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Abstract 
Mining frequent patterns in a data stream is very 
challenging for the high complexity of managing patterns 
with bounded memory against the unbounded data. While 
many approaches assume a fixed support threshold, a 
changeable threshold is more realistic, considering the 
rapid updating of the streaming transactions in practice. 
Additionally, mining of itemsets over various time 
granularities rather than over the entire stream may 
provide more flexibility for many applications. Therefore, 
we propose a interactive mechanism to perform the 
mining of frequent itemsets over arbitrary time intervals 
in the data stream, allowing a changeable support 
threshold. A synopsis vector having tilted-time tables is 
devised for maintaining statistics of past transactions for 
support computation over user-specified time periods. 
The extensive experiments over various parameter 
settings demonstrate that our approach is efficient and 
capable of mining frequent itemsets in the data stream 
interactively, with variable support thresholds.. 

Keywords:  data stream, frequent pattern, interactive 
mining, tilted synopsis vector, time-granularity 

1 Introduction 
Data stream is a new data model with many applications 
that attracts many researchers to investigate efficient and 
effective mechanisms in recent years (Babcock 2002). 
Many distributed, data-intensive applications, like 
telecommunications, web services, and sensor networks, 
continuously generate an unbounded sequence of data 
items at a high rate in real time nowadays. These transient 
data streams cannot be modelled as persistent relations so 
that traditional database management systems are 
becoming inadequate in supporting the functionalities of 
modelling this new class of data. Conventional 
approaches for information queries and knowledge 
discovery, such as association rule mining, now demand 
new mechanisms to handle the rapid and time-changing 
data streams. 
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The discovery of frequent items and frequent itemsets 
has been studied extensively in the data mining 
community, with many algorithms proposed and 
implemented. However, the unbounded nature of data 
streams disallows the holding of the entire stream in the 
memory, and often incurs a high call-back cost even if the 
past data can be stored in external media. Stream mining 
algorithms would generally be restricted to scan the data 
items only once and can present merely approximate 
results rather than accurate results because some data 
items will be inevitably discarded. The ‘one-pass’ 
constraint, however, inhibits the direct application of 
traditional mining algorithms on data streams. 
Overcoming the difficulties of frequent pattern mining in 
data streams hence become a very challenging research 
issue.  

The mining of frequent items (Charikar 2002) or 
frequent itemsets in a data stream has been addressed 
recently (Jiang 2006). Three models including landmark 
window (Manku 2002), sliding window (Chang 2005, 
Chi 2004) and time-fading window (damped window) 
(Giannella 2002) are employed to characterize the time 
span of the transactions in the mining. The entire history 
of the data stream is considered in the landmark window. 
The weights of past transactions are decreased to 
emphasize the importance of recent history in the 
time-fading window. In sliding window model, only 
transactions in the latest window (a fixed period of time 
span) are considered.  

Many data stream association mining algorithms are 
developed (Chen 2002, Li 2006). The CountSketch 
algorithm (Charikar 2002) finds frequent items in a 
stream of items by estimating the item-frequency. A 
‘Group Testing’ algorithm using a small space structure 
(Cormode 2003) and a hash-based algorithm are 
presented for finding frequent items in the data stream 
(Jin 2003). The Buffer-Trie-SetGen is used to mine 
frequent itemsets in a transactional data stream in the 
algorithm (Manku 2002). The (itemset, count, 
possible_missed_count) triplets are kept in an on-disk trie 
with batched updating of incoming transactions. The 
DSM-FI algorithm (Li 2004) uses a FP-tree (Han 1999) 
like forest and estimated supports to mine frequent 
itemsets in a landmark window model. The estWin 
(Chang 2005) is a sliding window algorithm which finds 
recently frequent itemsets adaptively. In addition, the 
Moment algorithm (Chi 2004) employs a ‘closed 
enumeration tree’ for fast discovery of closed frequent 
itemsets in a data stream. The FP-stream algorithm 
(Giannella 2002) incrementally maintains tilted-time 
windows for frequent itemsets at multiple time 



granularities and effectively discovers frequent patterns. 
Specifically, the FP-stream may discover patterns in a 
specified time period, not necessary the entire time 
period. 

