in a data set with the user-specified 
threshold value. Objective: Mining the FPs from a data stream with high arrival rate 

causes the challenge to designing a scalable technique for the traditional FPM 

techniques. Results: In this paper, we present the varied Sliding Window approach to 
mining the FPs from streaming of data, which is to improve the performance of mining 

tasks and to handle the concept change. Conclusion: Then, we propose a clustering 

method with the priority tree to distinguish the top most and bottom most frequent data, 
which is based on the estimation of frequency. In simulation results, the efficiency of 

the proposed method is compared with the traditional FPM approaches. 
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INTRODUCTION 

 

 Data mining has grown to be a promising technology by the nature of discovering significant data by 

processing large amount of data stored in the database to forecast the future behaviors. The objective of data 

mining is to extract hidden and previous unknown patterns and search for relationships and global patterns 

among the vast amount of data by using statistical and mathematical techniques to make an effective decision. 

Various data mining approaches are association rule mining (Pasquier, 1999)- (Brin, et al., 1997), sequential-

pattern based analysis (Agrawal, R. and R. Srikant, 1994; Han, et al, 2000), classification, clustering and 

association (Liu, et al., 1998; Florian Beil, et al 2002) that are differing by solving the classes of problems. 

These techniques search about the hidden patterns, finding predictive information from the given set of an 

infinite amount of data. A specific use of data mining is a business data analysis such as market segmentation, 

customer churns, fraud detection, direct marketing and interactive marketing.  

 One of the most important data mining problems is mining maximal frequent item sets from a large 

database to identify frequently occurring terms in each document. A term set is usually defined as a pattern i.e. a 

set of terms occurred in the document and further an ordered list of term sets is called as the sequential 

pattern. A sequential pattern X is called as the frequent pattern based on its relative or absolute support i.e. the 

number of occurrences of X in the given document. One of the challenging tasks in frequent pattern mining is 

how to use and update large number of generated patterns from the database, thus different pattern mining 

approaches (Han, et al., 2000) such as Apriori algorithms (Orlando, et al., 2001), pattern taxonomy model 

(Sheng-Tang, 2007) has been proposed.  

 The modern approach of a new data model is the data streams or streaming of data where data entered in the 

form of continuous streams with high arrival speed (Li, et al., 2004). Data streams have driven a few 

challenging problems, including how to mine significant data, when the streaming of data is in continuous 

fashion.  The other challenge is the data element of the stream should be examined at once, and each element 

should be processed as fast possible even though new data elements are continuously generated from the 

streams. To overcome these issues, there is a need to capture important contents of the streams by using a 

suitable data mining approach.  
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 Sliding window is an interesting model to the frequent data mining over the data stream since it does not 

need the whole history of previous received transactions and can handle concept change by considering only a 

limited range of recent transactions (Deypir and Sadreddini, 2011; Jin, 2008). Sliding window of the transaction 

model handles concept drift within an input data stream by considering only fresh transactions. Therefore, the 

window always holds recent concepts in which the concept refers to the set of frequent patterns. There are a lot 

of sliding windows based algorithms proposed for the frequent item set mining over data streams such as 

DSTree (Leung and Khan, 2006) and CPS-Tree (Tanbeer, et al, 2009) are two algorithms that use the prefix tree 

to store raw transactions of sliding window. Moment algorithm (Chi, et al., 2006), SWIM (Mozafari, et al.,  

2008), est Win algorithms are the recent frequent patterns adaptive over transaction data streams used sliding 

window model.  

 The main idea behind a transactional sliding window is to keep fixed size windows over a data stream. The 

window size is kept constant, and the old transactions are removed when a significant change has occurred. 

Another challenge of sliding window model is determining window size, which should be obtained by the 

user. Due to the unpredictable changing nature of data streams, when using a fixed window size during a data 

stream mining, the performance is degraded in terms of reflecting recent changes. Thus with the concern of the 

window size a new algorithm named Variable Size sliding window model (Mahmood Deypir, et al., 2012) is 

proposed for the frequent item set mining, which is suitable for observing recent changes over data streams.  

 

Our Contribution:  
 The contribution of our work is to mine the frequent occurrence of patterns and to differentiate the high and 

low occurrence of patterns. The performance of mining tasks and the concept change is handled by the modified 

varied size sliding window by considering all the frequently occurred patterns from every sliding window 

without deleting the old transactions. The frequencies of periodic occurrence of patterns are calculated and 

updated in the priority tree-like structure to represent the top most and bottom most occurrences of patterns after 

every sliding window process. The proposed work is briefly explained in section 3. 

