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Abstract

In this paper, we propose a new version of FP-Growth algorithm to find a CI
rules. In this version, we vary the minsup value from one level to another@ Iation
r

0

is made in two cases: increasing and decreasing the mlnsup value. We per set of
experiments to validate the usefulness of our proposmon gener sociation
rules process.
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1. Introduction Q . 6

Association rule mining represents he mo p rtant and well techniques in
the data mining field, was first mtro al. [1]. Its main objective is to
extract interesting correlatlons muonK ng sets of items in transaction
databases. Due to their import information‘systems, association rules are widely
used in various areas such a&n&et finan communlcatlon networks, etc.

Apriori algorithm [1] is.one of the ignificant approaches to find association rules
from datasets. This alg r generat ciation rules from so-called frequent itemsets

a statistical measure, called minimum support (minsup). This
ass ule algorithm, and it is used to distinguish between
Gwssentially to limit the number of generated association
| to reach this objective, using only one minsup value for all
giv s problematic. In fact, with only one minsup value, an
association rule mir% orithm assumes that all items (or attributes) of a dataset have
the same frequen s assumption is not totally true in real applications, where datasets
contain some i@f a high frequency, while other ones are of a low frequency. Both
items with high and low frequencies are important to distinguish between frequent and
rare ite 0 overcome the constraint of one minsup, data mining algorithms have
been ad to mine association rules with multiple minimum supports.
T @. ain objective of these algorithms is to produce interesting knowledge from low
@to high level. In this context, we propose to introduce the multi-support approach in
hes~P-Growth algorithm [2]. The remainder of this paper is organized as follows: Section
2 reviews related works. Section 3 reminds key notions used in this paper. Our proposed
multi-support version of FP-Growth algorithm is described in Section 4. Section 5
discusses the efficiency of our approach through some experimentation. Section 6
concludes the paper and lists some perspectives for future researches.

2. Related works
In the literature, Apriori algorithm and its variants have been proposed for generating
association rules using frequent itemsets. This generation is based on two categories of
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itemsets: the candidate and the frequent itemsets. A candidate itemset is a potentially
frequent itemset (its support was not still computed), while a frequent itemset is an
itemset whose support is greater than the minimum support minsup. All variants of
Apriori algorithm use only one single minsup value for all items to find frequent itemsets.
But, they do not allow finding the so-called rare association rules [3] that are likely to be
of great interest in some data mining applications. As examples of these applications, we
can mention identifying relatively rare diseases, predicting telecommunication equipment
failure, finding associations between infrequently purchased supermarket items, and so
on. Though the variants of Apriori algorithm are theoretically expected to be capable of
finding rare association rules, they actually become intractable if the minimum support is
set low. Rare association rules have very low support and high confidence in contrast to
general association rules which have high support and high confidence. Mining of rare
association rules with a uniform minimal support for all itemsets of a dataset may cause
the well know rare item problem dilemma. This problem can be illustrated as follews: if
the minsup is high, frequent itemsets involving rare items are missed bec %

support is less than the minsup. To find frequent itemsets involving rare ite
value should be fixed at low value. As a result, the number of frequent it

To improve the performance of generating associatio al'gorlt invBlving rare

items, efforts are being made to propose new approache ra e as tlon rules [3,
4,5, 6, and 7]. The first approach, known as Mu SApriori) has
been proposed in [8]. In this approach, the mm@suppo assouatlon rule is
defined in terms of minimum item supports the |te at appear in the rule.
Hence, each item in a dataset can have a min%m iteme rt defined by the user. By
providing different minimum item sup @ he user express different support

requirements for different rules.
In the rest of this section, we fi @n W X d on FP-Growth algorithm and
ng, FP-Growth algorithm is widely

multiple minimum supports. | of data
recognized more efficient wQ erfo;m than Apriori algorithm, because it scans
pa

the database only twice com Wlth gorithm that scans the database N twice,

where N is the number of, sactlons e tatabase.
Multiple m|n|mum t app can be classified into two categories. The first
one varies the v minsup w% one item to another [8, 9]. For example, in [8],

authors con5|de one |t@ frequent, if each item belonging to this itemset
satisfies i up. Thissapproach is called MIS (Minimum Itemset Support).
Subsequen [9] au ive another definition of frequent itemsets to reduce their
number without losi mation. The second category varies the value of minsup when
moving from one to another [10]. Approaches for mining association rules at
s, allow not only discover rules at different levels but also have high
n trivial informative association rules because of its flexibility at
putting t ntion to different datasets and applying different supports at different

levels. O

ground

n this section, we briefly remind some notions that we use in the rest of the paper.