Note that the above approaches, including FP-stream 
(Giannella 2002), for mining frequent itemsets over data 
streams accept only one minimum support in the mining. 
The minimum support cannot be changed during the 
mining for these approaches. For example, if the 
minimum support is changed to a smaller value, these 
algorithms cannot obtain the statistics of the discarded 
transactions so that the result is incorrect. Such a mining 
with only one unchangeable minimum support is called 
fixed support mining. In reality, the minimum support is 
not a fixed value for the entire stream of transactions. The 
user may specify a threshold in the beginning, adjust the 
threshold after evaluating the discovered result, or change 
the threshold after a period of time after receiving 
volumes of transactions. The minimum support threshold 
therefore should be variable to suit the interactive need of 
the user. In contrast to frequent itemset mining with a 
fixed support, the mining with respect to a changeable 
support is referred to as variable support mining or 
interactive mining. The algorithm in (Lin 2006) addressed 
this problem but the method can be used only in the 
landmark window spanning over the entire period. 
Although online association rule mining (Hidber 1999) 
and interactive mining (Lin 2004) may have changeable 
support thresholds, both algorithms are inapplicable to the 
stream data because a scanning of entire transactions is 
required.  

In this paper, we formulate the problem of 
interactively mining frequent patterns in a data stream 
with respect to arbitrary time period, and with variable 
support threshold. An algorithm called VSMTP (Variable 
Support Mining of Time-sensitive Patterns) is proposed 
to support various mining requirements. For example, 
discovering the frequent itemsets in the period from t1 to 
t2, answering the periods when itemset (a, b) is frequent, 
giving alerts if the support of certain itemset changes 
dramatically in the period from t3 to t4, and so on. Such 
queries are named time-sensitive queries. In addition, the 
specified minimum support can be any value, instead of a 
fixed value.  

The VSMTP algorithm uses a compact structure to 
store the summary information of stream transactions 
across time so that time-sensitive queries can be answered. 
The summary structure, called tilted synopsis vector, is 
designed to approximate past transactions with a flexible 
similarity threshold. To speed up the mining of frequent 
queries in common discovery concerning patterns about 
the entire history, a compact structure is used to maintain 
the set of potential frequent itemsets. The comprehensive 
experiments conducted show that VSMTP is highly 
efficient and linearly scalable. 

The rest of the paper is organized as follows. Section 
2 gives a formal description of the variable support 
mining problem. Section 3 describes the proposed 
VSMTP algorithm in detail. In Section 4, the results of 
comprehensive experiments are presented. Finally, 
Section 5 concludes our study. 

2 Problem Statement 

Let Ψ = {α1, α2, …, αr} be a set of literals, called items. 
An itemset e having k items, represented by (β1, β2, …, βk), 
is called a k-itemset. The length of a k-itemset e, written 
as |e|, is k. Without loss of generality, the items in an 
itemset are assumed to be in lexicographic order. A data 
stream DS = {τ1, τ2, …, τc, …} is an infinite sequence of 
incoming transactions, where each transaction τi is an 
itemset associated with a unique transaction identifier. 
Let τc be the latest incoming transaction, called current 
transaction. Without loss of generality, a number of 
transactions are processed in a batch. Let tt0, tt1, …, ttn be 
successive non-overlapping time windows each 
representing a batch in the data stream, where tt0 is the 
oldest batch and ttn contains current transaction. The 
number of transactions in tti is called the window size of 
tti, denoted by |tti|. The data stream model is the same as 
previous data stream models: some (older) transactions 
might be discarded in the mining process because the 
memory cannot hold the infinite number of transactions.  