 The rest of the paper is explained by studying various approaches of frequent data mining using sliding 

window approaches in section 2. In section 3, problems and contribution of our work is briefly discussed 

followed by in section 4 preliminaries about frequent data mining and various definitions are studied. Variable 

size sliding window approach is studied and the influence of clustering in proposed FPM approach is well 

established in section 5. Section 6 deals with the experimental results by analyzing the proposed approach by 

concept change ratio along with various threshold values by using sliding window approach and is concluded in 

section 7.  

 

Literature survey: 

 Due to the nature of extracting frequently occurred data sets from the enormous amount of data, Frequent 

Pattern Mining approach become more attractive in data processing. As the change of data, mining frequent 

patterns over data stream with high arrival rate of data offers a critical challenge to design a scalable technique 

for extracting frequent items from a vast transaction database. In earlier, a number of mining algorithms have 

been designed to find out frequent patterns from uncertain data. However, the goal was to mine frequent patterns 

from static databases only but not on the data stream approach. To discover useful knowledge from stream of 

data, various approaches are currently developed. Compact Pattern Stream tree (CPS-tree) (Leung and Khan, 

2006) has been developed to take out the recent stream of data and discard the old stream data.  The most 

important thought behind the CPS-tree construction was to reorganize a frequency descending item set after the 

insertion of stream data in the previous item order. The sliding window technique has also used to find the 

complete set of recent frequent patterns by sour each window into batches of the fixed number of transactions.  

 Moment algorithm (Tanbeer, et al., 2009) has been one of the approaches towards the extraction of frequent 

patterns over the data stream in a sliding window model. The moment algorithm introduced a Closed 

Enumeration Tree (CET), to preserve a dynamic set of item sets over a sliding-window and used to record all 

closed frequent item sets in the current sliding window. In Sliding Window Incremental Miner (SWIM) 

approach (Chi, et al., 2006) incremental frequent item set mining over very large sliding windows processing 

was performed. SWIM considered as a precise algorithm with no false positives or false negatives and 

accomplished high performance and scalability with respect to the window size. The algorithm always maintains 

the set of frequent patterns of all slides in the current window W, called Pattern Tree (PT). In transaction based 

sliding window algorithm like estWin (Mozafari, et al., 2008), the insertion and deletion performed for a recent 

inserted item set where, the item set might happen in previous transactions of the current window. In this pane 

based window, the support of a new item set inside the new pane, and its remaining supports from previous 

panes were estimated and calculated.  

 When mining Frequent Item sets within a Transaction-sensitive Sliding Window (MFI-TransSW) (Li and 

Lee, 2009) the window consists of a fixed number of transactions. MFI-TransSW performed by the window 

initialization, window sliding and pattern generation model. Every item of each transaction is prearranged in a 
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bit-sequence in the window initialization phase in which the representation of an item is used to reduce the time 

and memory. Time-Sensitive Sliding Window method (TS) (Lin, et al., 2005) has been developed to mine 

Frequent Item sets from Data Streams. The proposed approach devised a data structure named the discounting 

table (DT) to keep hold of the frequent item sets with their support counts in the individual basic blocks of the 

current TS. Potentially Frequent-item set Pool (PFP) is used to keep the frequent item sets.  

 When compared with Flexible window based approaches (Toon Calders, et al., 2008) the stream of data can 

be scanned only once and therefore, if an item is passed, it cannot be revisited, unless it is stored in main 

memory. The approach discussed various models such as sliding window model, time fading model, landmark 

model with the new frequency measures for items that does not rely on a fixed window length or a time-

decaying factor. Based on the properties of the measure the algorithm used to compute at every time point when 

a new item set is inserted at the end of the stream. In CFI-Stream (Jiang and Gruenwald, 2006) which computes 

and maintains closed item sets through online and incrementally output the current closed frequent item sets in 

real time based on users’ specified thresholds. DIrect Update (DIU) tree introduced to checks each item set in 

the transaction on the fly and updates the related closed item sets.  