Definition 1: A context of extraction is a triplet K = (O; I; R), such that O and I are
two finite sets of, respectively, objects and items (or attributes), and R € O x | is a binary
relation between objects and items. A couple (0; i) € R means that an object o € O
contains the itemi € 1, oRi.

Example 1: We consider the following context of extraction.
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Table 1. Context of Extraction

A B C D E F
T1 | X
T2 | X X X
T3 X X X
T4 X X X
T5 | X X X X X
T6 | X X X
With this context, we study two cases: the case where values of minsup are assi n.

increasing order, and the case where the values are assigned in a decreasing ord
first case (increasing), we obtain the following results:
1. For level 1, we x the minsupl value at 0.5; we obtain the follg |®quent 1-
itemsets with their respective supports: A(4), B(S)x‘i‘%
2. For the second level, we x the minsup2 at 0 this ne , We obtain the
following results: AB(3), AC(3), AD(2), B

3. For level 3, we obtain the following fr uen |t msets, w
0.2 to minsup3: ABC(2), ACD(2) an %

4. Finally, we x minsup4 to 0.1 fo 4 and find that the set of frequent 4-

itemsets is empty. \
Now, we consider the second ¢ s@easmg o&ég) We have:

1. Forlevel 1and mms@i&l we oD e following frequent 1-itemsets and their
respective supports=A(4), B(3) (4), E(3) and F(1).

ve: AB(3),AC(3), AD(2), BC(2), CD(3), CE(2)

n we assign the value

2. For IeveIZa,n i 2=0.2 awe
and DE(3)

3. For lg Qﬁd minsup3%@.3, we obtain the following frequent 3-itemsets with
thei pective : ABC(2), ACD(2) and CDE(2).

4. For Ievel4 th frequent 4-itemsets is empty.

Table&mparative Table between Mono and Multi Supports

A
P %Level Mono support Multi support
numb Minsup | ltemsets Minsup Itemsets
1 0.50 | A(4), B(3), C(4), 0.50 | A4), B(3), C(4),
D(4) and E(3) D(4) and E(3)
0.50 | AB(3), AC(3), 0.30 | AB(3), AC(3),
AD(2), BC(2),
. 2 AD(2), CD(3), and CD(3). CE(2) and
DE(3)
DE(3)
3 0.50 | Empty set 0.20 | ABC(2), ACD(2)
and CDE(2)
4 0.50 | Empty set 0.10 | Empty set
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1 0.10 | A(4), B(3), C(4), 0.10 | A(4), B(3), C(4),
D(4), E(3) and F(1) D(4), E(3) and F(1)
0.10 | AB(3), AC(3), 0.20 | AB(3), AC(3),
AD(2), BC(2), AD(2), BC(2),
9 BD(1), BE(1), CD(3), CE(2) and
CD(3), CE(2), DE(3)
DE(3), DF(1) and
2 EF(1)
0.10 | ABC(2), ABD(1), 0.30 | ABC(2), ACD(2)
3 ACD(2), BCD(1), and CDE(2)
BCE(1), BDE(1),
CDE(2) and DEF(1) . .
4 0.10 | ABCD(1) and 0.50 | Empty set \/
BCDE(1) /'A
4. Proposed Approach \% %
In this section, we propose a new variant \M m in which we
introduce multi-supports at different levels. This v |s appl ree cases:
1. Inthe first case, we increase the minsupiva efrom veI to another.
2. Inthe second case, we decrease th up vaI een levels.

3. In the last and third case, v\( the Q\ alue randomly (increasing and

decreasing)
For each case, the minSL@uAl;e will B\@i according to three methods: (i) by the
user (U); (ii) by the user assisted by a fﬁgq (UR); (iii) automatically by a function (A).
The overall structure of o@oposed M t is defined as follows:

*

Algorithm, rlthm for ing multi-supports
Data: A actlon e DB and the choice of the user (U for User only, UF for
n, and A for automatically).

