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Abstract- Currently, data miners use various algorithms to
retrieve frequent itemsets. One of the popular methods is
frequent pattern growth that retrieves the whole set of
frequent items by avoiding candidate set production. The
generation of FP-growth algorithm requires a high volume
of memory space. Scanning the dataset twice reduces the
full efficiency of frequent pattern growth technique and
produces a huge number of frequent pattern trees. To
eliminate these drawbacks, we put forward a novel
algorithm called FP-soft set. Our research work modified
FP-growth algorithm and discusses applications of soft set
theory for extracting frequent itemset from a large data set.
The proposed work has extensive value in the field of data
mining. It has enormous use in multiple fields as market
basketanalysis, agriculture, tourism, and disease detection.

Keywords: Soft Computing, Soft Set, FP-Growth, FP-
Soft Set, Frequent Itemset.

1. INTRODUCTION

Data mining or knowledge discovery from data is the
process of retrieving wuseful patterns representing
knowledge, which are stored in huge databases and other
gigantic data depositories. Interesting patterns, we
describe in different formats, known as data mining
functionalities. Data mining processes include a sequence
of functionalities. Among them, association analysis is
very popular and is getting more attention from industry,
academia, and research scholars.

The mining of rules helps us to bring out interesting
relationships and to make more accurate decisions in
different areas such as industry, health, and crime
investigation. Generally, we discover frequent itemsets
from huge data repositories. A good method for extracting
frequent itemsets from a huge data set is Apriori algorithm.
Prior knowledge of frequent itemsets properties is
essential for implementing this algorithm. Even though
Apriori is a classical algorithm, it has two drawbacks.
Firstly, it has to generate a big collection of candidate sets.
Secondly, it has to inspect the dataset continually and
verify a large set of candidate sets by pattern matching.

Researchers have added active modifications to
Apriori algorithm for improving its performance and
flexibility, and finally generated a divide and conquer
method, which is known as FP growth.
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The FP algorithm brings out frequent itemsets without
candidate itemsets generation. This method directly
compresses the databases into a particular tree, which is
known as frequent pattern tree and generates the
associative rule from it. Frequent pattern growth technique
scans the dataset twice and produces huge number of
frequent pattern trees. Also, FP algorithm requires a high
volume of memory space. Soft set (SS) theory devised by

D. Molodtsov, a renowned soft computing
mathematician, is a new soft computing tool for handling
uncertainties in different decision-making scenarios. Soft
set theory provides sufficient parameterization techniques
for managing with data uncertainty [3] and helps us in
decision making [14-18]. We propose a new alternative to
FP algorithm with the help of soft set theory. Conditional
FP tree and frequent pattern creation are simplified by soft
set theory [19].

The first section of this paper is the introduction; the
second section explains the preliminaries that form the
background for the research. In the following sections, the
authors explain soft set theory and how it is useful for
improving FP-growth algorithm. Finally, the paper
concludes with a new algorithm that the authors developed
with python programming.

2. BACKGROUND WORKS

Rough set theory is a popular soft computing tool for
handling vague data. Prasanta Gogoi et al contributed a
new method for retrieving crisp rules from incoherent data.
For each concept, lower and upper approximations are
computed. Following it, a training algorithm is developed
and for each concept algorithm produce well defined
classification rules. This method produced more accurate
and reliable rules [9]. Jiye Li et al. proposed a rough set
based method for selecting most suitable rules. The
proposed algorithm ranks rules by measuring its
importance. Selected rules are useful for making decision
in all sectors like- business, education, tourism etc. [13].

Fuzzy Association Rule Miner (FARM) is a novel data
mining technique proposed by Wai-Ho to mine interesting
association rules. This technique uses fuzzy set properties
for representing ambiguity and vagueness. It supports to
retrieve association rules between quantitative values. A
prominent advantage of FARM approach is that it can
extract both negative and positive rules. According to Wai-
Ho, the algorithm helps us to retrieve more reliable and
accurate rules [10].



