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ABSTRACT

Association rule mining derives insight from transactional data but
suffers from frequent database scans and explosive generation of
candidate sets in a large database. This study presents a new items
merging technique called, ltemset Fusion Technique (IFT) to generate
unique candidate k-itemsets from fused k-items in transaction dataset.
The proposed IFT focused on minimizing database scans and
generating optimal number of association rules by creating fused k-
itemsets locally within each transaction. The fused k-itemsets created
are viable candidate itemsets that exist in the database with non-zero
support. The performance of the IFT was compared with the classic
Apriori in term of number of database scans and number of association
rules generated. Experiments was conducted on two real world
datasets show IFT scans the database only once and minimizes
association rules generated by over 90% against the standard Apriori
algorithm. Thus, the proposed IFT accelerates performance and
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improves mining productivity significantly.

INTRODUCTION

Discovering relationships among data in
large databases (Agrawal and Srikant, 1994;
Agrawal et al., 1993), is important because
organizations derive business value from the
associations and the connections that existamong
these data values. The most common and
effective data mining tool used for discovering
associations among transaction data is the Apriori
algorithm (Teymoornejad, 2018). Apriori Algorithm
(Ap) is an unsupervised mining tool which was first
proposed for market basket analysis in 1993 by
Agrawal (Agrawal et al, 1993). It is used to
observe customer behavior (purchasing patterns)
in retail stores. However, in association rule
mining, Ap has currently gained much grounds
and has been adopted in various areas of
research such as image processing, customer
relationship management, aviation mining (Singh
and Maiti, 2020), information visualization, air
pollution mining, data mining in education and text
mining (Abdullah, 2016). Apriori algorithm is
simply used to extract meaningful information from

a data warehouse or a database. The activities of
Apriori are mainly executed on formation of
frequent items or itemsets and generation of
candidate sets in order to generate a set of
required association rules with the help of
minimum support and confidence measures
(Chee et al., 2019 Riszky and Sadikin, 2019). The
values of minimum support and confidence affect
association rule generation (Patill et al., 2016).
The set of rules generated are strictly based on
the compliance on the value of minimum support
and that of confidence, the rules that meet the
minimum value of these measures are considered
as set of strong or interesting rules (Ginting et al.,
2018).  Typically, the process of discovering
associations, relationships, or correlation between
a set of items in a transaction, relational database
or data warehouse is called association rule
mining (Vivekananda and Gunasekaran, 2023)
Frequent itemsets mining is a key step
for association rule learning. The standard Apriori
algorithm (Ap) identifies item combinations that
satisfy a support threshold by iteratively
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generating candidate  k-itemsets,  pruning
infrequent ones, and repeating the process.
However, a major limitation is that Apriori ends up
generating several itemset candidates that do not
exist in the actual database. This leads to wasted
computations and unnecessary scans to count
non-existent candidates during rule learning
(Borgelt, 2012; Syahrir and Anggrawan 2023).
The extensive candidate generation (2n-
n-1, where n is number of items) process also
leads to combinatorial explosion as the dataset
grows larger. For example, for a transaction
database with 100 items, Apriori would need to
evaluate and test a massive number of over 1030
candidate itemsets, even though only a tiny
fraction has any actual support in the data (Wu et
al., 2023; Rana and Mondal, 2021; Khalid et al.,
2013). This inefficiency poses significant
scalability and performance issues for real-world
high volume transaction data.
Therefore, faster techniques that can selectively
generate only verified itemsets that appear within
the given ftransactions can offer enhanced
efficiency. In this paper, we introduce a “ltem
Fusion Technique” which restructures the
database transactions by fusing items into useful
and existence itemsets before mining. By
transforming the input, the itemsets will be more
rule-oriented and will inherently avoid wasted
computations  on artificial  non-existent
combinations during frequent patterns discovery.

