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ABSTRACT

Frequent Pattern Mining holds a central role in data analysis, aiming to uncover meaningful insights by identifying consistent item-
sets with inherent structures within raw data. However, the growing volumes of data pose a challenge to traditional techniques,
necessitating innovative solutions. This research introduces a suite of novel and efficient frequent pattern mining algorithms firmly
grounded in the MapReduce framework. Navigating the computational challenges in Frequent Pattern Mining, especially
exemplified by the Apriori algorithm, becomes crucial when dealing with the scale and complexity of contemporary datasets. This
research strategically integrates parallel processing within the MapReduce framework, conducting a comprehensive exploration of
both static and dynamic configurations. The adoption of a Static MapReduce Configuration yields immediate performance gains.
With predetermined counts of mappers and reducers, this configuration facilitates streamlined parallelism during the mapping and
reducing phases, resulting in a notable reduction in overall execution time. This underscores the straightforward yet impactful
advantages inherent in the integration of parallel processing. A more profound investigation into the Dynamic MapReduce
Configuration reveals a remarkable advancement in performance. Through adaptive adjustments of mappers and reducers based on
workload dynamics, this configuration demonstrates superior efficiency compared to its static counterpart. The dynamic adaptation
underscores the critical role of flexibility in resource allocation, enabling the algorithm to optimize performance in response to
evolving dataset characteristics and system load. In conclusion, this research advocates for the transformative potential of parallel
processing paradigms, particularly within the MapReduce framework, in overcoming inherent computational challenges within
traditional Frequent Pattern Mining implementations. The findings contribute valuable insights to the realm of association rule
mining and provide practical guidance for practitioners seeking to enhance the efficiency of their algorithms amidst the burgeoning
and intricate datasets encountered in frequent pattern mining.
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1.0 INTRODUCTION

In today's data-driven landscape, where insights are the
currency of informed decision-making, the job of Frequent
Pattern Mining holds a central position. It is the process by
which item-sets recurring within raw data are identified,
paving the way for valuable insights to emerge. These
recurring patterns can span a multitude of domains, ranging
from frequent purchasing behaviors in e-commerce to
recurrent associations in healthcare, and they serve as the
linchpin for understanding the underlying structures inherent
in data.

Over the years, significant strides have been made in the
progress of effective algorithms for frequent pattern mining.
The venerable Apriori algorithm and its various adaptations
have been instrumental in uncovering these patterns,
empowering data analysts to glean actionable information
from large datasets. However, as we transition into the era of
data, characterized by an unprecedented surge in data
volumes, we are confronted with a new set of challenges. The
sheer scale and complexity of modern data have pushed
traditional frequent pattern mining techniques to their limits,
necessitating novel approaches to meet the demands of this
data-rich landscape.

In response to these pressing challenges, this research
embarks on a quest to introduce a suite of pioneering and
highly effective frequent pattern mining algorithms
specifically tailored for the rigorous demands of data. These
algorithms are ingeniously designed to harness the
computational power of the Map Reduce framework, a
distributed computing paradigm renowned for its capacity to
process vast datasets across distributed computing clusters.
This synergy between frequent pattern mining and Map
Reduce is poised to usher in a new era of advanced data
analytics.

At the heart of this paper lies the core objective of presenting
a set of groundbreaking frequent pattern mining algorithms
that hit into the potential of the Map Reduce framework to
grapple with the computational intricacies that data presents.
Our algorithms can be classified into two distinct categories:
those without pruning strategies and those that employ a
sophisticated pruning technique based on the established anti-
monotone property. The former algorithms are designed to
methodically extract all frequent item-sets within a dataset,
leaving no stone unturned in the quest to discover valuable
frequent patterns. The latter category, through its pruning
strategy, optimizes the search process, enhancing the
efficiency. To gauge the effectiveness and robustness of these
innovative algorithms, we undertake an exhaustive series of
experiments, applying them to a diverse range of extensive
datasets. Our choice of datasets is deliberate, covering a wide
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spectrum of real-world scenarios and industries, each
characterized by the unique challenges they pose to the task
of frequent pattern mining. Furthermore, we meticulously
compare the performance of our proposed algorithms against
established, highly efficient, and globally recognized
frequent pattern mining methods. This comparative analysis
stands crucial forcreating the superiority of algorithms in
handling the complexities of data.