Multi Level Feed Forward Mining (MLFM) is a neural
network based approach invented by Amith et al. It has the
capability to mine different levels of rules from huge
databases. This research work used a supervised neural
network approach for retrieving frequent items. A single
scan of database is employed for each concept level. For
each concept, algorithm reads items, splits them into
different hierarchical structure and sent it to a neural
network for generating frequent item sets [11]. Transaction
Reduction- Frequency Count Table Method (TR-FCTM)
is one of the newly invented methods to find out frequent
items occurs in different database transactions. It employs
a single database scan, form a frequency count table and
generate whole candidate items [8]. A genetic algorithm
based frequent item set mining technique is proposed by
Vijaya Prakash et al. This approach improved the
performance of frequent item set mining and supported to
reduce time complexity [12].

3. PRELIMINARIES

3.1. Association Rules

Association rule extraction is one of the distinguished
approaches of knowledge mining. It intends to retrieve
interesting patterns and associations from a large data set
[4]. Let R be a set of items, R={ry,r»....,rn} and B be a
subset of R. For PCR and QcR, then b€B accommodate
P if and only if bEB. An association rule has the format,
P—Q where (Qv 1) APNQ=¢ . Then set P is termed the

antecedent of the representation and set Q is termed the
consequent.

Usually, a rule P—Q means that if an operation
includes P it very likely includes Q as well. There are two
parameters related to a rule: Support and Confidence. To
describe these parameters, we use Bs and Bc to indicate the
subset of B that includes both P and Q, and the subset of B
that includes P, respectively. It is obvious B c B = B.

Definition: The support value of the rule P —Q
derived from dataset B is the ratio of the cardinality of Bs
to the cardinality of B. Hence, the support of the rule is
|Bs|

S =ﬁ 1)

Definition: The confidence value of the rule P - Q

obtained from dataset B is ratio of the cardinality of Bs to
the cardinality of Bc. Therefore, the confidence of rule is

|Bs|
c=151 2
|Bc|
Definition: The lift of a rule is specified as
. (PUQ)
lift(P == <" 3
NG o

or the ratio of the examined support to that expected if P
and Q were independent [20]

3.2. Apriori Rules

Apriori is a conventional association-rule-fetching
algorithm invented by R. Agarwal and R. Srikant in 1994.
This algorithm employs level-wise search to mining
frequent itemsets.
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It uses Jth level itemsets for determining (J+1)th level
itemsets. Initially, the set of frequent items is decided by
browsing the whole dataset to find the count for each item
and gather those items that assure minimum support.
Initially, the resulting set is represented as Ms; in the next
stage M is used to discover My, which is used to discover
Ms and so on, until no more frequent itemsets can be found.

For each stage, a whole examination of the dataset is
necessary. This will reduce the performance of the
algorithm execution. To increase the performance of level-
wise examination, we use Apriori property to decrease
inspection area. According to this principle, for all
frequent itemset its nonempty subsets are also frequent.
This algorithm uses the following steps for its process -
join and prune [1]. Join action says that to create frequent
itemset My, a set of Candidate K-itemsets (CK) is created
by combining the frequent itemsets Mg-1 with itself. Prune
action says that from the candidate K-itemsets filter the
candidates to keep a count not less than minimum support.
For reducing the complexity of this action, here we use
Apriori property [21]

3.3. FP Algorithm

Frequent pattern growth algorithm is an enhancement
of Apriori algorithm. It uses a conventional method-
divide and conquer. A frequent pattern tree is a condensed
portrayal of a dataset that helps in finding of frequent
itemset without the identification of candidate itemset
creation. The root node of the FP- tree is termed as
‘NULL’ value. Remaining nodes stand for Item Name,
Node link and Count. Nodes correspond to items and have
a count value [1]. Development of frequent pattern tree
uses two stages over the data set. In the first stage, it finds
count for each item and removes non-frequent items. The
set of frequent items is arranged in descending order based
on their support count.

