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Abstract

Share-frequent pattern mining discovers more useful
and realistic knowledge from database compared to
the traditional frequent pattern mining by consider-
ing the non-binary frequency values of items in trans-
actions. Therefore, recently share-frequent pattern
mining problem becomes a very important research
issue in data mining and knowledge discovery. Exist-
ing algorithms of share-frequent pattern mining are
based on the level-wise candidate set generation-and-
test methodology. As a result, they need several
database scans and generate-and-test a huge number
of candidate patterns. Moreover, their numbers of
database scans are dependent on the maximum length
of the candidate patterns. In this paper, we propose a
novel tree structure ShrFP-Tree (Share-frequent pat-
tern tree) for share-frequent pattern mining. It ex-
ploits a pattern growth mining approach to avoid the
level-wise candidate set generation-and-test problem
and huge number of candidate generation. Its number
of database scans is totally independent of the maxi-
mum length of the candidate patterns. It needs max-
imum three database scans to calculate the complete
set of share-frequent patterns. Extensive performance
analyses show that our approach is very efficient for
share-frequent pattern mining and it outperforms the
existing most efficient algorithms.

Keywords: Data mining, Knowledge discovery, Fre-
quent pattern mining, Share-frequent pattern mining,
Pattern growth mining.

1 Introduction

Frequent pattern mining (Agrawal et al., 1993;
Agrawal and Srikant, 1994; Han et al., 2004, 2007)
plays an important role in data mining and knowl-
edge discovery techniques such as association rule
mining, classification, clustering, time-series mining,
graph mining, web mining etc. The initial solu-
tion of frequent pattern mining is the Apriori algo-
rithm (Agrawal et al., 1993; Agrawal and Srikant,
1994) which is based on the level-wise candidate set
generation-and-test methodology and needs several
database scans. For the first database scan, it finds
all the single-element frequent patterns and based on
that result it generates the candidates for two-element
frequent patterns. In the second database scan, it
finds all the two-element frequent patterns and based
on that result it generates the candidates for three-

Copyright c©2008, Australian Computer Society, Inc. This pa-
per appeared at the Seventh Australasian Data Mining Con-
ference (AusDM 2008), Glenelg, Australia. Conferences in
Research and Practice in Information Technology (CRPIT),
Vol. 87, John F.Roddick, Jiuyong Li, Peter Christen and Paul
Kennedy, Ed. Reproduction for academic, not-for profit pur-
poses permitted provided this text is included.

element frequent patterns and so on. FP-growth (Han
et al., 2004) solved this problem by introducing a
prefix-tree (FP-tree) based algorithm without candi-
date set generation-and-test. This algorithm is called
the pattern growth or FP-growth algorithm and needs
two database scans.

In practice, considering the binary frequency (ei-
ther absent or present) or support of a pattern may
not be a sufficient indicator for finding meaningful
patterns from a transaction database because it only
reflects the number of transactions in the database
which contain that pattern. In our real world scenar-
ios, one user can buy multiple copies of items. We can
consider an example in market basket data. For ex-
ample, customer X has bought 3 pens, 4 pencils and
1 eraser, customer Y has bought 10 apples, customer
Z has bought 3 breads and 5 milks and customer R
has bought 2 shirts and 1 shoe. Therefore, traditional
frequency/support measure cannot analyse the exact
number of items (itemsets) purchased. For that rea-
son, itemset share approach (Carter et al., 1997; Bar-
ber and Hamilton, 2000, 2001, 2003; Li et al., 2005a,b)
has been proposed to discover more important knowl-
edge in association rule mining (Agrawal et al., 1993;
Agrawal and Srikant, 1994; Verma and Vyas, 2005;
Wei et al., 2006). Share measure can provide use-
ful knowledge about the numerical values that are
typically associated with the transactions items. In
addition to our real world retail market, it is also
well applicable to find more useful web path traversal
patterns because time spent in each website by the
user is different. Other application areas, such as bi-
ological gene database, stock tickers, network traffic
measurements, web-server logs, data feeds from sen-
sor networks and telecom call records can have similar
solutions.