Frequent Pattern mining stands a field for growing
significance in contemporary data analysis. In various
domains, such as business intelligence, there is a pressing
need to convert raw data into actionable insights (Choi et al.
2017). However, the exponential growth in data volumes has
posed a formidable challenge to the performance of
traditional data analysis techniques, leading to the advent of
the term "big data" to describe the intricacies and
advancements in handling high-dimensional datasets (Choi et
al. 2017). In the field of data analysis and mining, frequent
pattern mining is essential (Luna 2016). Finding meaningful
patterns in datasets—such as subsequences, substructures,
and item-sets—that represent important and underlying data
features is its main goal (Aggarwal and Han; Han et al. 2007).
Since its first introduction in 1993 by Agrawal et al. in the
background of market basket analysis, frequent pattern
mining has seen the creation of several algorithms, many of
which rely on Apriori-like approaches (Han et al. 2004).
However, pattern mining becomes more complicated as the
number of single items to be merged rises, requiring more
effective methods (Liu et al. 2016).

In order to appreciate the complexity of this task, let us take
a look at a dataset that consists of 'n' singletons. It develops
progressively composite with a bigger quantity of singletons
due to the astounding 2n-1 quantity of probable item-sets
that might be produced from these singletons. As a result, it
is no longer feasible to investigate the complete solution
space. However, the goal is not to extract all existing item-
sets in various actual applications (Ventura and Luna; Moens
et al. 2013); rather, it is to extract those that have a high
frequency, suggesting their relevance in a significant number
of transactions. New methods have been suggested to deal
with this, some of which use the anti-monotone feature as a
pruning technique (Aggarwal and Han; Moens et al.
2013).This rule states that a superset of a rare pattern can
never be frequent, while any sub pattern of a common pattern
is. By using this pruning method, the search space is greatly
reduced since patterns that are classified as rarely do not
require the creation of new patterns.

The performance of current approaches has been stressed
despite these advancements because to the massive data
guantities in many application sectors. According to Sakr et
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al. (2011), there are two main issues with using traditional
pattern mining techniques for genuinely massive data:
computational complexity and high memory needs (Luna et
al. 2016). In this setting, single-machine sequential pattern
mining algorithms are frequently insufficient, requiring their
adaption to new technologies (Sakr et al. 2011). In intense
computing, one such paradigm that has become quite popular
is Map Reduce (Dean and Ghemawat 2008). Creating parallel
algorithms is made simple and reliable with the help of the
Map Reduce programming model. According to Triguero et
al. (2015), the Map Reduce framework is more effective than
alternative parallelization strategies, such as the message
passing interface, when handling huge datasets. The field of
pattern mining (Moens et al., 2013) is one area where this new
technology has been extremely helpful in solving
computationally complex challenges. Moens et al. (2013)
were the first to apply Map Reduce to mine item-sets in
enormous datasets.

Given the research environment and previous breakthroughs
(Ventura and Luna; Moens et al. 2013), the primary purpose
of this work is to progress the field by proposing powerful
and new algorithms for frequent pattern extraction in the
context of huge data. These novel concepts, which are built
on the Map Reduce structure, may be classified as follows:
1) Algorithms without a Pruning Strategy: The AprioriMap
Reduce (AprioriMR) algorithms are particularly noteworthy
for their careful design, which allows them to extract patterns
from large datasets without limiting the frequency of the
patterns. These methods are designed to catch each item-set
that is present in the data, so that no important patterns go
undetected.

2) Search Space Pruning: The other techniques, such as
pruning AprioriMR, use the anti-monotone property to
systematically reduce the dimension of the exploration space.
This method focuses on finding recurring patterns, which
significantly increases the efficiency of pattern mining,
especially when used to huge datasets.