3.4. Example 1
Consider an example in Table 1, where the items are p,
q, 1,8, t.

Table 1. Transaction data set

ITEMS
{g.p}
{r’q’s}
{rs,tp}
{tp.s}
p.r.qt
{s,rpg}
ip}
ig.p.r}
ts,pq}
{t.q,r}

'_‘\DOO\IO\MALAM»—:]*
< o

These items are sorted on their support count. Sorted
order is L={p, q, r, s, t}. The first phase is the construction
of FP tree. Select the first transaction T:= {p, g}, arrange
it into L order {p, q}. Construct first branch of the tree and
set the count values of p and g to 1. Read the transactions
2, 3, ..., 10, and add the links to FP tree. Continue this
process until all transactions are arranged to a path in the
frequent pattern tree. The final output of the process is
shown in Figure 1.



Figure 1. Final constructed FP tree

In the second stage, frequent pattern growth fetches
frequent itemsets from the frequent pattern tree. First,
extract the prefix path (P-path) sub tree finishing in an item
‘t” of Figure 2. Next processes the extracted prefix path sub
tree and produce the frequent itemsets. Results are then
consolidated.

Figure 2. Prefix path sub tree ending in t

Using a divide and conquer method, from the above
tree extract the frequent itemsets ending in ‘t’; then in st,
rt, gt and pt; then in rst, gst, pst etc. Let Supmin=2 and
extract all frequent itemsets containing ‘t’. Count the
number of times ‘t’ repeats in the prefix path tree. If the
count is greater than or equal to 2, extract {t} as a frequent
itemset. Here itis 3 and ‘t’ is a frequent itemset. Next, find
the frequent itemsets ending in ‘t’, i.e. st, rt, gt and pt.
Decompose the problem recursively. To do this, we must
first obtain the conditional FP tree for ‘t’. Revise the counts
together with the P-paths from ‘t” to reproduce the number
of transactions containing ‘t’. The g and r should be set to
1 and p to 2. Remove the nodes containing ‘t’, since
information about node ‘t’ is no longer needed. Also
remove infrequent items from the prefix path. Since g has
a support of 1, remove it from conditional FP tree. FP tree
conditional on t is given in Figure 3.

Figure 3. FP tree conditional on ‘t’

Use the conditional FP-tree for ‘t” to find frequent
itemsets ending in st, rt and pt. For each of them (e.g., st),
find the prefix paths from the conditional tree for t, extract
frequent itemsets, generate conditional FP-tree, etc...
recursively.

Example: t—st—pst ({s,t},{p,s,t}) are found to be
frequent. Generate conditional FP-tree for p, q, r, s, and
find all of their frequent itemsets. Final output is given in
Table 2.

Table 2. Frequent itemsets results

Suffix Freqguent Itemsets
T {{p.s.th{r}{p.}{s.t}
S {s}Arsp{a.r.skAp.r.sp{a.sh{p.a.s}.{p.s}
R {r}{p.a.r}{p.r}{a.r}
Q {q}{p.q}
P {r}

4. SOFT SET THEORY - A NEW SOFT
COMPUTING TOOL

Now a days, data miners depends on a group of reliable
and flexible techniques for handling problems having
approximate reasoning and uncertainty, that group is
known as soft computing [2]. To retrieve relevant data
from enormous data repositories, the data mining industry
uses conventional soft computing methodologies [3].
These theories have certain limitations due to insufficiency
of the parameterization tools. Soft set theory has enough
parameterization capability and free from the limitations
mentioned.