RELATED WORKS

ltemset mining has been an important
area of research in data mining and knowledge
discovery. Frequent itemset mining, first
introduced in the context of basket analysis by
Agrawal (Agrawal and Srikant, 1994; Agrawal et
al., 1993), involves identifying sets of items that
frequently occur together in transactional data.
Over the past few decades, numerous algorithms
have been developed for efficiently mining
frequent itemsets, including Apriori, FP-Growth,
and Eclat (Zaki et al., 1997). The Apriori algorithm
pioneered frequent itemset mining through an
iterative, bottom-up  candidate  generation
framework. Apriori suffers from significant
computational inefficiencies due to its breadth-first

traversal of the itemset lattice and exhaustive
enumeration of candidate itemsets. The vast
majority of itemset mining techniques like Apriori
[1] rely on lexicographic generation of candidate
itemsets, which can lead to a combinatorial
explosion of candidates that do not actually exist
in the dataset.

Many optimizations of Apriori's core
candidate generation process have consequently
been proposed over the past 25 years. For
example, mining frequent itemsets without
candidate generation (Leung, 2008) used a lattice
traversal method that only created length (k+1)
itemsets from length k itemsets if they appeared
as sub-patterns. The AprioriHybrid algorithm in
(Balasubramanian et al., 2010) introduces a
depth-first traversal to decompose the mining task
into smaller subtasks. The Fast Apriori algorithm
(Borgelt, 2012) avoids unnecessary re-scans of
itemsets by directly determining local support
counts. DP-Apriori (Cheng et al., 2015) reduces
candidate sizes with a dynamic programming-
based pruning technique. Adaptive Apriori
technique (Patill et al., 2016) was implemented to
reduce database scans and itemset generation
time. It dynamically prunes transactions to shrink
databases for each itemset level separately -
retaining only necessary rows per round.
Experiments demonstrated that database size
reductions at each iteration, culminating in lower
overall runtimes versus standard Apriori's
repeated full database passes.

Other work such as FP-Tree growth
focused on improving the structure of the itemset
lattice used to drive generation. For example, an
adaptive FP-Tree growth (Han and Nv, 2017)
condensed the dataset into a compressed prefix
tree to avoid repeated database scans. Several
recent works have continued exploring
refinements to the core Apriori itemset generation
process.

An improved Apriori algorithm, called
Intelligent  Apriori  (IAP) was proposed in
(Karimtabar and Fard, 2020), to enhance data
mining efficiency. The method introduced an
intelligent approach, demonstrating that creating
itemsets with multiple items reduces the number
of steps. Additionally, storing transaction numbers
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for each itemset is shown to significantly reduce
search time. Comparative analysis with the
existing Apriori algorithm revealed a 46%
reduction in runtime for obtaining frequent
itemsets using the proposed IAP algorithm,
showcasing its improved performance in
generating frequent items from datasets.

A Spark-based Apriori with Reduced
Shuffle Overhead (SARSQ) was developed in (Raj
et al., 2021) to mine frequent itemsets at scale.
SARSO utilizes Spark's distributed, in-memory
processing to enable fast iterative scanning but
further restricts shuffle overhead between
iterations for efficiency gains. Experiments on
benchmark datasets demonstrated that SARSO
outperformed existing Spark-Apriori approaches
in running time and scalability - showing continued
performance advances by creatively optimizing
enduring algorithm foundations.

A data mining method, investigated
consumer buying patterns in retail supermarkets
in (Rana and Mondal, 2021). It analyzed customer
baskets to reveal product relationships, aiding
retailers in strategic planning and layout design.
The focus was on frequent itemsets mining as the
initial step, followed by association rules mining to
uncover customer preferences. The proposed
methodology addressed challenges in traditional
association rules mining by introducing a
multilevel approach, identifying seasonal patterns
and associations, enhancing the decision-making
process for season-based merchandising. The
study, based on a dataset from a large
supermarket in Bangladesh, discovered 442
seasonal patterns and 1032 seasonal association
rules, complementing traditional rules with
improved insights.

Support calculation was optimized in
(Hodijah et al., 2022) using multi-threaded and trie
data structures for market basket analysis. The
support calculation, crucial for association rule
identification, is identified as a bottleneck process
causing delays. The study explored five multi-
threaded models based on Flynn's taxonomy to
reduce processing time, highlighting that the
double single process, multiple data (SPMD)
variant outperforms others, achieving almost three
times faster performance in handling 5-itemsets

and 10-itemsets. The research not only
considered processing time but also evaluated the
time differences among multi-threaded models as
the number of item variants increased.