2.0 FREQUENT PATTERN MINING AN OVERVIEW:
Within the arena of frequent pattern mining, a "pattern”
stands a combination of elements that indicate consistency
and regularity within a dataset, revealing inherent and
meaningful aspects of the data (Ventura and Luna, 2016).
2.1 Formal Definition of a Pattern:

Formally, a pattern (P) may be written as follows if we have
a collection of elements labeled as (I ={i_1,i_2,...,i_n}).
“P={ij,...,ik}<I, where j>1 and k<n”.---(1)

This equation delineates that a pattern (P) forms a subset of a
set of items (1), wherein the parameter (j) must be greater than
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or equal to 1, and (K) is constrained to be less than or equal to
(n).
2.2 Size and Support of a Pattern:
1. Formally, a pattern (P) may be written as follows if we have
a collection of elements labelled as (1= {i_1,i_2,...,i_n}).
2. The support of a pattern (P) is determined by the number
of transactions it satisfies, denoted as:
“Support(P)=|{vtleT:PctI}” ------ 2

These equations clarify that the support of a pattern
corresponds to the count of transactions in the dataset (T) that
incorporate the pattern, while the size of a pattern is
determined by the number of components it encompasses.
2.3 Frequent Patterns and Monotonic Property:
When a pattern's (P) support rises over a given level, it's
deemed Frequent. Interestingly, a pattern's support obeys a
monotonic property: no super-pattern of a rare pattern can
ever be frequent.
2.3.1 Maximal Frequent Patterns:
Many of the patterns in real-world applications (Ventura and
Luna; Moens et al., 2013) are rather lengthy. A concept called
maximum frequent patterns has been suggested to solve the
difficulties in extracting and storing long and frequent
patterns. If none of a pattern's immediate super patterns (P_S)
are Frequent, then pattern (P) is considered maximally
frequent; that is,

“{PS:PcPS,support(PS)>threshold}”---- (3)

2.3.2 Computational Challenges and Eclat Algorithm:
When mining Frequent patterns with brute-force techniques,
(M = 27n - 1) item-sets must be created, which means that
given a dataset with (N) transactions and (n) singletons, the
number of comparisons is O(MxNxn). For huge datasets, this
computational complexity becomes unaffordable. In order to
speed up the process, Zaki (2000) introduced Eclat, which
uses a vertical data format. Numerous exhaustive search
techniques have also been put out in the literature, including
those first presented by Han et al. (2004).

3.0 MAP REDUCE

The construction of parallel algorithms is made easier by the
contemporary parallel computing paradigm known as Map
Reduce (Dean and Ghemawat, 2008). It permits the
development of programmes that consist of two primary
stages that are created by the programmer: 1) the map phase,
in which each mapper processes a portion of the input data to
produce key-value (k, v) pairs, and 2) the reduction phase, in
which the key-value pairs are processed. Shuffle and sort is
an intermediate step that sorts and combines all values related
to the same key, k. It's crucial to remember that all map and
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reduce operations are distributed and executed in parallel.

Fig. 1 shows the overall architecture of a Map Reduce system.
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Map Reduce is becoming more and more popular for data-
intensive computing, especially when it comes to solving the
storage and computational issues that arise from big data
pattern mining. Scholars have been investigating this
paradigm in order to create new strategies. A model using a
breadth-first approach, called BigFIM, was initially presented
by Moens et al. (2013). Mappers in BigFIM work with
subsets of the dataset to compute the patterns required to
determine support. Local frequencies are combined by the
reduction, which then produces worldwide frequent patterns.
After that, all mappers get these Frequent patterns, which are
candidates for the following phase of the breadth-first search.
It should be noted that BigFIM is an iterative process, and s
iterations are required to create patterns of a certain size |P| =
s.The Dist-Eclat method, a three-step process that divides
jobs across many mappers, was also presented by Moens et
al. (2013). The dataset is split into equal-sized blocks in the
first stage, and each mapper takes out frequent singletons
(items of size one) from its block. To discover frequent
patterns of size |P| = s, all frequent singletons are dispersed
among mappers in the second phase. Because of the prefix
tree structure of this data, Frequent patterns may be recovered
in the last stage.

3.1 New Algorithmic Proposals

We provide new and effective pattern mining methods in our
work that are intended to handle massive datasets, or "big
data.” These algorithms utilise the open-source Hadoop
implementation and the Map Reduce framework, which is a
parallel computing paradigm. AprioriMR and AprioriMR
with pruning are two of these algorithms that are especially
designed for mining Frequent patterns.

Within the field of frequent pattern mining, it is important to
recognise that when Map Reduce is used, a significant
amount of key-value (k, v) pairs may be produced.
Performance constraints

IJRITCC | November 2023, Available @ http://www.ijritcc.org

have historically resulted from Map Reduce methods' usual
use of a single reducer. Frequent pattern mining still faces
major problems from memory needs and computational
expenses.