 CloStream algorithm (Show-Jane Yen, et al., 2011) has developed for Mining Frequent Closed Item sets 

over Stream Sliding Window to discover the frequent items with high speed. In order to maintain the 

information of the item sets where two data structures were used those are Closed Table and Cid List.  The 

experimental results also show that CloStream algorithm outperforms the three famous algorithms such as CFI-

Stream, Moment and New Moment on both synthetic data sets and real-world data set. Data Stream Mining for 

Maximal Frequent Item set approach (DSM-MFI) [14] designed to mine the set of maximum common 

occurrence of item sets in landmark windows over data streams. The proposed algorithm DSM-MFI initially 

reads a block of transactions from the buffer and sorts the items of transactions.  After that it constructs and 

maintains the in-memory details called as Summary Frequent Item set forest SFI-forest from which infrequent 

patterns were pruned out.  

 

Problem statement: 

 In contrast to static database approach, streaming of data is a challenging task to find out the frequent 

occurrence of patterns with the high speed of a transaction process.  Obviously, the problem encountered is how 

to find the frequent patterns to arise over the large stream of data with the user-specified threshold. The other 

challenge taken along with this is to identify high-frequency occurrence of patterns and low frequency 

occurrence of patterns from the large data when the streaming of data is in mining progress. In order to find the 

frequent patterns on a data stream along with a solution to the problems, the mining process should contain an 

effective approach to keep track of all transactions. Thus to facilitate the confined amount of transactions over a 

streaming of data a window can be defined on them, which is described as the transaction sliding window.  

 Due to the concept change occurrence (Mahmood Deypir, et al., 2012), the window should not be a fixed 

size model i.e. the window is a variable size sliding window. According to the novel representation of the 

mining process, the result provided recent changes on the transaction of the data stream more accurately. The 

other solution to distinguish the high and low frequency occurrence of patterns over the transaction of streaming 

data is provided with the clustering approach. The old values are not neglected from the window instead of that 

all the frequent occurrences of patterns are gathered and formed into a cluster. Processing each cluster and 

update the patterns based on high and low frequency in a priority tree like model.  

 

Preliminaries: 

 Let ST = {T1, T2, ..., TN} consider as a stream of N transaction and each transaction consists of k items are 

defined as I= {i1, i2, …, ik}. For an item set X with the subset (I), presented in transaction ST is described 

as X⊆ ST. Each transaction is named with a transaction identifier TID. The support value calculated for the item 

set which is defined as the fraction of received item sets from the stream of transaction. A support threshold 

value S (0<S≤1) is considered as the number of transactions in the stream of data containing X is called the 

support of X, which denoted as support(X).  

 

Definition 1: Frequent Itemset: 

 According to the support value the frequency of the item set is defined, i.e. if the support value of X is equal 

to or greater than the defined threshold value, then X is said to be a frequent item set (Hua-Fu Li, et al., 2009).  

 

Definition 2:  Closed Frequent Itemset: 

 If the support value of the item set X is equal to the support value of an itemset Y, then X is said to be a 

closed frequent itemset. Support(Y) = support(X), Y⊃X, Y is a non empty subset of items “I” (Jian Pei,et al.,) 
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Definition 3: Transaction Sliding Window: 

 Here the process is consider as frequent item sets mining over a transaction of stream data, thus ST is 

adopted with the transaction sliding window (W) (Mahmood Deypir, et al., 2012) in which recent transactions 

│𝑊│of the stream should be handled, i.e. the size of the window is│𝑊│. In sliding window W, the transactions 

are received from the stream one at a time and the insertion of new transaction and deletion of old transaction 

from the window is carried out by a batch or pane. A batch or pane should enclose by a fixed number of 

transactions and the number of transactions that are added to and removed from each window is called as slide 

size |S|. The window size is initially given by the user, and it is varied according to the concept change and 

assumes that all slides have the same size, and also each window consists of the same number of slides. Thus, 

the number of slides present in each window is represented as n=  𝑊  𝑆  . The current transactional window 

over the data stream ST is defined as Wn-|w|+1= {Tn-|w|+1, Tn-|w|+2,...,Tn} where n-|w|+ 1 is the window’s 

identifier and Ti (1<i<n) is the i
th

 received transaction.  