An optimized FP-Growth approach
(Shoawkat et al., 2022) condenses the dataset
into linked lists for more efficient candidate
pruning. A Matrix Based Apriori algorithm
(MB_Apriori) was proposed in (Vivekanandan and
Gunasekaran, 2023) to efficiently mine frequent
itemsets by converting the transaction database
into a boolean matrix representation. Five pruning
strategies were introduced to reduce the
candidate itemset search space. Experiments on
multiple datasets demonstrated that MB_Apriori
decreases frequent itemset generation time by 71-
86% over traditional Apriori. When benchmarked
against other optimized approaches, MB_Apriori
still indicates a 20% improved performance -
validating continued research to address enduring
inefficiencies.

Apriori's  time  performance  was
improved in (Wu et al., 2023) via database scan
reductions, including maintaining Map tables for
support counting and splitting transactions into
disjoint  partitons  for  localized  mining.
Experiments demonstrated that the optimized
algorithm  decreased database scans and
outperformed Apriori variants by 94% in frequent
itemset and rule filtering runtimes and it enhanced
result accuracy from exam data mining. Despite
advances, excessive scanning persists as a core
inefficiency, spurring continued innovation in data
mining.

An improved Apriori algorithm based on
the influence weight is proposed in (Niu et al.,
2023). Firstly, according to the impact of items on
affairs and the relationship between items, a
weight distribution method based on item
influence is used to weigh items, so as to extract
more hidden and valuable associated information.
Secondly, to reduce the scanning times of the
database and the overhead of /O ports, the
weight vector and compression matrix were
introduced to represent the transaction database.
Finally, it was compared with the classical Apriori
algorithm and the Apriori algorithm based on
compressed matrix. Experimental results showed
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that the improved Apriori algorithm had higher
efficiency, and could mine out frequent patterns
with high influence.

Apriori optimizations were developed in
(Li et al., 2023) using matrix representations and
association rule mining to improve candidate
generation, demonstrating superior time and
spatial complexity over classical Apriori. Applied to
equipment reliability data, the enhanced algorithm
provided an effective approach for quality
degradation analysis and remaining useful life
prediction. Though limitations exist in data type
flexibility, optimized mining of rich equipment data
expands applications while enduring Apriori
foundations. The optimized algorithm applied a
more selective, targeted candidate generation
strategy by introducing an upfront screening
process to filter the connections between frequent
itemsets. This avoids wasted downstream efforts
on useless candidates. The emphasis was on
smarter generation rather than a matrix-centric
technique.

An Apriori optimization using four-way
database partitioning and vertical TID-list
transformation was presented in (Syahrir and
Anggrawan, 2023) to accelerate itemset counts for
faster frequent pattern mining. Restricting
antecedent/consequent cardinality further focuses
useful rules from the streamlined generation.
Though partitioning complexity persists, targeted
database adaptations continue advancing
decades-old quests for efficiency. While
incremental performance gains on the standard
Apriori paradigm have been achieved, arguably
the core downfall of excessive, redundant
candidate generation remains largely unsolved.
The proposed fusion-based approach, discussed
in the next section, sidesteps this issue entirely by
avoiding generating non-existence candidate sets
and multiple database scans. The next section
presents the methodology and algorithms for the
proposed itemset fusion approach.

METHODOLOGY

This section presents the methods
adopted for association rule mining, laying the
foundation for the proposed research approach.
Firstly, fundamental theories of association rule

mining were introduced, elucidating key concepts
such as support, confidence, and lift, which
underpin the analytical framework. Subsequently,
we detail the chosen algorithm, modifications, or
adaptations made to accommodate the specific
objectives of our study.