In order to address these problems, our work highlights the
use of numerous reducers, which is a key component of the
algorithms we suggest. Nonetheless, it's crucial to use caution
while implementing numerous reducers in Map Reduce. It is
important to carefully preallocate keys to each reducer since
doing so can prevent data loss and redundant information
from occurring when the same key (K) is assigned to many
reducers. Due to the sensitivity of the procedure and the
absence of prior information about the keys, manual key
distribution is not practicable. Reducers that handle an
excessively high number of keys may have a negative impact
on the overall processing pipeline's efficiency.

4.0 APRIORI ALGORITHM

The Agrawal et al. 1993 version of Apriori is a basic
algorithm for frequent pattern mining. The goal of this
approach is to find every item-set that might possibly exist in
a given dataset. Within each transaction, these item-sets are
generated as the first step in the procedure, as explained in
Algorithm 1. A support value of one is assigned to each of
these newly formed item-sets, indicating that they have only
been discovered once in the dataset (see to lines 4 and 5 of
Algorithm 1).

The programme then carefully examines whether the item-
sets produced in the current transaction have previously been
detected in transactions that have occurred in the past. If so,
as shown in lines 6-8 of Algorithm 1, their support count is
increased by one, signifying that they have been located once
again. Each transaction goes through this process again, as
lines 2-11 of Algorithm 1 illustrate. The result is an extensive
list, denoted as L, that includes patterns and the frequency or
support that goes along with them.

Tablel: Apriori Algorithm

Algorithm -1

Imput: T/ / set of transactions

Output: L // list of patterns found in data
1L=9o
2:for allr & Tdo

d:for 5= 1;s=< |¢tl;s++)do
£ C={VYP:P={i..., i NPS ¢t |P|l =
5

H

/ f candidate item-sets in ¢

5:¥ P = C, then support(P) = 1
6:if C N L _= =then

¥ PE [: P< C, then support(P)++
8:end if
9:L=LWU {C\ L} // include new patterns in I
10: end for

11: end for

12:return L
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It is crucial to stress that memory needs and compute
complexity grow in tandem with the number of transactions
and singletons in the dataset. As stated in line 2 of Algorithm
1, an increased transaction volume causes the algorithm to
iterate more times, lengthening the duration. Simultaneously,
an abundance of singleton entries contributes to a substantial
proliferation of candidate item-sets within C (refer to line 4
of Algorithm 1), thereby exacerbating both memory demands
and computational intricacies.This emphasises the need for
more effective methods and algorithms to cope with these
memory and computational issues, especially when working
with large datasets.

5.0 APRIORIMR ALGORITHM
In response to the difficulty of processing large amounts of
data quickly, we suggest a novel Apriori version called
AprioriMR (Algorithm 2) that makes use of Map Reduce's
capabilities. The goal of this approach is to mine every
possible pattern in a given database. The Map Reduce
structure used by AprioriMR was created to expedite the
pattern mining procedure.
According to the AprioriMR paradigm, a mapper is run for
every subdatabase, and each of these mappers is in charge of
mining every item-set in that subdatabase. The
AprioriMapper process, described in Algorithm 2, completes
this work. The important thing to remember is that every
pattern P that is taken out of a transaction tl in the dataset T
is represented as a key-value pair, which is written as (k, v).
In this illustration, pattern P is represented by the key k, and
pattern P's support inside the Ith transaction is shown by the
value v.

Table 2: AprioriMR Algorithm

Aldgorithin 2

begin proocedure A prioribdapp er @)
1l: for¢s= 13 s< | £ |; s++J) do
2 C= g P P= f5fy ceey 22} o PO .
1P| = =}
A ¢ candidate itemm-sets in 27
3: » P 0O O, then seeppeP)= 1 7/ support
is iImitialized
4: for all 7 O < do

3= cimit P, szeppP) /7 emit the
K, » pair

6: end for

7z end for

cnd procedure

A4 Im a grouping procedure values szpp?

are grouped for each pattern

P, produding pairs 2, szeprprl

SEaprp 2y oo, SEIpTEYESE

begin procedure A prioriR educer( P,
st (P, ..., st (F)ree)

1: szsppors =

sepp (P, szapp(Fi2,

wsey SEEPP(Elree AO

3= szaprprort = seipps

4: end for

3: crnit P, szsprprort

cnd proceduare
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The process of shuffle and sort is carried out after the
mapping step. This procedure creates pairings in the form of
(P, supp(P)L...., supp(P)m) by grouping several (P, supp(P)I)
pairs together using the same key P. This stage essentially
groups all of the supporting values for a certain pattern
together by organizing and consolidating the data.