4.1. Preliminaries of Soft Set Theory

Soft Set (Definition): Let (G,X) is a soft set defined
over the set Sand G is denoted as a mapping
G: X = P(S) 4
Also, a soft set defined on S is a collection of
parameterized subsets of the universal set S. Each subset
G(e), € € X is considered as the ¢ is the elements of the

soft set (G,X). Soft set theory mainly differs from
conventional mathematics on item managing. In
conventional computing, we develop a concept of an item
and discover the idea of precise output of that concept. SS
develops an idea of the relative output and determines that
output. This increases the popularity of SS theory. Soft set
theory permits parameterization in different ways. We can
use numbers, words, sentences, functions and many more
as parameters in our real-world problems [6].

5. SOFT SET THEORY FOR IMPROVING FP
GROWTH ALGORITHM
We discuss the role of soft set theory for increasing the
performance of FP growth algorithm. The pre-requirement
for applying soft set method for the proposed work is that
data must be converted into a soft set, where each element
is treated as a parameter.

5.1. Example 2

The soft set describing Table 1 is given here. Soft set
(F,X) illustrates the occurrence of each element in different
dealings.

Let Y denote the set of all transactions.
X is the set of elements. Each element is an item.
Y:{Yl,Yz,Y3,Y4,Y5,Y6,Y7,Y8,Y9,Y10} and
X:{Xl,X2,X3,X4,X5}



where,

X1 represents for the element ‘p’
X represents for the element ‘Q’
X3 represents for the element ‘r’
X4 represents for the element ‘S’
Xs represents for the element ‘t’
and
F(Xl):{Yl,Ya,Y4,Y5,Y6,Y7,Y8,Yg}
F(X2)={Y1,Y2,Y5,Y6,Ys, Yo, Y10}
F(X 3):{Y2,Y3,Y5,Y6,Y8,Y10}

F(X 4):{Y2,Y4,Y6,Y9}

F(X 5):{Y3,Y4,Y10}

The soft set (F,X) is a parameterized family {F(Xi), i=1,
2,3, ...,5} of subsets of the set Y and gives us a collection
of rough information of an item. F(X;) means “item(p)”
whose functional value is the set {Y1,Y3,Y4,Y5,Y6,Y7,Ys,Yo}.
The soft set (F,X) is a collection of approximation given in
Figure 4. An illustration of soft set (F,X) is given in Table
3. From the soft set (F,X), representation of different
transactions is given in Figure 5.

p={Y1,Y3,Y4,Y5,Y6,Y7, Y8, Y9},
q={Y1,Y2, Y5, Y6, Y8, Y9, Y10},
r={Y2,Y3,Y5,Y6,Y8, Y10},

s={Y2, Y4,Y6, Y9}, t={Y3, Y4, Y10}

(F.X)=

Figure 4. The soft set representing Table 1

Table 3. Representation of the Soft Set in tabular format

<

Item 2 | Ys | Ya | Ys Y

<
=

Yg Yg
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Y1={p,q}
Y2 = {q,r,s}
Y3 = {p,r,5,t}
Y4 = {p,s.t}
Y5 = {p.q,r}
Y6 = {p,q.r,s}
Y7={p}

Y8 = {p,q.r}
Y9={p,q,s}
Y10 = {q.r,t}

Figure 5. The involvement of items in different transaction

Definition: Let (F,X) be a SS over the universal set Y
and E<X. The support count of an element E is represented
by sup(E), i.e. sup(E) is the number of transactions Y
containing the element E. The sup(E)=|{u: E€U}|, where
|E| support count of E [22].

From the above definition, the supported count
collected for different frequent itemsets are given in Figure
6.