Association Rule Mining

Association rule mining is a fundamental
data mining method employed to extract
significant associations or correlations between
itemsets within extensive datasets. For formal
representation, let D denote a dataset
encompassing all elements in the database. Each
attribute of a record in D is designated as an item,
collectively forming an itemset. Transactions,
denoted as T, represent nonempty records (Liu
and Wu, 2018). In a transaction T, consider two
items, X and Y, both proper subsets of T. If X and
Y are nonempty subsets with an empty
intersection, the association rule X—Y s
established within the item set T.

i. Support: This is a vital metric used to
quantify the frequency of occurrence of a
particular item in a  dataset.
Mathematically, the support of an item X,
denoted as (Support (X)), is calculated
as the ratio of the number of transactions
containing X to the total number of
transactions in the dataset D as shown in
Equation 1. It provides insights into the
popularity of an item set and is a
fundamental measure for identifying
significant associations. Higher support
values indicate a more prevalent
occurrence of the item set, making it a key
parameter in determining the relevance
and strength of association rules (Wu and
Liu, 2019).

_ frequency (X)

Sup(X) " Total transactions (D) (1)

ii. Confidence: This metric measures the
reliability or strength of an association
rule. Mathematically, the confidence of a
rule X-Y, denoted as
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Confidence (X - Y), is calculated as
the ratio of the support of the item set
(X UY) to the support of X as depicted
in Equation 2.

. Sup(XVY)
Confidence(X - Y) = “sup(r) (2)
This formula quantifies the likelihood
that if X occurs, Y will also occur in the same
transaction. Confidence values range from 0 to 1,
where a higher confidence indicates a stronger
association between the item sets X and Y.

iii. Lift: This is another metric that assesses the
strength and significance of an association
rule X —»Y beyond what would be
expected by chance. Mathematically,
Equation 3 defines lift of a rule as the ratio
of the confidence of the rule to the support
of Y.

. Confidence(X-Y)
Llft(X ->Y)= W (3)
A lift value greater than 1 suggests that
the occurrence of X has a positive impact on the
occurrence of Y, indicating a meaningful
association. Conversely, a lift less than 1 implies
a weaker or potentially negative association. Lift
provides valuable insights into the practical
significance of association rules beyond individual
support and confidence measures. However,
association rule mining involves two basic steps;
generate frequent itemset from candidate set
whose support value is at least a minimum support
threshold and generate strong association rules
from the frequent itemset based on minimum
confidence threshold value (Liu and Wu, 2018; Wu
and Liu, 2019).

Apriori Algorithm

The Apriori algorithm is a fundamental
association rule mining technique widely
employed to discover relationships and
associations among items in large datasets. It
operates on the principle of generating frequent
itemsets by iteratively identifying and pruning
infrequent itemsets. The key concept is the Apriori
property, stating that if an itemset is frequent, then

all of its subsets must also be frequent. The
algorithm consists of two main steps:

i. Joining phase: this phase combines
pairs of frequent k-itemsets to form larger
(k+1)-itemsets called candidate sets of
size (k+1).

ii. Prune: Eliminates itemsets that do not
meet the minimum support threshold.
Those itemsets that meet the minimum
support threshold are termed frequent
itemset.

Through repeated iterations, Apriori
progressively builds larger itemsets until no further
expansion is feasible. It is efficient for handling
sparse datasets and plays a crucial role in tasks
like market basket analysis, where discovering
associations between items is essential for
understanding consumer behavior. Despite its
effectiveness, Apriori's performance can be
impacted by the curse of dimensionality in large
datasets, multiple database scans, expensive
candidate generation, lack of scalability, and
assumptions about main memory feasibility
impose practical challenges on the Apriori
algorithm (Liu and Wu, 2018; Wu and Liu, 2019;
Rana and Mondal, 2021).

Proposed Itemset Fusion Technique (IFT)

The term fusion means the combining or
merging of items, and itemset refers to a set of
items occurring together in a transaction.
Therefore, itemset fusion refers to merging
individual items into a combined itemset within
each existing transaction record in a dataset. The
proposed technique creates a new itemset by
combining items that appear together horizontally
within the same transaction.