Most importantly, AprioriMR differs from traditional Map
Reduce implementations, which usually use a single reducer.
Rather, it employs many reducers to efficiently divide the
processing load. The job of aggregating the collection of
support values determined by the mappers falls to each
reducer. As a result, the reducer computes a final (P, supp(P))
pair for each pair (PI, supp(P)1, supp(P)2,..., supp(P)m) in
such a way that the support value supp(P) is determined as
the total of the individual supports, supp(P) = Iml=1
supp(P)I.  Algorithm 2's lines 2-4 show how the
AprioriReducer method, which includes this phase, is carried
out.

An illustration of the AprioriMR algorithm's operation is
shown in Figure 2. Let's look at an example where the input
database is divided into four subdatabases and the AprioriMR
algorithm is set up with four mappers and three reducers to
demonstrate its capabilities.

The task of mining item-sets (patterns) inside its assigned
subdataset falls to each mapper. In this method, each
transaction in the dataset T is iterated over one at a time,
producing a collection of (P, supp(P)I) pairs for every
transaction T.For clarity, let's focus on an example with the
item-set {i1i3} as the key. The result of this iteration is a pair
in the form of ({ili3}, 1, 1, 1, 1), where the key is {i1i3}, and
it is associated with support values from multiple
transactions.

Dataset Output

RIES 1
iai

4l

Iyiaiy

/
/

Iz
ili3

e i
/

i
__/ {
i
! ! \

V[E A A A2 5 VA A A A A
ool | e E kg | I [ Rt
Rk |t T [
VWV v [ / ]

v ‘
] 1 T7
¥ “ g
- - I

Mappers | =il 1> | Reducers

Fig2: Apriori MR algorithm Diagram

An internal Map Reduce grouping process is run after the
mapping stage. The (P, supp(P)l) pairs are grouped by the
Frequentkey P in this phase. It so yields pairings that are
organised as (P, supp(P)1, supp(P)2,..., supp(P)m). The item-
set {ili3} will be represented as ({ili3}, 1, 1, 1, 1) in the
context of our example.
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The next stage in the AprioriMR algorithm is the reducer
phase. Each reducer plays a pivotal role in this phase. It is in
charge of combining the support values connected to the same
item-set to derive a final global support value. In our
example, for the item-set {ili3}, the outcome would be
({i1i3}, 4). This final support value is an amalgamation of
individual support values, signifying the overall frequency of
occurrence for the item-set. One key aspect to highlight, as
previously described in Section I11-A, is that each reducer is
dedicated to computing specific keys, denoted as k.
Therefore, the first reducer handles item-sets containing i1,
the second reducer processes item-sets including i2, and the
third reducer focuses on item-sets comprising i3. This
partitioning of responsibilities ensures efficient distribution
and computation of support values for distinct item-sets,
contributing to the overall effectiveness of the AprioriMR
algorithm.

In summary, the AprioriMR algorithm effectively leverages
the Map Reduce framework to parallelize and streamline the
mining of item-sets within a dataset. It employs mappers to

6.1 Findings from Apriori Algorithm

generate support values for individual transactions, a
grouping procedure to organize these values, and reducers to
consolidate the support values, thereby enhancing the
efficiency of frequent pattern mining.

6.0 FINDINGS AND DISCUSSIONS

This research investigates consumer purchase patterns within
a retail dataset through a basic item occurrence count
analysis. The dataset, comprising a diverse range of items,
was loaded and processed using the panda’s library. Key
findings reveal that certain items, such as 'mineral water,'
'eggs,’ and 'spaghetti,’ are highly popular among consumers.
Additionally, common categories like beverages and dairy
products stand out, indicating prevalent consumer
preferences. Noteworthy is the occurrence of healthier
options like 'shrimp' and ‘turkey,' suggesting a growing
interest in nutritious choices. Comfort foods like 'burgers' and
‘chocolate’ also feature prominently. While the analysis
provides insights into frequent item occurrences, it is
acknowledged that more sophisticated techniques.