Next, we see how this soft set theory is useful for
improving the FP growth algorithm. The whole process
starts with organizing items in the downward order of
support count. The result will be L={p,q,r,s,t}. Assume
minimum support count for frequent itemset as 2. FP
growth algorithm extracts association rules without
generating the candidate set.
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sup{p}=/{Y1,Y3,Y4,Y5Y6,Y7,Y8,
sup{q}=|{ Y1,Y2, Y5 Y6, Y8, Y9,
sup{r}=[{ Y2, Y3, Y5, Y6, Y8, Y10
sup{s}=|{ Y2, Y4, Y6, YO}|=4
sup{t}=|{ Y3, Y4, Y10}|

sup{p, q}=|{Y1,Y5,Y6,Y8,Y9}|=5
sup{r, s}=|{Y2,Y3,Y6}|=3

sup{s, t}=[{Y3,Y4} =2

sup{q, r}={Y2,Y5,Y6,Y8,Y10}|=5
sup{q, s}=[{Y2,Y6,Y9}|=3

sup{r, t}=[{Y3,Y10}|=2

sup{p, r}=|{Y3,Y5,Y6,Y8} =4
sup{p, s}=[{Y3.Y4,Y6,Y9} =4
sup{p, t}=[{Y3,Y4} =2

sup{q, r, s}=|{Y2,Y6}|=2

sup{p, s, t}=|{Y3.Y4}|=2

sup{p, 1, s}=[{Y3,Y6}|=2

sup{p, g, s}=[{Y6,Y9}|=2

sup{p, q, r}=[{Y5,Y6,Y8} =3

Figure 6. The supported sets

It passes through the following steps:
1. FP-Tree construction
2. Prefix sub-path generation
3. Conditional FP Tree generation
4. Frequent Itemset generation

In the proposed approach, the first two steps remain the
same. For the remaining steps, we apply the application of
soft set theory. The conditional FP tree and frequent
itemset mining steps are carried out by the following
method. This method is performed on all items of the FP-
Tree. Figure 7 shows the process diagram of new method.

Data Equivalent | Construct || Prefix sub
Data set || Preprocessing]| soft set for the | FP Tree || path of each
1 d, ta set "
given data se >{ item

Generate soft
subsets and
produce item
list of each
transaction

——_—— Higher order
Apply apriori property || frequent item
and generate all lower || sets for each

frequent item sets 1tem

Frequent
item set

Figure 7. Process diagram of proposed method (FP-Softset)

Next, we implement example 1 using new method. We
first consider prefix path sub tree for ‘t’, which is the last
item in L, rather than the first. Soft set (F,X) says, ‘t” occurs
in three branches of the prefix path sub tree.

F(t)= Y3,Y4,Y10}

where,

Ys:={p,r,s,t}, Ya={p,s,t} and Y10={q,r,t}

If Y3(;Y4 or Y35Y4

Y3NYs={p,r,s,t}N{p,s,t}={p.s.t}

which indicates {p,s,t} is repeated two times in the
transactions {Ys,Y4}, i.e., {p,s,t:2} is 3-frequent itemset

Then, we use Apriori property in the new process. Use
this property to find all subsets which include the item ‘t’.
Resultant subsets are also frequent.

{p.t:2}, {s,t:2} are 2-frequent itemsets
Next, Yz and Y1o, if Y&=Y10 or Y25Y10



YaNYwo={p,r,s,t}N{r,t}={r,t}

{r,t:2} is a 2-frequent itemset

Next, combination is Y4 and Yo

If Y4=Y10 or YsY 10

YaNYwo={p,s,t} N{q,r,t}={t}

where, {t:2} is 1-frequent itemset, which is proved in
Figure 6. Frequent itemsets ending with ‘t’ are

{t}, {p.t:2}, {s,t:2}, {r,t:2} and {p,s,1:2}

Apply this same method for the remaining items of s, r
and g. Final frequent item set results are the same as Table
4. The algorithm for mining frequent itemsets using soft
set theory is given in Figure 8.

Table 4. Frequent itemsets results using soft set theory

Suffix | Frequent ltemsets
T {3 {p.s.3Ar. 3 {p.t}{s.}
S {S}’{rYS}’{qYrYS}’{pYrYs}’{q’S}Y{quYs}’{st}
R {3 {p.arr{p.r}{ar}
Q | {dqt{p.a}
P {r}

Algorithm:Fp-softset. Extract frequent itemsets using a
Frequent pattern tree by soft set approach.