Definition 1: Let T = {¢t;, t,, ..., t;,} be the set
of all transactions in a dataset. Let I be the set of
all unique items across all transactions in dataset,
such that
I = {iy, iy, ..., ip}, then afusion set tl.fis defined
as the set of all unique pairwise unions of the items
in transaction t; as shown in Equation 4 as;

tlf ={xUy|x,y etiand x # y}, (4)
Where:
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o t/is the fusion set or fused transaction

e X, y denotes unique items in transaction
t;

e t; €[ each transaction t; is a set of
some items which are subsets to overall
items within /

Consider for example, two transactions
t; and t, are fused as follows;

t, ={A,B,C,D}
t/ = {AB,AC,AD,BC,BD,CD}
t, = {B,C,D}

t/ = {BC,BD,CD}

The above example illustrates how all
possible 2-itemsets were generated from fusion
set by combing distinct pairs of items from the
given transactions and taking their union.

The itemset fusion technique begins by taking k-
item to generate itemset of size (k+1) to generate
set of all possible 2-itemset in the first iteration.

In the first iteration k = 1, this builds all size-2
itemset from T as shown in the example above In
the second iteration k = 2, this generates itemset
of size-3 (3-itemset) from fused 2-itemset, and so
forth up to the (n-7)t iteration generates size-n
itemset from the previous size-(n-1) itemset. This
definition properly generalized the iterative fusion
set to allow incrementally creating larger-sized
itemset from transaction T, rather than just pairs.

The proposed IFT comprises of the
following special features;

e Database is scanned just once to
generate the fused itemsets at k = 1, as
2-itemset using fusion technique. The
subsequent itemset of size-3 s
generated from the fused itemset of
size-2. This method continues until no
more items to be fused together.

e |t applies the binomial combinational
operation (},), to fuse the items column-
wise to generate all possible
combination of itemsets, where n is the
number of items in a row (each
transaction) and k is the size of the
items.

o The IFT generates only sets of items
that exist in the database unlike the
standard Apriori which sometimes
generates some non-existing itemsets
in the database.
Pseudocode for the proposed itemset fusion
technique (IFT)

The proposed IFT comprises four key
steps as outlined below.

1. lterate over each transaction: the IFT
occurs at k = 1, by fusing the frequent 1-
itemsets in each transaction to generate
the next 2-itemset.

2. Generate all combinations: in each
transaction, each item([x] is fused to the
next item[y] iteratively from line 3 to 8 to
generate only set of existing itemset in
the database.

3. K-candidate sets: the fused itemsets are
updated as the new fused transaction
which is regarded as k-itemset i.e. fused
itemset of size k at each iteration as
illustrated from line 9 to 11.

4. Frequent itemset. At line 12 the k-
itemsets were pruned to generate the
frequent itemset in line 13 and the fused
transaction  list  represent  the
transactions in the database and the
procedure is repeated until no more
frequent itemsets.

5. Rules generation: the frequent itemset
is used to generate the set of
association rules as expected in line 16
to 17.

Algorithm: Pseudocode for the proposed
Itemset Fusion Technique (IFT)

Input: transactions, min_supp

Output: rules: Association rules

1: for k = 1 to max_len

2: freq_items = get k-fregitems

3: for each transaction tin transactions

4: fused_itemsets =[]

5. foreachitemsetsint:

6: foreachitemxins:

7. foreachitemyinswhere x<y:

8. fused = union(s[x],s[y])

9: add fused to fused_itemsets

10: update fused_itemsets to fused_transactions
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11:  k_candidate_sets = Get itemsets from
fused_transactions

12:  prune k_candidate_sets
min_support

13: frequent_items = pruned k_candidate_sets
14: transactions = fused_transactions

15: k++

16: generate rules from frequent_items

17: Return rules

based on

Illustrative example for itemset generation in
the standard Apriori algorithm

Table 1: Transaction dataset

This  section demonstrates  how
candidate sets are generated in both the standard
Apriori and the proposed IFT. Firstly, a given
transaction dataset will be used to demonstrate
candidate set generation in the standard Apriori
algorithm, thereafter, the same dataset will be
employed on the proposed IFT to demonstrate the
number of candidate sets generated in each
technique. Consider a transaction dataset T which
consists of six (6) transactions and five (5) items,
as shown in Table 1. Assume the minimum
support threshold to be 2;