Table 3 : Results show cased after running AprioriAlgorithm

Final Qutput:

1776083 {chocolate, shrimp,

antecedents

spaghetti, light cream)

168728 (chicken, herb & pepper, whole weat flour)

16e413 (burgers, eggs,

herb & pepper, turkey)

1174832 (chocolate, hot dogs, frozen vegetables, green...

168363 (milk, low fat yogurt,

consequents

177683 (mineral water)
168728 (mineral water, pancakes)
168413 {ground beef)
174832 (spaghetti)
168363 {ground beef)

spaghetti, chicken)

e Highly Confident Item sets:

o The association rule "(strong cheese,
shrimp, spaghetti) > (mineral water)"
demonstrates a strong  confidence,
indicating that customers who purchase
'strong cheese,' 'shrimp,' and 'spaghetti' are
highly likely to also buy 'mineral water.'

e Diverse Combinations:
o The rule "(tomatoes, vegetables mix,
mineral water) > (spaghetti)" suggests a
diverse combination of items, including

IJRITCC | November 2023, Available @ http://www.ijritcc.org

vegetables, contributing to the purchase of
'spaghetti’ and ‘'mineral water." This
highlights the potential for cross category
associations in consumer preferences.

e Balancing Health and Indulgence:
o The association rule "(whole wheat pasta,
shrimp, pancakes) > (milk)" implies a
combination of healthconscious choices
(‘whole wheat pasta’ and 'shrimp’) with a
more indulgent item (‘pancakes’) that is
often paired with 'milk.'
e Complex Purchasing Patterns:
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o The rule "(whole wheat pasta, turkey,
pancakes, spaghetti) > (mineral water)"
showcases a more complex purchasing
pattern, involving diverse items such as
'whole wheat pasta,’ 'turkey,' 'pancakes,'
and 'spaghetti' leading to the purchase of
'mineral water.'

e Gourmet Combination:

o The association rule "(oil, milk, parmesan
cheese) > (spaghetti)” suggests a gourmet
combination, where the purchase of 'oil,’
'milk," and 'parmesan cheese' is associated
with the acquisition of ‘spaghetti,’
indicating a preference for a more elaborate
meal.

6.1.1 Implications for Retail Strategy:

v' The identified association rules provide valuable
insights into consumer purchasing behavior,
enabling retailers to strategically place related items
together or design targeted promations for specific
item combinations.

v The diverse and complex patterns observed suggest
that consumers exhibit a mix of healthconscious and
indulgent preferences, emphasizing the importance
of offering a varied product range to cater to
different tastes.

v' Gourmet combinations and  crosscategory
associations underscore opportunities for creating
bundled offers or specialty promotions to enhance
customer experience and increase sales.

6.1.2 Performance Considerations:

+ The execution time of 240.05 seconds is
reasonable for the size of the dataset, but further
optimizations could be explored for even larger
datasets. Techniques such as parallelization or
distributed computing might be considered for
scalability.

6.1.3 Limitations of the AprioriApproach:

The execution time of 240.05 seconds in the current
implementation raises concerns about scalability as data
volumes increase. To overcome this limitation within the
same dataset, a transition to a MapReducebased approach is
imperative. MapReduces parallelized processing capabilities
enable the algorithm to distribute the workload across
multiple nodes, significantly reducing execution time and
enhancing scalability. By implementing MapReduce on the
existing dataset, we can achieve more efficient and timely
results, ensuring the algorithm's practicality for largerscale
datasets without compromising on processing speed. This
adaptation allows for a seamless integration of the algorithm
into realworld scenarios where swift data processing is
essential for actionable insights.

6.2 Findings from MR Apriori Algorithm (Static Mappers
and Reducers)

The MapReducebased implementation of the Apriori
algorithm on the given dataset reveals insightful patterns in
consumer purchasing behavior. The execution time of 150.37
seconds signifies a notable improvement over the previous
singlenode implementation, addressing concerns about
scalability for larger datasets.