 

Definition 4: Concept Change: 

 The concept in frequent pattern mining is referred as the set of frequent patterns which may be the target 

variable. Concept Change (Mahmood Deypir, et al., 2012) in the set of frequent patterns is commonly due to the 

change in incoming data where an old concept has to be replaced by a new concept. Based on the amount of 

change in the set of frequent patterns the difference is calculated and if the difference exceeds from the user 

given threshold, then it is said to that a concept change has occurred. Let FT and FT’ denote the set of frequent 

item sets at time T and T’, respectively where (T’> T). 𝐹𝑇
+ 𝑇 ′ = 𝐹𝑇′ − 𝐹𝑇  , which is the set of newly emerged 

frequent item sets at T’ with respect to T. 𝐹𝑇
− 𝑇 ′ = 𝐹𝑇 − 𝐹𝑇′ is the set of infrequent item sets at T’ which was 

frequent at T. The change ratio of frequent item sets at T’ with respect to T is calculated as follows, 

 

𝐹𝐶ℎ𝑎𝑛𝑔𝑒𝑇 𝑇
′ =

 𝐹𝑇
+    𝑇 ′  + 𝐹𝑇

−    𝑇 ′  

𝐹𝑇+ 𝐹𝑇
+    𝑇 ′  

              (1) 

 

 |FT| is the number of item sets in set FT. The change ratio is a value between 0 and 1. Two transactional 

sliding windows namely W1 and W2 over data streams which contain two panes and each pane contain two 

transactions that are shown in figure 1.  

 Let assume that the sets of frequent patterns at time T over the stream of data is FT= {a, b, c, d, ab, ac, ad, 

ae, bc, bd, be, cd, abc, abd, acd} and the set of frequent patterns at time T’ is FT’ = {b, c, d, e, bc, bd, be, cd, ce, 

de, bcd, bce, bde, cde, bcde}. One of the example is discussed as below; 

Example: 

 
 

Fig. 1: Sliding Window with Two Pane over Stream of Data. 

 

 The change ratio over the given data stream at time T’ with respect to time T is calculated where 𝐹𝑇
+ 𝑇 ′ =

 𝑒, 𝑐𝑒,𝑑𝑒, 𝑏𝑐𝑑, 𝑏𝑐𝑒, 𝑏𝑑𝑒, 𝑐𝑑𝑒, 𝑏𝑐𝑑𝑒 , 𝐹𝑇
− 𝑇 ′ =  𝑎, 𝑎𝑏, 𝑎𝑐, 𝑎𝑑, 𝑎𝑒, 𝑎𝑏𝑐, 𝑎𝑏𝑑, 𝑎𝑐𝑑 , 

𝐹𝐶ℎ𝑎𝑛𝑔𝑒𝑇 𝑇
′ =

 𝐹𝑇
+    𝑇 ′  + 𝐹𝑇

−    𝑇 ′  

𝐹𝑇+ 𝐹𝑇
+    𝑇 ′  

=
8+8

15+8
= 0.70  

 

Variable size sliding window: 

 An innovative technique develop to mining the frequent data from streaming of data is the varied Sliding 

Window approach, which is to improve the performance of mining tasks and to handle the concept change. 

After the window processing the cluster enabled with the decision tree to distinguish the top most and bottom 

most frequent data based on the estimation of frequency. The result provides higher efficiency in mining of 

frequent data over the data streams. A new sliding window algorithm for frequent item set mining over a data 

stream is proposed where a user specifies initial window size and pane size. The window size is varied based on 
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the concept changes that it detects during the stream data processing. After insertion of a pane over stream 

data, window updates frequent item sets and drops the infrequent data from the window. During the stream of 

data mining, TID lists of incoming transactions within the window are maintained, and supports of related 

frequent patterns are updated.  

 The variable size sliding window algorithm (VSW) (Mahmood Deypir, et al., 2012) steps are simply 

studied to perform the FPM process on the data stream. The processing steps are as follows; 

1. Initialization of window. 

2. Specification of check point. 

3. Initial window mining using Eclat algorithm. 

4. Pan insertion if needed. 

5. Pruning infrequent patterns. 

6. Frequent and infrequent patterns are processed and updated. 

7. Check for Concept change occurrence. 

8. Stale transactions and updating tidlists. 

 Window is initialized using user-specified window size. The Tid of the last transaction of the initial window 

is regarded as the checkpoint. The set of frequent patterns is mined using the Eclat algorithm, and the result is 

saved in a set named FP set. This set is used to maintain frequent patterns during a data stream mining. 