T id Items

T ABE
T2 BD

T3 BC

T4 ABD
T5 ABCE
T6 ABC

In the standard Apriori, the Table 2
depicts the list of 1-itemset (C1) sets generated
with their corresponding support count (Sc) from
the transaction dataset. The transaction dataset is
first scanned to determine the C1 candidate sets

Table 2: 1-itemset

with their corresponding support. The Cf1
candidate set whose Sc meets the minimum
support threshold is considered as frequent
itemset (L1).

SIN. Sc

SUEE I
mooO w >0

5
NN W o A

I'I'IUOUJ:DZ

NN W o

Table 3 depicts 2-itemset (C2) which
was generated based on joining of frequent (L1)
itemset to itself. The database is scanned again to
determine the support of C2. However, it was
observed that Apriori sometimes generates lists of
k-itemsets which do not exist in the database. In

C2, ten (10) itemsets was generated but only eight
(8) actually exist in the database. This is one of the
major limitations of Apriori, i.e. frequent database
scanning and large number of candidates sets of
which some may not exist in the transaction
dataset.
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Table 3: 2-itemset

SIN. C2 Sc L2 Sc
1. AB 4 AB 4
2. AC 2 AC 2
3 AD 1 AE 2
4. AE 2 BC 3
5. BC 3 BD 2
6. BD 2 BE 2
7. BE 2

8. CcD 0

9. CE 1

10. DE 0

Likewise in Table 4, seven (7) itemsets
were generated of which only five (5) actually exist
in the database. Therefore, in a large database
this limitation could incur numerous non-existent
itemsets which could increase computational
complexity and increases the search space in the

Table 4: 3-itemset

dataset. In each candidate generation it was
observed that the database must be scanned to
determine the occurrence of both existing and
non-existing itemsets as the case may be.

SIN. C3 Sc L3 Sc
ABC ABC 2

ABD ABE 2

2

1
ABE 2
ACE 1
BCD 0
BCE 1
BDE 0

No ok~ =

Therefore, the proposed IFT resolves
these limitations of frequent database scanning
and generation of non-existence itemset by
scanning the database once and generating only
sets of existing itemsets in the database.

Illustrative example for itemset generation in
the proposed IFT

In this approach, database is scanned
once to determine the support of 1-itemset as that
of Apriori but the subsequent k-itemset are
generated from the previous (k-1)-itemset. In this
approach, the database is scanned once and 1-

itemset is generated, the same as in Tab. 2.
Thereafter, the dataset in Tab. 1 is updated with
only the set of frequent items (L1), but all the items
in 1-itemset are frequent therefore there is no
pruning of any item in this case. To generate 2-
itemset, each item(i) is fused with item(i+1),
item(i+2),..., item(n), likewise item(i+1) is fused
with item(i+2),...,item(n) this procedure is
repeated in each transaction until all the items are
fused with their subsequent items then the fusing
process forms k-itemset of size k. Table 5 depicts
the fused transaction dataset of size k (= 2).
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Table 5: Fused Transaction dataset

T id ltems
T AB, AE, BE
T2 BD
T3 BC
T4 AB, AD, BD
T5 AB, AC, AE, BC, BE, CE
T6 AB, AC, BC
The support of the fused 2-itemset was frequent fused 2-itemsets (L2) were also
determined by counting the number of determined with  respect to the minimum support
occurrences of each fused itemset in the fused threshold.

transaction dataset as shown in Table 6. The

Table 6: Fused 2-itemset

SIN. C2 Sc L2 Sc
1. AB 4 AB 4
2. AC 2 AC 2
3. AD 1 AE 2
4, AE 2 BC 3
5. BC 3 BD 2
6. BD 2 BE 2
7. BE 2
8. CE 1
The IFT approach generates eight (8) and DE). The fused transaction dataset is updated
itemsets which actually exist in the transaction based on the frequent (L2) itemset as shown in
dataset, compared to the standard Apriori which Table 7.

generates two extra non-existent itemsets (CD

Table 7: Updated 2-itemset

T1

T2

T3

T4

T5

T6

AB, AE, BE

BD

BC

AB, BD

AB, AC, AE, BC, BE

AB, AC,BC
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The 3-itemset is generated by repeating
the fusing procedure on the updated 2-itemset as
shown in Table 8. It was observed that T2 and T3
returned empty items in fused 3-itemset. This was

Table 8. Fused 3-itemset

simply because there was no item to fuse the
items of T2 and T3 with.