A transaction τi contains an itemset e if e ⊆ τi. The 
support of an itemset e in a specified time interval t1 to t2, 
denoted by supt1:t2(e), is the number of transactions 
containing e divided by the number of transactions in DS 
from time t1 to t2. The user specified a minimum support 
threshold ms∈ (0, 1] in the beginning of the data stream. 
At any point of time, along with the incoming of 
transactions, the user may change the minimum support 
threshold so that the thresholds form a series of minimum 
supports, named support sequence. Let msc, called current 
minimum support, be the minimum support when we saw 
transaction τc. An itemset e is called a frequent itemset in 
time period t1 to t2 if supt1:t2(e) ≥ msc. Time t1 and t2 can 
be mapped to the time window ttα　and ttβ, respectively. 
That is, itemset e is frequent in period t1 to t2 if its 
approximate frequency, namely support count, is greater 
than or equal to msc*(| ttα|+| ttα+1 　+…+| ttβ|). The 
objective is to determine the frequent itemsets for any 
specified time period, with respect to any specified 
minimum support.  

The problem statement relaxes the restrictions of 
common frequent pattern discovery in a data stream. The 
user can specify any time period, instead of the entire 
history of data streams. Moreover, the specified minimum 
support can be changed anytime. Although FP-stream 
(Giannella 2002) may find out frequent patterns at 
multiple time granularities, the support threshold cannot 
be changed. In contrast, at any point of time, a new 
minimum support can be specified for our problem 
definition. 

3 VSMTP: Variable Support Mining of 
Time-sensitive Patterns in Data Streams 

In this section, we describe the proposed algorithm, called 
VSMTP (Variable Support Mining of Time-sensitive 
Patterns), for variable support mining of frequent itemsets 
in a data stream with respect to arbitrary time period.  
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Figure 1: The overall concept of the VSMTP algorithm (a) transactions in the time window and the support 
sequence (b) the two operations on a time window tti (c) compute the support of itemset e and frequent itemsets in 
a period t1 to t2. 

Section 3.1 gives an overview of the VSMTP algorithm. 
The structures used in VSMTP are delineated in Section 
3.2. Section 3.3 presents the VSMTP algorithm in detail. 

3.1 An overview of the VSMTP Algorithm 
An algorithm called VSMDS (Lin 2006) was proposed 
for mining frequent itemsets over data streams with 
changeable support threshold. However, VSMDS may 
answer queries for the up-to-date patterns, from the 
beginning of the stream, but not the patterns within 
arbitrary time interval. Since the patterns are meaningful 
with respect to certain time interval. This kind of patterns 
is referred to as time-sensitive patterns. The framework of 
VSMDS is applied in the proposed algorithm, called 
VSMTP, to mine time-sensitive patterns with 
approximate support guarantee. A tilted synopsis vector is 
constructed for maintaining the statistics of past 
transactions in each period. Figure 1 presents an overview 
of the proposed VSMSD algorithm. 

On seeing a new time window tti of a batch of 
transactions, VSMTP applies two operations on the batch, 
updating the PFIi-1 (Potential Frequent Itemsets at tti-1) 
into PFIi and compressing tti with TSYVi-1 into TSYVi 
(Tilted Synopsis Vector at tti). The PFIi is used to quickly 
return the result for the most common query: mining the 
frequent patterns over the entire history. The PFI can be 
maintained using any compact structure for storing 
itemsets, such as the tree in (Manku 2002). The TSYVi 
keeps the summary of transactions in time windows from 
tt0 up to current window, in a tilted way, as described in 
Section 3.2. 

When a user asks the support of an itemset e in period 
t1 to t2 supt1:t2(e), time t1 and t2 are mapped to the 
corresponding time windows ttα　and ttβ, respectively. 