User assisted by

Result: MS: émmum supports.
MS=0; &

If Chai 'then

1 to | largest — itemset | step 1 do

Q MS = MS U minsupi ;
Ise

If Choice=="UF' then
/*Uniform variation of the minsup from one level to another*//
MS = MS U minsupl,;
a = (100 — minsup1)=(| largest — itemset | —1) mod 10;
for i:=1 to | largest — itemset | step 1 do
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minsupi = minsupi 1 + o
MS = MS U minsup i;
Else

/[*Non-uniform variation of the minsup*//

MS = MS U minsupl,;

for i:=1 to | largest — itemset | step 1 do

= Random((100 — minsupi 1)=(] largest — itemset | —1)) mod 10;

minsupi = minsupi 1 + ai ;

End

We vary the value of the minsup from one level to another according to t ges

1. In the first case, the variation is done accord the Ie Iargest
itemset in the database; hence, the size of the equal ength of the
largest itemset in the database.

2. In the second case, the user fixes the value MS set; then, the
subsequent values are determined by diyiding or g the first value on or

by the length of the current |temset
3. Thethird case is identical to th ce@at he first value of MS set (first
minsup) is computed randorg \
Algorithm 2 describes in a e@: de form steps you would use to find frequent
itemsets with modified versiw& -Growt\@)nthm

7>

N
Algorithm 2: FP—WWith mylti-stipports

Data: FP-tree \amcted &@ and a set minimum support threshold MS for each

item.
Result: @omplet @frequent patterns.
Method: Call FP h (FP-tree; null), which is implemented as follows.

Procedure @wth (Tree; o)
If Treexcdntains a single path P then
Fc&ombination (denoted as B ) of the nodes in the path P do
Oupport = minimum support of nodes in 3;
@ generate pattern B U a with and support > MSienemp) ;
End
Else
Foreach o; in the header of Tree do
B=o; U a;
support = a;:support ;

generate pattern B with and support > MSeneme) 5
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construct B s conditional pattern base and then B’ s conditional FP-tree Treeg,
If Treeg # @ then
call FP-Growth (Treeg, B, MS);
End
End
End

5. Experimental results

The aim of this section is to study the impact of multi-supports on number of
Association Rules (AR) generated. We conducted our experiments on Nursery ben mark.
database from http://archive.ics.uci.edu/ml/datasets.html . This database is com
attributes and 12960 records. In the rest of this section, we present and discéﬂﬁ&ults

obtained for different variations of the minsup.

5.1 Increasing minsup variant Q
In this variant, the user is helped by a functio eterm nsup values. The
user fixes the first minsup value, and then a fun compu subsequent minsup

values. This function computes a given mlnsupl = minsup;; +

increment. The term increment is either co (umform%ll levels) or random (non-
uniform for all levels). For the unifor 7the in ent is defined by the following
formula: (100 — e— minsup;) ~+ (| lar set @ 10. Here, we used € in order to
avoid cases with minsup values I to 0 &W For the non-uniform case, the
increment is fixed as follows: (IQO insup;) + (| largestitemset | —1) mod

10. Using these assumption fixing e\ .5, we obtain the following results (see
Tables 3 and 4).

Table 3. Nu 0 Asso ion Rules Generated when Increasing the
Mmge e with Constant Value

Minsup insup !\&@ Minsup | Minsup | Minsup | Minsup | Minsup | AR

1 2 4 5 6 7 8
N

10| 127 (015.57 1836 | 21.14| 23.93| 26.71| 2950 | 48

9| 1 1486 | 17.78| 2071| 2364 | 2657 | 29.50| 80

14.14 17.21 20.28 23.36 26.43 29.50 | 18

ACD
‘Jf
3

oo

QO 10.21 13.42 16.64 19.86 23.07 26.14 29.50 | 18

6 9.35 12.71 16.07 19.43 22.78 26.14 29.50 | 20

5 8.50 12.00 15.50 19.00 22.50 26.00 29.50 | 20

4 7.64 11.28 14.93 18.57 22.21 25.86 29.50 | 40

3 6.78 10.57 14.36 18.14 21.93 25.71 29.50 | 40
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0
2 5.93 9.86 13.78 17.71 21.64 25.57 29.50 | 55
2
1 5.07 9.14 13.21 17.28 21.36 25.43 29.50 | 63
2
Table 4. Number of Association Rules Generated when Increasing the
Minsup Value with Random Value