T id ltems

T ABC

T4 ABD

T5 ABC, ABE, ACE, BCE
T6 ABC

This IFT approach also shrinks the size
k-itemset since some fused k-itemset will not be
frequent over time. As shown in Table 9, BCD and
BDE were never generated because such
combinations never exist in the dataset, and five
3-itemsets were generated compared to the

Table 9: Fused 3-itemset

standard Apriori which generates seven 3-
itemsets. The 3-itemsets were generated from the
previous frequent fused 2-itemset without
scanning through the main transaction dataset.

SIN. C3 Sc
1. ABC 2
2 ABD 1
3. ABE 2
4. ACE 1
5 BCE 1

COMPARATIVE PERFORMANCE
EVALUATION

This section discussed the evaluation
of Apriori and the proposed IFT algorithms by
comparing their performance with each other in
terms of number of database scans, number
rules, execution time and the results were
represented graphically using two real-world
datasets.

Data Collections

In this study, two (2) real-world datasets
(student stress factor dataset and psychological
capital dataset) were considered for evaluating the
performance of the proposed IFT algorithm. The
student stress factors dataset was acquired from

Kaggle and it consists of 54 instances and 6 stress
factors as transaction items. The Psychological
Capital Dataset is a psychometric experimental
dataset comprising of the psychological capital
information of 329 employees with 20
psychological items. In this study, the proposed
IFT was written in python programming language
and was implemented on google collaboration
environment with Python 3 as runtime type and
Tensor Processing Unit (TPU) as hardware
accelerator.

Experimental Results

The performance of the proposed IFT
was evaluated and compared with the standard
Apriori in terms of database scans and number of

Corresponding author: Mathew Tunde Ogedengbe
B2 matt.agedi@uam.edu.ng

Department of Computer Science, University of Agriculture, Makurdi, Nigeria.
© 2023. Faculty of Technology Education. ATBU Bauchi. Al rights reserved



JOURNAL OF SCIENCE TECHNOLOGY AND EDUCATION 12(1), MARCH, 2024
ISSN: 2277-0011; Journal homepage: www.atbuftejoste.net

association rules generated. The experiment was
performed on both student stress factors and
psychological dataset with different minimum
support thresholds to prune k-candidate sets and
to determine the k-frequent itemsets. Minimum
confidence threshold was selected in the range
0.5 to 1.0 to generate and determine the most
interesting rules in the required research domains.

Experimental performance evaluation on
student stress factor dataset

Table 10 shows the experimental results
obtained in term of number of database scans
when both Apriori and IFT were experimented on
the student stress factor dataset. The result shows
that the proposed IFT only scanned the dataset
once irrespective of the value of the minimum
support threshold, whereas the number of
database scans varies with respect to changes in
minimum support threshold in the standard
Apriori.

Table 10. Comparing the performances on Student stress factor

SIN. Min_Sup. (%) No. of Database Scans
Apriori IFT

1. 0.20 5 1
2. 0.30 4 1
3. 0.40 3 1
4. 0.50 3 1
5. 0.70 1 1
6. 0.80 1 1
7. 1.00 - 1

The proposed IFT outperformed Apriori
in terms of database scans since IFT does not
need to scan through entire large dataset at each
iteration, this performance is represented
graphically in Figure 1. However, Figure 1 shows
that both algorithms have the same performance
at minimum support of 0.70. This is because the
higher the threshold value, the lower the candidate
sets generated and the fewer the database scans.
At minimum support threshold 1.00 Apriori could
not return any candidate therefore, no database
scan.