Motivated from these real world scenarios, we
propose one efficient approach to discover share-
frequent patterns. The existing solutions (Carter
et al., 1997; Barber and Hamilton, 2000, 2001, 2003;
Li et al., 2005a,b) suffer in the level-wise candidate
set generation-and-test problem and they need several
database scans depending on the length of the candi-
date patterns. In this paper, we propose a novel tree
structure ShrFP-Tree (Share-frequent pattern tree)
for share-frequent pattern mining. By holding use-
ful property and exploiting a pattern growth tech-
nique, ShrFP-Tree finds all the actual share-frequent
patterns very efficiently. Moreover, it needs maxi-
mum three database scans for finding out complete
set of the share-frequent patterns, i.e. its number
of database scans is not dependent on the maximum
length of candidate. Extensive performance analy-
ses show that our approach outperforms the existing
most efficient algorithms ShFSM (Li et al., 2005a)
and DCG (Li et al., 2005b) in both dense and sparse
datasets.

In summary, the main contributions of this paper



are (1) Devising a novel tree structure that can effi-
ciently maintain the maximum share information of
each item in a tree for finding all the candidate share-
frequent patterns, (2) Applying a pattern growth min-
ing approach on the above tree structure in order to
eliminate the level-wise candidate generation-and-test
methodology in share-frequent pattern mining, (3)
Demonstration of how to achieve the complete share-
frequent patterns by using the proposed approach and
by scanning the database maximum three times, and
(4) Extensive performance study to compare the per-
formance of our algorithm with the existing most ef-
ficient algorithms ShFSM (Li et al., 2005a) and DCG
(Li et al., 2005b).

The remainder of this paper is organized as fol-
lows. In Section 2, we describe related work and the
main problems of the existing most efficient ShFSM
and DCG algorithms for mining share-frequent pat-
terns. In Section 3, we describe the share-frequent
pattern mining problem. In Section 4, we describe
the construction and mining process of our proposed
ShrFP-Tree structure for share-frequent pattern min-
ing. In Section 5, experimental results are presented
and analysed. Finally, conclusions are presented in
Section 6.

2 Related Work

2.1 Frequent Pattern Mining

Let I = {i1, i2, ......im} be a set of items and D be
a transaction database {T1, T2, ......Tn} where each
transaction Ti ∈ D is a subset of I. The sup-
port/frequency of a pattern X{x1, x2, .......xp} is the
number of transactions containing the pattern in
the transaction database. The problem of frequent
pattern mining is to find the complete set of pat-
terns satisfying a minimum support in the transaction
database. The downward closure property (Agrawal
et al., 1993; Agrawal and Srikant, 1994) is used to
prune the infrequent patterns. This property tells
that if a pattern is infrequent then all of its super
patterns must be infrequent. Apriori (Agrawal et al.,
1993; Agrawal and Srikant, 1994) algorithm is the ini-
tial solution of frequent pattern mining problem and
very useful in association rule mining. But it suffers
from the candidate generation-and-test problem and
needs several database scans.

FP-growth (Han et al., 2004) solved the prob-
lem of candidate generation-and-test by using a tree-
based (FP-tree) solution without any candidate gen-
eration. It needs only two database scans to find
all the frequent patterns. FP-array (Grahne and
Zhu, 2005) technique was proposed to reduce the FP-
tree traversals and it efficiently works especially in
sparse datasets. One interesting measure h-confidence
(Xiong et al., 2006) was proposed to identify the
strong support affinity frequent patterns. Some other
research (Wang et al., 2005; Han et al., 2007; Dong
and Han, 2007; Liu et al., 2007) has been done for
frequent pattern mining. Tree structures have been
proposed to calculate all the frequent patterns using a
single pass of database such as CanTree (Leung et al.,
2007), CP-tree (Tanbeer et al., 2008), etc. This tra-
ditional frequent pattern mining problem considers
only the binary occurrence (0/1), i.e. either absent
or present of the items in one transaction.

2.2 Share-Frequent Pattern Mining

Carter et al. 1997 first introduced the share-
confidence model to discover useful knowledge about
numerical attributes associated with items in a trans-
action. ZP and ZSP (Barber and Hamilton, 2000,

2003) algorithms use heuristic methods to generate
all the candidate patterns. Moreover, they cannot
rely on the downward closure property and therefore
their searching method is very time-consuming and
does not work efficiently in large databases. Some
other algorithms such as SIP, CAC and IAB (Barber
and Hamilton, 2000, 2001, 2003) have been proposed
to mine share-frequent patterns but they may not dis-
cover all the share-frequent patterns. Fast share mea-
sure (ShFSM), (Li et al., 2005a) improves the previ-
ous algorithms by using the level closure property.
This property cannot maintain the downward closure
property. ShFSM wastes the computation time on
the join and the prune steps of candidate generation
in each pass, and generates too many useless candi-
dates.