Table 4 : Results show cased after running MR Apriori Algorithm

Mumber of Hagperg: 1
Mumber of Reducers: 1

Final CQutput:

antecedents M

177683 {chocolate, shrimp, spaghetti, light cream)
168728 (chicken, herb & pepper, whole weat flour)
168413 {burgers, eggs, herb & pepper, turkey)
174832 (chocolate, hot dogs, frozen vegetables, green...
16568263 (milk, low fat yogurt, spaghetti, chicken)}

consequents

177683 (mineral water)
158728 (mineral water, pancakes)
168413 {ground beef)
174832 (spaghetti)
168363 {ground beef)

IJRITCC | November 2023, Available @ http://www.ijritcc.org
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6.2 Findings

e  Gourmet Culinary Preferences:
The rule "(strong cheese, shrimp, spaghetti) > (mineral
water)" suggests a strong association between gourmet
ingredients (‘'strong cheese' and ‘shrimp’) and the
purchase of 'mineral water." This insight can guide
retailers in curating specialty promotions or product
placements.

¢ Diverse Combinations and HealthConscious Choices:
The rule "(tomatoes, vegetables mix, mineral water) >
(spaghetti)" highlights diverse combinations, including
vegetables, leading to the purchase of 'spaghetti' and
'mineral water." This indicates a balance between
healthconscious choices and culinary preferences.

e Balancing Health and Indulgence:
The rule "(whole wheat pasta, shrimp, pancakes) >
(milk)" indicates a combination of healthconscious
choices (‘whole wheat pasta’ and 'shrimp’) with a more
indulgent item (‘pancakes’) often paired with 'milk.

e Complex Purchasing Patterns:
The rule "(whole wheat pasta, turkey, pancakes,
spaghetti) > (mineral water)" showcases a more intricate
purchasing pattern involving diverse items such as
‘whole wheat pasta,' 'turkey," 'pancakes," and 'spaghetti’
leading to the purchase of 'mineral water.

e  Gourmet Combination:
The association rule "(oil, milk, parmesan cheese) >
(spaghetti)" suggests a gourmet combination, where the
purchase of 'oil,’ 'milk,’ and '‘parmesan cheese' is
associated with the acquisition of 'spaghetti," indicating
a preference for a more elaborate meal.

6.3 Findings from MR Apriori Algorithm (Dynamic
Mappers and Reducers).

Table 5: Execution time with different Mappers and

Reducers
No. of Mappers HNo. of Reducers Execution Time
8 1.8 3.8 08.467538
1 3.8 4.8 85.821591
2 1.8 2.8 84.491445
3 5.8 3.8 83.840849

These finding.]s Highl.ighf the“in-]_p-dr-t-alnc;e of c.:ar'efulllly tﬁningg_ |

the number of mappers and reducers based on the e dataset
and the computing environment.
1. Combination 1 (1 Mapper, 3 Reducers, Execution
Time: 90.46 seconds):
v' With only 1 Mapper, the program may not fully
utilize parallel processing capabilities.
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v Having 3 Reducers could provide some parallelism
during the reducing phase.

v" The execution time is relatively high, which
suggests that the limited parallelism may not be
compensating for the overall workload.

2. Combination 2 (3 Mappers, 4 Reducers, Execution
Time: 85.02 seconds):

v Increasing the number of Mappers to 3 allows for
parallel processing during the mapping phase.

v" Having 4 Reducers provides additional parallelism
during the reducing phase.

v Despite the increase in parallelism, the execution
time is still high, indicating that other factors may be
influencing performance.

3. Combination 3 (1 Mapper, 2 Reducers, Execution
Time: 84.49 seconds):

v' Having only 1 Mapper might limit the parallel
processing capability during the mapping phase.

v" With 2 Reducers, there is some parallelism during
the reducing phase.

v' The execution time is similar to the second
combination, suggesting that increasing the number
of mappers and reducers might not always lead to
significant improvements.

4. Combination 4 (5 Mappers, 3 Reducers, Execution
Time: 83.84 seconds):

v Increasing the number of Mappers to 5 allows for
more parallelism during the mapping phase.

v' With 3 Reducers, there is moderate parallelism
during the reducing phase.

v' The execution time shows a slight improvement
compared to other combinations, indicating that
increasing the number of mappers contributes to
better performance.