Number of database Scan of
Apriori Vs IFT

10

172}

S5 5| e

Q 0, .
o0 :

2, | 0000000 @ Apriori

o

S 0 0.5 1 - IFT

Z

Minimum Support

Figure 1. Number of database scans on student
stress factors

The strength of association rules is
determined by the performance metric know as
minimum confidence threshold (Han et al., 2004;
Syahrir and Anggrawan, 2023). It shows how
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interesting the rules are among others. Figure 2
depicts the number of rules generated based on
the specified minimum confidence threshold. At
50% threshold the Apriori generated 132 rules
while the proposed IFT generates 29 rules at 50%
to 70% minimum confidence threshold. Therefore,
the proposed IFT outperformed the Apriori in
terms of the number of rules generated. As
minimum confidence tends to 100%, the number
of rules generated decreases.

Number of Rules generated in
Apriori Vs IFT

» 200

(9] .
;: 100 ¢ ° © Aprlor
5 09088000 1

; IFT

S
Z 0.5 1

Minimum Confidence

Figure 2. Number of association rules generated
on student stress factor dataset

Experimental performance evaluation on
psychological capital dataset

In  this  section, experimental
performance evaluation was carried out on
psychological capital dataset with both Apriori and
IFT. As shown in Figure 3, IFT consistently
required 1 scan across all minimum support
values tested, from 20% down to 85%, while
Apriori required 13 scans at 50% minimum
support and 5 scans at 80% minimum support.
This demonstrates IFT's efficiency in generating
frequent itemsets through its single database scan
fusion approach. The major advantage of IFT over
Apriori is that the IFT requires only 1 database
scan regardless of minimum support, while Apriori
needed multiple, costly scans

Number of Scans of Apriori

Vs IFT
Q
i:’ [o% o (o) Aprlor
# 0 | coco-0Be 1
© 0 0.5 1 @ [FT
o
Z Minimum Support

Figure 3. Number of database scans on
psychological dataset

IFT generated substantially fewer
association rules across all minimum confidence
thresholds compared to Apriori as represented in
Figure 4. For example, at 50% minimum
confidence IFT produced only 119 rules while
Apriori generated 1,424 rules - over 10 times
more. |FT maintained lower rule counts as
confidence increased, dropping to just 1 rule at
100% confidence versus 13 for Apriori. IFT
generates far fewer association rules than Apriori
at all minimum confidence levels tested, ranging
from over 10 times fewer rules at 50% confidence
to 13 times fewer rules at 100% confidence. This
highlights IFT's advantage in producing compact,
focused rule sets versus Apriori's larger,
redundant output.

Number of Rules generated in
Apriori Vs IFT

1500 ¢.0.0.0
=
2 1000 ® ,
o @ Aprior
= .
S 500 © 1
Z o

0 90000, IFT

0.5 1

Minimum Confidence

Figure 4. Number of rules generated on
psychological dataset

In summary, the benefit of IFT by fusing
frequent itemsets locally within each transaction,
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creates candidates that are guaranteed to exist in
the database and have non-zero support. The
above evaluations demonstrate that IFT is efficient
in producing only significant, high-quality rules
through its fusion approach.

CONCLUSION

This research presented the ltemset
Fusion Technique (IFT) to improve association
rule mining by fusing frequent itemsets
algorithmically. As demonstrated in the results,
IFT reduced database scans by 98.9% and
generated 91% fewer rules compared to Apriori.
This addresses key limitations of Apriori - costly
scanning and exponential candidate generation.
IFT shrinks the search space by fusing itemsets
within transactions to create focused candidate
sets.

While this research focused on
comparing IFT and Apriori performance in terms
of database scans and rule generation, optimizing
IFT execution time is an important future work to
be addressed. Techniques like parallelization of
the fusion process, optimized data structures, and
early pruning would be explored to investigate IFT
runtime in the follow up study. However, IFT is a
promising new approach that overcomes
traditional algorithm challenges through its fusion-
based mining technique and further enhancement
can strengthen IFT as an efficient, practical
technique for actionable association rule mining.
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