The transactions in time windows from tt　 and tt　 are 
then extracted from TSYVi and a corresponding PFI tree is 
constructed for the support computation. Consequently, 
the frequent itemsets in any periods, with respect to any 
support value, can be discovered. In fact, any frequent 
itemset mining algorithm such as FP-growth algorithm 
can be applied to mining the extracted set of transactions. 

In addition, the TSYVi-1 is invoked to build PFIi only 
when the PFIi cannot provide the up-to-date results. We 
keep all the itemsets having supports at least the support 
threshold in PFIi-1 during the process. Therefore, the 
TSYVi-1 is required only when a newly specified support is 
smaller than the support threshold in PFIi. Querying 
frequent itemsets of higher supports can be retrieved from 
PFIi without the participation of TSYVi-1 and TSYVi. 

3.2 Tilted Synopsis Vector 
VSMTP algorithm effectively compresses the 
(potentially) discarded transactions into a summary 
structure. The summary structure can approximate all the 
transactions in the data stream for each time window. 
Consequently, we may use the summary structure to 
extract the transactions for any specified period. The idea 
of transaction compression in VSMTP is similar to 
Proximus (Koyuturk 2005) or VSMDS (Lin 2006). 
However, a structure updating is carried out in place of 
the re-mining in Proximus for association mining 
(Koyuturk 2005). The summary structure for the data 
stream, referred to as a synopsis vector (abbreviated as 
SYV), in VSMDS (Lin 2006) can provide merely the 
approximation regarding the entire history. In order to 
offer the desired approximation for any period, the 
summary structure needs to be re-designed.  



A naïve extension may allocate as many SYVs as the 
number of time windows. Nevertheless, such an 
allocation would consume the available memory very fast. 
The new structure should confine its space allocation to 
deal with the unbounded nature of data stream 
transactions. Therefore, we propose a tilted synopsis 
vector (abbreviated as TSYV) to maintain a tilted-time 
table for each approximated transaction. 

Tilted-time window is based on the fact that people 
are often interested in recent changes at a fine granularity, 
but long term changes at a coarse granularity (Chen 2002). 
The summary thus may have different granularities. The 
tilted-time window frame can also be constructed based 
on a logarithmic time. In this way, with one year of data 
and the finest precision at quarter, we will need 
log2(365*24*4)+1 ≈ 17 units of time instead of 
366*24*4=35,136 units. The logarithmic tilted-time 
window schema hence is very space-efficient. 

The TSYV (Tilted Synopsis Vector) in VSMTP can 
be considered as a list of (delegate, cardinality, 
tilted-table) triplets. The cardinality indicates the number 
of occurrences of the delegate; the delegate represents a 
group of approximated itemsets (transactions). The tilted 
table records the tilted-time summary of the delegate for 
all the time windows. A delegate dg is said to 
approximate an itemset e if the difference between dg and 
e is no more than certain difference threshold 
(abbreviated as dh). If the dh is 0, the delegate is exactly 
the itemset itself. If dh is 1, delegate (a, c, e) may 
approximate (represent) itemset (a, c, f) or (b, c, e). If 
there is more than one delegate satisfying dh, the one with 
the minimum distance is selected. The distance between 
delegate dg and itemset e, denoted by dist(dg, e), is 
currently defined as the total number of different items 
between dg and e divided by the sum of the lengths of dg 
and e. The one with the largest cardinality will be selected 
if the both the difference and the distance for some 
delegates is the same. 