6.4 Findings of the Research

performance Execution

(SeC) performa
500 nce

Q\q(é:r’tio
0 )yeen

Apriodpriori -M¥pSiaticMR Dynami

(seq)

ig 3: Performace Report of the Algorithms

n Ution Time

1. Algorithm 1 (Apriori, Execution Time: 240.05 seconds):
+ Apriori is a traditional association rule mining
algorithm that uses a breadthfirst search strategy.
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+ The execution time of 240.05 seconds suggests that
Apriori may be computationally expensive,
especially for larger datasets or datasets with high
dimensionality.

+ This algorithm does not inherently utilize parallel
processing.

2. Algorithm 2 (Apriori MapReduce (MR) Static,
Execution Time: 150.37 seconds):

+ Apriori with MapReduce in a static configuration
indicates a parallel processing approach where the
number of mappers and reducers is predetermined.

+« The execution time of 150.37 seconds is a
significant improvement compared to the
nonparallelized Apriori.

+ Static MapReduce allows parallelism during both
the mapping and reducing phases, contributing to a
reduction in execution time.

3. Algorithm 3 (Apriori MapReduce (MR) Dynamic,
Execution Time: 83.84 seconds):

+ Apriori with MapReduce in a dynamic configuration
implies adaptive parallel processing, adjusting the
number of mappers and reducers dynamically based
on the workload.

+ The execution time of 83.84 seconds indicates
further improvement compared to the static
MapReduce configuration.

+ Dynamic adjustment of resources can optimize the
algorithm's performance based on the characteristics
of the dataset and system load.

The findings showcase the efficacy of MapReduce in
optimizing the Apriori algorithm for association rule mining.
The improved execution time and scalability make this
approach wellsuited for handling larger datasets, offering
retailers valuable insights into consumer behavior and
preferences. This research contributes to the growing body of
knowledge in data mining and presents a practical and
efficient solution for extracting meaningful patterns from
extensive retail datasets.

7.0 CONCLUSION

In the realm of association rule mining, the Apriori algorithm
stands as a foundational approach for discovering interesting
patterns within datasets. As datasets grow in size and
complexity, traditional implementations of Apriori can
encounter challenges related to computational efficiency.
This research sought to address these challenges by
introducing parallel processing through the MapReduce
framework, evaluating both static and dynamic
configurations.
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1. Significance of Parallel Processing:

v' The integration of parallel processing techniques,
specifically leveraging the MapReduce paradigm,
has been demonstrated to be a pivotal factor in
enhancing the performance of the Apriori algorithm.

v" The inherent parallelism offered by MapReduce
allows for the concurrent execution of tasks,
distributing the computational workload across
multiple nodes or processors.

2. Static MapReduce Configuration:

v' The introduction of a static MapReduce
configuration, where the number of mappers and
reducers is predetermined, showcased substantial
gains in performance.

v Parallelism is effectively harnessed during both the
mapping and reducing phases, leading to a notable
reduction in execution time.

v' This finding underscores the immediate benefits
achievable through a straightforward
implementation of parallel processing.

3. Dynamic MapReduce Configuration:

v'  The research explored the dynamic MapReduce
configuration, where resources, namely the number
of mappers and reducers, are adaptively adjusted
based on the workload.

v" Results indicated a further enhancement in
performance compared to the static configuration.

v" The dynamic adaptation of resources underscores
the importance of flexibility in resource allocation,
allowing the algorithm to optimize performance
based on the dynamic characteristics of the dataset
and system load.

4. Key Takeaways and Recommendations:

v' The key takeaways from this research emphasize the
transformative impact of parallel processing on
Apriori algorithm performance.

v A static MapReduce configuration provides a
substantial leap in efficiency, demonstrating the
effectiveness of parallelism in handling the
computational demands of association rule mining.

v" The dynamic MapReduce configuration, with its
adaptability in resource allocation, goes a step
further, showcasing the importance of flexibility in
optimizing performance.

8.0 Recommendations for Future Research:

Future research endeavors could explore additional
dimensions of adaptability, considering factors such as
workload distribution, data skewness, and dynamic
adjustments in real-time. Investigating the scalability of the
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proposed configurations across diverse datasets and
computing environments could provide insights into the
generalizability of the findings. In conclusion, this research
establishes a compelling case for the integration of parallel
processing, specifically within the Map Reduce framework,
as a means to significantly improve the performance of the
Apriori algorithm. The static and dynamic Map Reduce
configurations presented here offer valuable insights for
practitioners seeking to optimize association rule mining
algorithms for large scale and complex datasets.
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