Direct Candidates Generation (DCG) (Li et al.,
2005b) algorithm outperforms ShFSM by generating
candidates directly without the prune and the join
steps in each pass. Moreover, the number of candi-
dates generated by DCG is less than ShFSM. DCG
can maintain the downward closure property by us-
ing the potential maximum local measure value (Def-
inition 5) of an itemset which is actually the trans-
action measure value (Definition 6) of an itemset.
Still, DCG has a big problem of level-wise candi-
date generation-and-test methodology. As a result,
its number of database scans is dependent on maxi-
mum candidate length and it tests huge unnecessary
candidate patterns. In the k-th pass, DCG scans the
whole database to count the local measure value of
each candidate k -itemset X and counts the poten-
tial maximum share value of each monotone (k+1 )-
superset of X (Li et al., 2005b). Therefore, DCG gen-
erates and tests too many candidate patterns in the
mining process. For example, if the number of dis-
tinct items is 10000, then it tests

(
10000

2

)
two-element

candidate patterns in pass-1 to get the actual can-
didate patterns of pass-2. Moreover, its number of
database scans is dependent on the maximum length
of the actual candidate patterns. For example, if the
maximum length of a candidate pattern is 4 (“abcd”),
DCG has to scan database 4 times to find all the
share-frequent itemsets. If the maximum actual can-
didate length is 20, a total of 20 database scans are re-
quired. So, for maximum actual candidate length N,
a total of N database scans are required. As a result,
DCG is very inefficient for (1) dataset where the num-
ber of distinct items is large and (2) dense datasets
where the maximum candidate pattern length is big.

In this paper, we propose a novel tree structure
to remove these problems of the existing most effi-
cient known algorithm DCG. Our approach generates
a very few candidates using a pattern growth tech-
nique and its maximum number of database scans is
three which is totally independent of the maximum
length of the candidate patterns.

3 Problem Definition

We have adopted similar definitions presented in
the previous works (Carter et al., 1997; Barber and
Hamilton, 2000, 2001, 2003; Li et al., 2005a,b). Let
I = {i1, i2, ......im} be a set of items and D be a trans-
action database {T1, T2, ......Tn} where each transac-
tion Ti ∈ D is a subset of I.

Definition 1: The measure value mv(ip, Tq), repre-
sents the quantity of item ip in transaction Tq. For
example, in Table 1, mv(a, T3) = 5.

Definition 2: The transaction measure value of a
transaction Tq denoted as tmv(Tq) means the total



Table 1: Example of a transaction database with counting

TID Transaction Count Total count

T1 {a, b, f, g} {2, 1, 2, 1} 6
T2 {b, c, h} {3, 2, 2} 7
T3 {a, c, e} {5, 3, 3} 11
T4 {c} {5} 5
T5 {b, c, d} {4, 3, 2} 9
T6 {a, c, e, f, g} {1, 3, 1, 2, 1} 8
T7 {a, d} {1, 3} 4
T8 {a, c, e, f} {4, 2, 1, 5} 12

measure value of a transaction Tq and it is defined
by,

tmv(Tq) =
∑

ip∈Tq

mv(ip, Tq) (1)

For example, tmv(T7) = mv(a, T7) + mv(d, T7) = 1
+ 3 = 4 in Table1.

Definition 3: The total measure value Tmv(DB)
represents the total measure value in DB. It is defined
by,

Tmv(DB) =
∑

Tq∈DB

∑

ip∈Tq

mv(ip, Tq) (2)

For example, Tmv(DB) = 62 in Table1.

Definition 4: The itemset measure value of an item-
set X in transaction Tq, imv(X, Tq) is defined by,

imv(X, Tq) =
∑

ip∈X

mv(ip, Tq) (3)

where X = {i1, i2, .......ik} is a k -itemset, X ⊆ Tq and
1 ≤ k ≤ m. For example, imv(bc, T2) = 3 + 2 = 5 in
Table1.

Definition 5: The local measure value of an itemset
X is defined by,

lmv(X) =
∑

Tq∈DBX

∑

ip∈X

imv(ip, Tq) (4)

where DBX is the set of transactions contain item-
set X. For example, lmv(ac) = imv(ac, T3) +
imv(ac, T6) + imv(ac, T8) = 8 + 4 + 6= 18 in Ta-
ble1.