Figure 2 shows the structure of the TSYV. Figure 2(a) 
depicts the concept of logarithmic time scale: using 5 
units to record 16 time slots, where the oldest 8 slots, 4 
slots, 2 slots are recorded each by one unit. To record the 
units of the time slots coming in a later time, a successive 
merging of previous units might be invoked. Such a 
scheme has been adopted in (Giannella 2002). Figure 2(b) 
illustrates a TSYV of three delegates representing 488 
transactions in total. The cardinality for (a, c, e) is 132, 
indicating that delegate (a, c, e) occurred 132 times from 
the beginning of the stream. The tilted table for (a, c, e) 
states that 92 transactions are approximated in the most 
recent time window, 32 in the last time window, etc. The 
tt3 of value 75 means that 75 transactions merged from the 
oldest four time windows are approximated. Note that a 
larger difference threshold often generates a smaller 
TSYV, which has fewer delegates but larger cardinalities. 
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Figure 2: The TSYV Structure 

3.3 The VSMTP Algorithm 
Figure 3 outlines the VSMTP algorithm and the 
subroutines used in VSMTP. When a new window of 
transactions (tti) enters the data stream, VSMTP 
determines whether the synopsis vector is to be used by 
comparing the minimum support in the PFI (msPFI) with 
current minimum support (msc). If the msc is no less than 
the msPFI, VSMTP simply uses msPFI as the threshold to 
update the PFI by tti. VSMTP would prune the PFI with 
respect to msc to reclaim the memory if necessary. If the 
msc is smaller than the msPFI, VSMTP reconstructs the 
PFI with the synopsis vector and tti. The desired patterns 
can be retrieved by a traversal on the PFI. The batch is 
compressed into the synopsis vector at last. 

The t_update subroutine maintains itemsets having 
supports no less than msPFI in the PFI for fast retrieval of 
frequent patterns. A tree similar to (Lin 2006) is used for 
storing the PFI for quick support updating of itemsets of 
variable length. Similarly, the build subroutine utilizes 
the lexicographic property of consecutive 
item-comparisons for fast mining of potential frequent 
itemsets.  

To compress the transactions in tti, the t_compress 
subroutine aims to find a delegate which is closest to the 
transaction. The difference threshold, described in 
Section 3.2, is used to restrict the degree of dissimilarity 
of the delegate. If no delegate satisfies the requirement, 
the transaction itself becomes a new delegate. The 
difference threshold is a trade-off between the 
compression ratio of the transactions and the accuracy of 
the tilted synopsis vector. The value of the threshold can 
be dynamically controlled upon the available memory. 
That is, VSMTP increases dh and compresses TSYV once 
the available memory is not enough. 

4 Experimental Results 
We have conducted extensive experiments to evaluate the 
algorithm. The experiments were performed on an AMD 
Sempron 2400+ PC with 1GB memory, running the 
Windows XP, using data-sets generated from (Agrawal 
1994). Various parameters were used to generate different 
distributions of the data sets in the experiments. Here, we 
report the results on dataset T10.I5.D1000k, which has 
one million transactions of average size 10 and the 
average size of maximally frequent itemsets is 5. Please 
refer to (Agrawal 1994) for the details of the parameters. 
The experiments on other datasets were consistent.  

 

 



Algorithm VSMTP 
Input: tti: a new incoming batch in the data stream DS; msi: 

minimum support; PFIi-1: potential frequent itemset tree for 
tt0…tti-1; TSYVi-1: synopsis vector for tt1…tti-1 

Output: Fi: frequent itemsets; PFIi: potential frequent itemset 
for tt1…tti; TSYVi: tilted synopsis vector for tt1…tti  

/ / Initially, PFI0 and TSYV0 are empty, msPFI is 1  
if (msi ≥ msPFI)  

PFIi = t_update(PFIi-1, Bi) ; // update PFI by Bi w.r.t. msPFI  
else   

msPFI = msi ; // update msPFI  
PFIi-1 = build(TSYVi-1, msPFI) ; // build TSYVi-1 w.r.t. msPFI  
PFIi = t_update(PFIi-1, tti) ; // update PFI by tti w.r.t. msPFI  
output Fi = {e| e ∈ PFIi and sup(e) ≥ msi} ; // frequent 

patterns w.r.t. msi  
end-if 
TSYVi= compress(tti, TSYVi-1) ; // compress tti into TSYV  