Input:

D, be a dataset

M_sup, the minimum support count.
Output:

Complete set of frequent items

Method:
The Frequent Pattern tree
following phases:

FPT is produced in the

Phase I
® Examine the dataset D once and find support
count of each element.
® Remove item which is not keeping minimum
support count.
®  Use support count and arrange frequent items
F, in descending order.
Phase II
® For all transactions sort frequent items
according to the order of L.
® Read transactions Y1, Y2, Y3....continue until
all transactions are mapped to a path in the
Frequent Pattern tree.
® Call Fp_soft( FPT)

Procedure Fp_soft(FPT)

Convert Fp-tree into a soft set representation.
for each frequent item ei €F, i=1,2....n
{
Extract prefix path sub tree PT and process it
iteratively to generate the frequent itemsets.
From the prefix path sub tree PT, find F (ei),
Result will be a set ofransactions and subset
of (F, X).
For each transaction t in F (ei),
k=1,2...sup.count(F(ei))
For each transaction ¢/ in F (ei),
I=k+1,...sup.count(F(ei))

Iftk Ttortl Stk
C=tkNtl
If C# NULL, C is a frequent
item set.
}
Apply apriori property on C and generate all
subsets, which are included the item ei.

}

Figure 8. Fp-soft set algorithm
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6. EXPERIMENT RESULTS AND DISCUSSIONS

In this section, we evaluate the new FP-Softset frequent
itemset mining method with two conventional algorithms
- Apriori and FP growth. Using the data sets [7] and [5],
we implemented the proposed approach in Python
programming language. All the algorithms are
implemented consecutively on Windows 7 Professional
OS running on an Intel Core i5-6200U processor CPU with
6 GB RAM.

6.1. Grocery Store Data

Grocery store data set is collected from the data
repository Kaggle. It contains 11 items and twenty
transactions. Column headings are tea, bournvita, maggi,
cornflakes, sugar, bread, coffee, biscuit, jam, cheese, and
milk [7]. Here we performed frequent itemset mining
using the Apriori, FP and proposed FP-Softset algorithms.
This helps us to understand the purchasing behaviours of
various customers. The procedure for generating useful
information is given in Table 5.

Table 5. Transaction dataset for Grocery Basket analysis

TID ITEM TID ITEM
1 | Milk, bread, biscuit 11 | Biscuit, coffee, cock, cornflakes
2 | Milk, bread, biscuit, cornflakes | 12 | Biscuit, coffee, cock, cornflakes
3 | Bread, tea, bournvita 13 | Coffee, suger, bournvita
4 | Milk, bread, jam, maggi 14 | Bread, coffee, cock
5 | Biscuit, tea, maggi 15 | Bread, biscuit, suger
6 | Bread, tea, bournvita 16 | Coffee, suger, cornflakes
7 | Tea, magi, cornflakes 17 | Bread, suger, bournvita
8 | Bread, biscuit, tea, maggi 18 | Bread, coffee, suger
9 | Bread, tea, jam, maggi 19 | Bread, coffee, suger
10 | Milk, bread 20 | Milk, tea, coffee, cornflakes

Assume minimum support count as two and Y denotes
the set of all transactions. The soft set representing
supported data set is given in Figure 9.

milk= {Y1, Y2, Y4, Y10, Y20}, bread = {Y I,
Y2, Y3, Y4, Y6, Y8, Y9, Y10, Y14, Y15, Y17,
Y18, X19}, biscuit= {Y 1, Y2, Y5, Y8 Y11,
Y12, Y15}, Cornflakes= {Y2, Y7, Y11, Y12,
Y16,Y20},tea={Y3,Y5,Y6,Y7,Y8,Y9,Y20},
bournvita={Y3,Y6,Y13,Y17}, jam= {Y4, Y9},
cock= {Y11, Y12, Y14}, maggi= {Y4, Y5, Y7,
Y8, Y9}, Coffee= {Y11, Y12, Y13, Y14, Y16,
Y18, Y19, Y20}, Suger= {Y 13, Y15, Y16,
Y17,Y18,Y19}

Figure 9. The soft set representing Table 5

. X)={

Construct FP tree and prefix sub path for all items
present in the FP tree. Apply proposed approach on
conditional FP tree and frequent itemset generation. We
will get the following frequent itemsets Table 6.