Definition 6: The transaction measure value of an
itemset X, denoted by tmv(X), is the sum of the tmv
values of all the transactions containing X.

tmv(X) = Tmv(DBX) =
∑

X⊆Tq∈DBX

tmv(Tq) (5)

For example, tmv(g) = tmv(T1) + tmv(T6) = 6 + 8
= 14 in Table 1.

Definition 7: The share value of an itemset X, de-
noted as SH(X), is the ratio of the local measure value
of X to the total measure value in DB. So, SH(X) is
defined by,

SH(X) =
lmv(X)

Tmv(DB)
(6)

For example, SH(ac) = 18/62 = 0.29, in Table 1.

Definition 8: Given a minimum share threshold,
minShare, an itemset is share-frequent if SH(X) ≥
minShare. If minShare is 0.25(we can also express it
as 25%), in the example database, “ac” is a share-
frequent itemset, as SH(ac) = 0.29.

Definition 9: The minimum local measure value,
min lmv, is defined as

min lmv = ceiling(minShare× Tmv(DB)) (7)

In Table 1, if minShare = 0.25, then min lmv =
ceiling (0.25 × 62) = ceiling (15.5) = 16. So, for
any itemset X, if lmv(X) ≥ min lmv, then we can
say that X is a share-frequent pattern.

Main challenging problem of share-frequent pat-
tern mining area is, itemset share does not have the
downward closure property. For example, SH(a) =
0.2096 in Table 1, so “a” is a share-infrequent item
in Table 1 for minShare = 0.25, but SH(ac) = 0.29,
so “ac” is a share-frequent itemset. As a result, the
downward closure property does not satisfy. There-
fore, maintaining the downward closure property is
very challenging here.

The downward closure property can be maintained
by using the transaction measure value (Definition 6).
For a pattern X, if tmv(X) < min lmv, then we can
prune that pattern without further consideration. For
example, In Table 1 if we consider minShare = 0.25,
then tmv(g) = 14 < min lmv(16). As a result, ac-
cording to the downward closure property none of the
super patterns of “g” can be a share-frequent pattern
and therefore we can easily prune “g” at the early
stage.

4 ShrFP-Tree: Our Proposed Tree Structure

4.1 Construction Process of ShrFP-Tree

In this section, we describe the construction process
of the ShrFP-Tree (Share-frequent pattern tree) for
share-frequent pattern mining. We maintain Header
table and keep item name and tmv values of items in
it. To facilitate the tree traversals adjacent links are
also maintained (not shown in the figures for simplic-
ity) in the ShrFP-Tree.

In the first database scan, ShrFP-Tree captures
the tmv value of all the items. Consider the database
shown in Table 1 and minShare = 0.25. According
to equation 7, min lmv = 16. After the first database
scan, the tmv values of the individual items are < a :
41, b : 22, c : 52, d : 13, e : 31, f : 26, g : 14 and h : 7 >.
To be a candidate share-frequent item, the tmv of an
item must be at least 16. Therefore, the items “d”,
“g” and “h” are not candidate items. According to
the downward closure property, we can prune these
items without further consideration. Next, we sort
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Figure 1: Construction process of ShrFP-Tree

the header table in descending order according to tmv
values of the items. The header table order of items
is < c : 52, a : 41, e : 31, f : 26 and b : 22 >.

In the second database scan we consider only can-
didate items from each transaction and sort them ac-
cording to the header table sort order, and then we
insert them into the tree. For the first transaction
T1, which contains item “a”, “b”, “f ” and “g”, we
discard the non-candidate item “g” at first and then
arrange the items according to the header table sort
order. Items “a”, “f ” and “b” get the tmv value of T1,
which is 6. Figure 1(a) shows the ShrFP-Tree after in-
serting T1. In T2, non-candidate item “h” is removed
and the remaining items of T2 are arranged (at first
“c” then “b”) in the descending tmv order presented
in the header table. After that, items “c” and “b”
are inserted in the ShrFP-Tree as a new path with
tmv value 7, shown in Figure 1(b). In T3, all items
are candidate items. They are arranged in the same
way and the order is “c”, “a”, “e”. Item “c” gets the
prefix sharing with the existing node containing item
“c”. The tmv value of “c” becomes 7+11=18, item
“a” becomes its child with tmv value 11 and item
“e” becomes the child of “a” with same tmv value
11(shown in Figure 1(c)). Figure 1(d) to Figure 1(h)
show the insertion process of transactions T4 to T8.
Figure 1(h) shows the final tree with the header table
for the full database presented in Table 1. In the next
section we will perform the mining operation in this
tree presented at Figure 1(h).