Minsup | Minsup | Minsup | Minsup | Minsup | Minsup | Minsup | Minsup | AR

1 2 3 4 5 6 7 8
15 16.04 21.47 27.42 32.46 37.32 41.82 45.89 | 46,
14 15.21 20.87 26.30 31.37 36.28 40.73 4??&&
13 14.17 20.52 26.42 31.63 36.19 40.48 rA 48
12 13.30 19.88 25.94 30.78 ¢ 40.@%76 48
11 12.38 18.55 24.31 29.79 1 3&&/ 4359 | 69

A
10 11.41 18.19 24.40 29.6() 35.02 *\V}SG 43.84 | 14
9 10.44 17.01 22.72 60 3 38.43 4264 | 19
-\‘ < (e 9
8 9.53 15.25 2@, 260 Q‘él 70 36.29 40.82 | 20
A\ () > 7
7| e8| 14764\ 20.69 ’\%01 31.04| 3581| 4040 30
N 8
: . :1%"’ 25.46 30.21 35.59 4042 | 37
9
é' < ) J

|5y 13.27 19.58 25.30 29.98 34.89 39.54 | 50
9
18.03 23.78 28.91 33.83 3845 | 54
2
17.92 23.42 28.38 33.72 38.17 | 68
7
17.17 23.07 28.64 33.60 38.44 | 69
6
@ 1 2.52 9.82 16.09 21.23 26.77 31.80 36.54 | 90
3

Tables presented above show different minsup with the corresponding number of
association rules. The minsupl values vary from 10 to 1 in the uniform case and from 15
to 1 in the non-uniform case. We remark that if we exceed the value 10 for minsupl in the
uniform case and 15 in the non-uniform case, we cannot obtain association rules.

During the generation process of rule associations, the minsup value is increasing at
each level and the itemset supports are decreasing mutually. The number of association
rules is inversely reciprocal to the value of minsup. Also, we must mention that the
number of generated association rules is sensitive to the value update between minsupi
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and minsupi+1 (i € {1::7}). So, according to results of Table 3, we have generated 48
valid association rules for minsupl = 10. Conversly, we we have generated 143 valid
association rules for the same value of minsupl (see Table 4). These two simple examples
show the importance of the update value of the minsup. Hence, if the value update is
small, then we can extract association rules, but if the update value is high, we risk do not
generate namely association rules.

The number of association rules is sensitive to the first value of minsup, minsupl.
According to our database, if the value of minsupl is greater or equal to 10 in the uniform
case and greater or equal to 15 in the non-uniform case, so we will not generate
association rules. Now, if the value of minsupl is very small, we must see the importance
of others minsup values, i.e., in levels 2 and 3, etc. We remark that the value of the first
path (i.e., MS2) is the most that affect the number of valid generated association rules.

5.2 Decreasing minsup variant

In the present variant, the user is helped by a function to fix the minsup v. user
fixes the first value of the minsup, and then the subsequent values are det by the
function. This function consists on the following methods; -*MS he step is
determined as the increasing variant according to two t ds pam constant and
random. In the first method, the value step is calc the foII formula: (MS1

— €) + (] sizeofthelargestitemset | —1) mod10. In ‘@ ond \/ e value of step is
calculating as follows: random (MS1 — €) + (size of elargem t -1) mod 10. Using
these assumptions and fixing € equal to 0:5, ébtam ms@vely the following results
(see Tables 5 and 6).