(a) Algorithm VSMTP 
 
Subroutine t_update(PFIi-1, tti) 
Input: PFIi-1: potential frequent itemset for tt1…tti-1; tti: a new 

incoming batch in DS 
Output: PFIi: potential frequent itemset for B1…Bi 

FBi = {e| e ∈ Bi and sup(e) in Bi ≥ msPFI }; 
for each itemset e in FBi do 

if (e ∈ PFIi-1) // itemset e exists in PFIi-1  
increase the support count of e in PFIi-1 by the 

support count of e in tti ; 
else  
insert (e, support count of e in tti) into PFIi-1 ; 

end-if 
end-for 
return PFIi-1 ; 
 
Subroutine build(TSYVi-1, ms) 
Input: TSYVi-1: synopsis vector for tt1…tti-1; ms: the minimum 

support threshold 
Output: PFIi: potential frequent itemset tree for TSYVi-1 

PFIi = empty tree ;  
FSYV = {e| e ∈ TSYVi-1 and sup(e) in TSYVi-1 ≥ ms } ; 
for each itemset e in FSYV do  

insert (e, sup(e) in FSYV)) into PFIi  
end-for 
return PFIi ; 

 
Subroutine t_compress(tti, TSYVi-1) 
Input: tti: a new incoming batch in ds; TSYVi-1: tilted synopsis 

vector for tt1…tti-1 
Output: TSYVi: synopsis vector for tt1…tti; 

for each transaction t in Bi do // Let dh be the distance threshold  
dg = {e’ | e’ ∈ TSYVi-1 and dist(t, e’) = 0} ; 
if (dg = ∅)  dg = {e’’ | e’’ ∈ TSYVi-1 and ∀ e’ ∈ TSYVi-1 

dist(t, e’) ≥ dist(t, e’’)} ; 
if (dist(t, dg) > dh) // the distance between the best 

delegate and t is too large  
insert (t, 1) into TSYVi // t is a new delegate with 

cardinality 1 in TSYVi  
else 
 increase the cardinality of dg by 1 
end-if 

end-for 
(b) Subroutines used in Algorithm VSMTP 

Figure 3. (a) Algorithm VSMTP (b) the subroutines. 

 

The difference threshold was 10 and 10000 
transactions were in a time window. Figure 4 shows the 
performance of VSMTP algorithm with respect to a 
support sequence of random values ranging from 1.1% to 
2%. The breakdown of execution time is shown in Figure 
5. The Cr in the figures is the dynamic compression ratio 
simulating the amount of available memory, representing 
the fraction of TSYV to the total number of transactions. 
The performance with respect to various time window 
sizes is shown in Figure 6, and the working memory sizes 
for the experiments are depicted in Figure 7. Let the 
compression ratio be the size of the tilted synopsis vector 
divided by the total number of transactions, simulating 
the amount of available memory. Figure 8 indicates that 
VSMTP algorithm scales up sub-linearly with respect to 
the dataset size, from one million to 5 million. 

5 Conclusion 
In this paper, we propose the VSMTP algorithm for 
mining frequent patterns over arbitrary time intervals in 
data streams with changeable support threshold. To the 
best of our knowledge, VSMTP is the first algorithm that 
provides users with the ability to change the support and 
mine patterns with respect to any designated time interval 
in data streams. VSMTP utilizes the lexicographically 
structured PFI for fast updating and mining of patterns. 
The proposed tilted synopsis vector is effective for 
maintaining statistics of past and incoming transactions 
across different time intervals in the stream. The 
extensive experiments confirm that VSMTP efficiently 
mines frequent patterns with respect to variable supports, 
and has sub-linear scalability. 
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Figure 4. Mining the data stream with a support 
sequence of random thresholds  
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Figure 5. The breakdown of the processing time. 
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Figure 6. Effect on various time window sizes. 
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Figure 7. Working memory size w.r.t. window sizes. 
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Figure 8.  Scalability evaluation: 1000k to 5000k. 
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