Property 1: The total count of tmv value of any
node in ShrFP-Tree is greater than or equal to the
sum of total counts of tmv values of its children.

4.2 Mining Process of ShrFP-Tree

ShrFP-Tree exploits a pattern growth mining ap-
proach to mine all the candidate share-frequent pat-
terns. As our tree-structure has the important prop-
erty of FP-tree stated in property 1, pattern growth
mining algorithm can be directly applicable to it by
using the tmv value.

Consider the database of Table 1 and minShare
= 0.25 in that database. The final ShrFP-Tree is
created for that database is shown in Figure 1(h).
At first the conditional tree of the bottom most item
“b” (shown in Figure 2(a)) is created by taking all
the branches prefixing the item “b” and deleting the
nodes containing an item which cannot be a candidate
pattern with the item “b”. Obviously, items “f ” and
“a” cannot be candidate patterns with item “b” as
they have low tmv values with it. Both the items
“f ” and “a” has tmv value 6 with the item “b” and
minimum tmv value must be 16 to be a candidate
pattern. So, the conditional tree of item “b” does not
contain the items “f ” and “a”. Therefore, candidate
patterns (1) {b, c} and (2) {b} are generated here.

In the similar fashion, conditional tree for item “f ”
is created in Figure 2(b) and candidate patterns (3)
{e, f}, (4) {a, f}, (5) {c, f} and (6) {f} are generated.
The conditional tree of itemset “fe” is shown in Figure
2(c) and candidate patterns (7) {a, e, f}, (8) {c, e, f}
and (9) {a, c, e, f} are generated. The conditional tree
of itemset “fa” is shown in Figure 2(d) and candidate
pattern (10) {a, c, f} is generated. The conditional
tree of item “e” is shown in Figure 2(e) and candidate
patterns (11) {a, e}, (12) {c, e}, (13) {a, c, e} and (14)
{e} are generated. The conditional tree of item “a”
is shown in Figure 2(f) and candidate patterns (15)
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Table 2: Calculation process of share-frequent patterns

No. Candidate tmv lmv SH Share-frequent
patterns patterns

1. bc 16 12 0.1935 No
2. b 22 8 0.129 No
3. ef 20 9 0.145 No
4. af 26 16 0.258 Yes
5. cf 20 12 0.1935 No
6. f 26 9 0.145 No
7. aef 20 14 0.2258 No
8. cef 20 14 0.2258 No
9. acef 20 19 0.306 Yes
10. acf 20 17 0.274 Yes
11. ae 31 15 0.2419 No
12. ce 31 13 0.2096 No
13. ace 31 23 0.37 Yes
14. e 31 5 0.08 No
15. ac 31 18 0.29 Yes
16. a 41 13 0.2096 No
17. c 52 18 0.29 Yes

{a, c} and (16) {a} are generated. The last candidate
pattern (17) {c} is generated for the top-most item
“c”. Our approach performs the third database scan
to find share-frequent patterns from these 17 candi-
date patterns. Table 2 shows the calculation process
of the actual share-frequent patterns from the candi-
date patterns. The resultant share-frequent patterns
are, {a, f}, {a, c, e, f}, {a, c, f}, {a, c, e}, {a, c} and
{c}.

5 Experimental Results

In this section, we present our experimental results on
the performance of our proposed approach in com-
parison with the most efficient share-frequent pat-
tern mining algorithms, DCG (Li et al., 2005b) and
ShFSM (Li et al., 2005a). The main purpose of this
experiment is to show how efficiently and effectively
the share-frequent patterns can be discovered in both
dense and sparse datasets by our approach compared
to the existing algorithms.

To evaluate the performance of our proposed
tree structure, we have performed several exper-
iments on IBM synthetic dataset T10I4D100K
and real life datasets mushroom and kosarak
from frequent itemset mining dataset reposi-
tory (http://fimi.cs.helsinki.fi/data/) and UCI Ma-
chine Learning Repository (http://kdd.ics.uci.edu/).
These datasets provides binary quantity of each item
for each transaction. As like the performance eval-
uation of the previous share-frequent pattern mining
(Li et al., 2005a,b) we have generated random num-
bers for the quantity of each item in each transaction,
ranging from 1 to 10. Our programs were written in
Microsoft Visual C++ 6.0 and run with the Windows
XP operating system on a Pentium dual core 2.13
GHz CPU with 2GB main memory.