Eclat algorithm (Deypir and Sadreddini, 2011) is used to mine frequent patterns of an initial window since we 

store transactions of the window in terms of tidlists of items. A new pane is inserted, and current set of frequent 

patterns are updated after inserting each transaction of the new pane. Comparing a set of frequent patterns after 

each pane insertion with respect to the checkpoint to determine the set of newly emerged frequent patterns (F+) 

and disappeared frequent patterns (F-).  After each pane insertion, the change ratio can be computed efficiently. 

The change ratio is calculated and if the resulting value exceeds the minimum change threshold, a concept 

change is detected. Old transactions related to the previous concept are deleted from the window by removing 

tidlists of items up to the checkpoint.  

 

Influence of clustering in frequent itemset mining using variable size sliding window: 

 
 

Fig. 2: Proposed Algorithm. 

 

 In our proposed algorithm, the window size is adjusted according to observed change in the set of frequent 

patterns. A checkpoint is specified by the algorithm when the window grows by inserting pane and which refers 

to a point where a concept change has occurred. Incoming transactions are added to the window and set of 

frequent patterns after inserting a pane to the window are processed. To distinguish the high and 

low frequency occurrence of patterns, after each window process all the frequent occurrences of patterns are 

gathered and formed into a cluster instead of neglecting the old values from the window. The frequent patterns 

are collected and compared with each new cluster, and are arranged in a priority tree like model based on high 

and low frequency when the stream of data is in processing. The order is dynamically change during each 

window process. 

 The algorithm is similar to the variable size sliding window process VSW (Mahmood Deypir, et al., 2012) 

but a small change considers is to collect all the occurrence of patterns instead of ignoring the old values from 
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each sliding window process. The first four steps are similar after that the proposed scheme steps are listed in 

the proposed algorithm. The algorithm steps are carried out for the continuous fashion of data streams for a large 

number of transactions. The results are discussed in the following section 7.  

 

Experimental results: 

 We have carry out a sample stream data of transaction to evaluate the proposed approach of sliding window 

algorithm. The first thing analyzed is how our algorithm responds to a concept change with continuous number 

of data stream and how the window resizes based on the concept change occurrence. The concept change 

occurrence and window size alteration are directly related to the value of minimum change threshold (CT). The 

results shows high speed arrival of data stream adapt to recent changes of concept with varied window size after 

inserting pane to get the change ratio. The numbers of transactions consider here is 1580 K, with initial window 

size 5, and pane size 5 with item set 75 to mine the frequent data.  

 By applying our proposed approach based on minimum threshold the various size sliding window processes 

is applied over the data stream and finally discovering 1156 frequent patterns and 424 infrequent patterns. The 

graph shows the concept change ratio variations based on the minimum support threshold value. The different 

change ratio is plotted in graph with various threshold ranges which are shown in below.  

 

 
 

Fig. 3: change ratio when threshold=0.2. 

 

 Graph 1 show the change ratio of different number of transactions with minimum support threshold of 0.2 

with sliding window size 5 and pan size is 5. For 10k transactions the concept change ratio occurred is 1.544 

which is drawn in figure 1. For 20k transactions its concept ratio occurrence is slightly increased and for 30k the 

concept ratio gradually reached as high when compared to 10k transactions. For various threshold values the 

change ratio is plotted and the results showed in graphs 2, 3, and in graph 4. 

 

 
 

Fig. 4: change ratio when threshold=0.4. 

 



468                                                     K. Pazhani Kumar and Dr.S.Arumuga perumal 2014 

Australian Journal of Basic and Applied Sciences, 8(13) Auguts 2014, Pages: 462-469 

 
 

Fig. 5: change ratio when threshold=0.6 

 
 

Fig. 6: change ratio when threshold=0.8 

 

Conclusion: 

 Mining data streams for discovering frequent patterns has proven to be a complicated problem while 

valuable techniques developed to perform the mining process. This work has established two significant 

contributions where the first thing is to mine the frequent occurrence of patterns over the streaming process, and 

the other is to differentiate the highly occurred patterns and low occurrence of patterns. In order to mining the 

frequent patterns over the stream of data, a variable size sliding window approach is utilized with the concept 

change occurrence where the old values are not neglected from the window. Instead of neglecting the old values, 

all frequent occurrences of patterns are gathered and formed into a cluster and then process each cluster to 

update the patterns based on high and low frequency in a priority tree. The proposed work analyzed the results 

and enables great efficiency with scalability to work out with the frequent pattern mining problem on data 

streams with the large number of transactions.  
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