Table 6. Frequent itemset results using Soft Set theory

Item Frequent Itemsets
biscuit | {biscuit},{biscut, bread} {biscuit, coffee},.......
{biscuit, maggi, tea},{biscut, cock, coffee, cornflakes}
coffee | {coffee} {coffee, bread} {coffee, cock}.......
{coffee, bread, suger},{coffee, cock, cornflakes}
cock {cock}, {cock, cornflakes}
jam {jam},{jam, bread},{jam, maggi}, {jam, magi, bread}




The same sets of frequent items are derived from both
Apriori and FP algorithm methods. The execution time of
our proposed approach - FP-Softset - through this data set
is 0.00399 s. Response time of different methods is given
below Figure 10.

Response Time

0012

0.01
0.008
0.006
0.004
0.002

M Response Time

FP
Growth

FP-Soft
set

Apriori
Figure 10. The comparison of executing time

Based on the above Figure 9, the improvement in
response time of FP-Softset in comparison with the other
two methods is given in the table below Table 7.

Table 7. Performance Progress of FP-Softset

Method Response time improvement of FP-Softset
Apriori 56.25%
FP-Method 33.38%

6.2. Student Performance Data

This data is related to student achievement in
secondary education in a Portuguese school and is
collected from UCI repository. The data set contains
relevant details of students for determining their
performance. Dataset is contributed regarding the
performance of the subject: Mathematics [5]. It consists of
33 attributes, 369 instances and used in the implementation
of the above three-frequent itemset generation algorithms.
The response time was found to be much faster when using
FP-soft set algorithm than when using other two methods.
The comparison result is given below in Figure 11.

Response Time

0.05

0.04
0.03
0.02 M Response Time

0.01

Apriori  FP Growth FP-Soft set

Figure 11. The comparison of executing time

In the Student Performance dataset, the response time
of FP-Softset is significantly better than that of the other
two traditional methods. The execution time of FP-Softset
is .00875s. The improvement in response time when using
FP-Softset, in comparison with the two traditional methods
is given below in Table 8.

Table 8. Performance Progress of FP-Softset

Method Response time improvement of FP-Softset
Apriori 79.96%
FP-Method 43.54%
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Implementation of FP-Sofset approach on Grocery
store and students performance data sets proved that its
response time is better than other two conventional
methods.

7. CONCLUSION AND FUTURE WORK

Soft computing methods are playing a significant role
in knowledge discovery process. Different soft computing
methods have emerged with reliable performance and
accuracy. Among them, soft set is a powerful one and it
has a wide range of applications in the data mining
industry. We envisaged the potential of soft set theory in
frequent itemset mining. This research work presented two
well-known techniques - Apriori and FP-growth - for
retrieving frequent itemset from data sets. We brought out
the demerits of these methods. Frequent pattern growth is
a distinctive method for finding frequent itemset. It has to
go to different steps for completing its process. These steps
increase memory utilization for FP- growth.

We experienced this limitation in our implementation.
To overcome this limitation, we have implemented the
proposed algorithm FP-Softset, which could reduce the
overhead of FP-growth method. Apriori, FP-Growth, and
FP-Softset algorithms implemented using Python
language, were used to analyse two different data sets -
Grocery and Student Performance. We compared the
results of FP-Softset with the results obtained with Apriori
and FP-Growth. In different experiments, FP-Softset
produced a far better response time. In the future studies,
we would like to extend our work to find association rules
from large data sets.
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