Table 5. Experimental Resul%n

gﬁg the Minsup Value with
@stant

*
Minsup | Minsup Minsup\ insu i Minsup | Minsup | Minsup AR
1 2 B *\ 5 6 7 8

ANd

19| 16354 (I871| 1n07” 843 578 314| 050| 48

A
18| 15, \\\13.00‘Qc\).30 800| 550 300| 050| 48

17 @ 2. 9.93 7.57 5.21 2.86 0.50 48
16 &{78 57 9.36 7.14 4.93 2.71 0.50 48

15 12.9 X 0.86 8.78 6.71 4.64 2.57 0.50 48

14 129 1014| 821| 628| 436| 243| 050/ 80

13,*'! 21 9.43 7.64 5.86 4.07 2.28 0.50 80

ﬂ.x\ 10.36 8.71 7.07 5.43 3.78 214 0.50| 188

N4
11 9.50 8.00 6.50 5.00 3.21 1.86 050 | 208

10 8.64 7.28 5.93 4.57 3.21 1.86 0.50 | 208

7.78 6.57 5.36 4.14 2.93 1.71 0.50 | 400

6.93 5.86 4.78 3.71 2.64 1.57 0.50 | 400

6.07 5.14 4.21 3.28 2.36 1.43 0.50 | 1200

5.21 4.43 3.64 2.86 2.07 1.28 0.50 | 1200

g1 (O [N |00 |©

4.36 3.71 3.07 2.43 1.78 1.14 0.50 | 2240
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4 3.50 3.00 2.50 2.00 1.50 1.00 0.50 | 3648
3 2.64 2.28 1.93 1.57 1.21 0.86 0.50 | 5776
2 1.78 1.57 1.36 1.14 0.93 0.71 0.50 | 1794
4
1 0.93 0.86 0.78 0.71 0.64 0.57 0.50 | 3877
0

Table 6. Experimental Results when Decreasing the Minsup Value with
Random Value

Minsup | Minsup | Minsup | Minsup | Minsup | Minsup | Minsup | Minsup AR
1 2 3 4 5 6 7 8N L*
20 17.54 15.36 13.46 11.60 9.54 8.19 Q.SWS
19 16.70 14.56 12.55 20.68 8.98 7.36 < 5@ 20
L 4
18 15.79 13.49 11.91 10.07 w 14.1 #5.36 46
? | A\ 4
17 14.75 12.55 10.64 8.91@ . 5?}' 4.64 48
16 13.88 11.89 21.78 8.25 6.72 \ 9 3.91 49
15 12.98 11.00 9.24 ‘@ G§j 475 3.14 57
14 12.03 10.16 8.49‘\Q.91 5.3 4.09 2.80 76
5D 6180\
13 11.17 9.40 7( D 6.%\ 77 3.47 4.21 128
12 10.17 8.46 \ &8 /.39 4.03 2.79 151 196
\ v
11 9.21 7.56 Q 6.0 %’2 3.32 2.09 0.67 208
A3
10 8.33 @ 5. 411 2.85 1.67 151 307
< \k
9 7.3&\ 5.78 \NS 3.16 1.98 0.45 0.01 554
N P
8 > 50 3.78 2.52 120 0.03 0.01 | 1073
7 4 ! 2904| 176| 019| 001| 001]| 1676
6 4.62 34 2.14 0.55 0.01 0.01 0.01 | 3426
| ¥4
5 3@\ 2.43 1.15 0.01 0.01 0.01 0.01| 3735
p 6
In th easing variant of PF-Growth, update value are randomly determined, i.e.
mins ues are decreased from 19 to 1 in the uniform case and from 20 to 5 in the

rm case. In this variant, we observed that we can use high values of minsup,

% this is not possible in the increasing variant.

n Table 6, we study the case where we decrease the minsup value. From results
obtained with this case, we remark that in high levels, the algorithm finds more frequent
itemsets, and by consequence more valid association rules than the increasing case. Also,
we mention that the number of association rules is sensitive to the update value of the
minsup between minsupi and minsupi+1, for i varying from 1 to 7, and the inital value of
minsup in each level. Finally, we have remarked that if the minsupl is less than 5 in the
random case, we obtained an explosion in the number of valid association rules, which is
not the case in the uniform case.
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6. Conclusion

We proposed a multi-support version of FP-Growth algorithm for generating
association rules from databases. Contrary to the original version of FP-Growth that uses
only one minimum support at all items of a database, the new version that we propose in
this paper uses a minimum support of each level (for each k-itemsets). The use of multi-
support allows to generate rare association rules that are very important in some data
mining applications. The experiments that we have carried out have shown the interest of
our proposal. In the short time, we plan to propose another variant of the same algorithm,
in which a minimum support value will be associated with each item, and an another
version in which we combine the variation of the minimum support between levels and
items.
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