Dense datasets (Sucahyo et al., 2003) have too
many long frequent as well as share-frequent patterns.
The probability of an item’s occurrence is very high
in every transaction. As a result, for comparatively
higher threshold, dense datasets have too many can-
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didate patterns. Actually, long patterns need several
database scans. That’s why, when the dataset be-
comes denser, or minimum threshold becomes low,
the number of candidates and total running time
sharply increases in the Apriori based existing algo-
rithms.

The mushroom dataset contains 8,124 transac-
tions and 119 distinct items. Its means transactions
size is 23, around 20% ((23/119)×100) of its distinct
items are present in every transaction and therefore it
is a dense dataset. At first we compare the number of
candidate patterns that have been tested by each al-
gorithm. Figure 3 shows the number of candidate pat-
terns comparison. The numbers of candidates of the
existing algorithms rapidly increase below minShare
= 0.2 (i.e. 20% ). For minShare 0.1 and 0.15, the
amounts of their candidate patterns are remarkable
larger from our candidate patterns.

Figure 4 shows the running time comparison in
the mushroom dataset. In the case of existing al-
gorithms, for lower thresholds they have too many
long candidate patterns and several database scans
are needed for the huge number of long candidate pat-
terns. As a result, time difference between existing al-
gorithms and our algorithm becomes larger when the
minShare decreases. So, these results demonstrate
that existing algorithms are very inefficient for dense
dataset when the minShare is low.
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Sparse datasets (Ye et al., 2005; Grahne and Zhu,
2005) normally have too many distinct items. Al-
though in the average case their transactions length
is small, but they normally have many transactions.
As we described in Section 2.2, handling too many
distinct items is a severe problem in Apriori-like ex-
isting algorithms. We show here that handling large
number of distinct items and several database scans
over long sparse datasets also make the existing algo-
rithms inefficient in sparse datasets.

The T10I4D100K dataset contains 100,000 trans-
actions and 870 distinct items. Its mean transaction
size is 10.1, around 1.16% ((10.1/870)×100) of its dis-
tinct items are present in every transaction and there-
fore it is a sparse dataset. The performance of our
algorithm is better than the existing algorithms in
both number of candidates and execution time com-
parisons, shown in Figure 5 and Figure 6 respectively.
Obviously, the difference of candidate patterns and
running time of existing algorithms and our approach
becomes larger when the minShare becomes low.

The dataset kosarak contains click-stream data
of a Hungarian on-line news portal. It contains
990,002 transactions and 41,270 distinct items. Its
mean transaction size is 8.1, and it is a large sparse
dataset. Around 0.0196% ((8.1/41270)×100) of its
distinct items are present in every transaction. As we
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Figure 7: No. of candidates comparison on the
kosarak dataset
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Figure 8: Execution time comparison on the kosarak
dataset

described in Section 2.2, existing algorithms generate-
and-test too many candidate patterns for this large
number of distinct items shown in Figure 7. Obvi-
ously, too much time is needed for handling these can-
didates and scanning the long kosarak dataset with
them. Running time comparison is shown in Figure 8.
We compared the performance of our approach with
the existing ShFSM algorithm. Since DCG maintains
an extra array for each candidate (Li et al., 2005b),
we could not keep all its candidates in each pass in
the main memory. Figure 8 shows that our approach
outperforms the existing algorithm on the kosarak
dataset. Therefore, the existing algorithms are very
inefficient for sparse datasets having too many dis-
tinct items and number of transactions.

Fig. 8 also shows that ShrFP-Tree has efficiently
handled the 41,270 distinct items and around 1 mil-
lion transactions in the kosarak dataset. Therefore,
these experimental results demonstrate the scalabil-
ity of our tree structure to handle a large number of
distinct items and transactions.

6 Conclusions

The main contribution of this paper is to provide a
very efficient research work for share-frequent pat-

tern mining in the area of data mining and knowl-
edge discovery. To solve the level-wise candidate
set generation-and-test problem of the existing algo-
rithms, we propose a novel tree structure ShrFP-Tree.
Our technique prunes huge number of unnecessary
candidates during tree creation time by eliminating
non-candidate single-element patterns and also dur-
ing mining time by using a pattern growth approach.
Its maximum number of database scans is totally in-
dependent of the maximum length of candidate pat-
terns. It needs maximum three database scans in con-
trast to several database scans needed for the exist-
ing algorithms. Moreover, ShrFP-Tree is very simple,
easy to construct and handle. Extensive performance
analyses show that our approach is very efficient and
it outperforms the existing most efficient algorithms
in both dense and sparse datasets.
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