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ABSTRACT

Frequent Itemset Mining (FIM) is critical in many data-intensive applications such as customer behavior analysis,
recommendation systems, and fraud detection. Nevertheless, while the size and complexity of transactional databases
increase explosively, classical FIM methods face tremendous challenges in scalability, processing efficiency, and system
reliability. The growing amount of data can result in loaded servers and virtual machines (VMs), which cause
performance reduction, signal loss, and longer execution time. Such problems not just hinder system stability but also
lead to a bad user experience. This research proposes a new approach known as Grey Wolf-based Adaptive Frequent
Itemset Mining (GW-AFIM), combining intelligent load balancing with frequent itemset mining to address current
limitations. The model applies Grey Wolf Optimization (GWO) to automatically evaluate and assign data loads
between processing units. It draws inspiration from the manner in which grey wolves hunt and live in packs. The
fitness function of the GWO algorithm is responsible for minimizing data traffic, enhancing load balancing, and
accelerating computation. GW-AFIM aims at mining transaction-based frequently preferred itemsets with balanced
utilization of resources. Rigorous experimental analyses prove that GW-AFIM is remarkably better than current
algorithms with respect to processing time, speedup, accuracy, scalability, and error rate. The outcomes show that the
proposed model is an efficient and scalable solution for mining frequent itemsets from enormous transactional data,
which is very much applicable in contemporary big data environments where real-time analytics and fault tolerance
are of utmost importance.

Keywords: Frequent Itemset Mining (FIM), Load Balance, Data Traffic, Frequent Itemset, Big Data, Execution
Time, Adaptive Algorithms, Pattern Discovery.

1. INTRODUCTION

Fast data mining has gained greater significance in the big data age with the compound growth of digital
service-generated transactional data from retail systems, the Internet of Things (IoT), and online
platforms. Among these techniques, frequent itemset mining (FIM) is still important. The main thing it
does is find important correlations, patterns, and associations in big datasets. There are many applications
in practice for FIM because it can find sets of items which occur in transactions together in frequent
patterns. These systems help find fraud, keep track of inventory, make recommendations, and guess what
customers will do. Even though FIM is of great importance, conventional FIM algorithms such as Apriori,
Eclat, and FP-Growth have serious challenges in dealing with big-size and high-dimensional data. Their
challenges are high computational expense, poor scalability, inefficiency in memory usage, and rising
processing time. Furthermore, in cloud and distributed platforms, data load imbalance among large
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numbers of computing nodes usually leads to suboptimal resource consumption, system bottlenecking,
and even VM crashes or signal losses. Such problems seriously undermine the efficiency and reliability of
FIM systems, rendering them ineligible for real-time or large-scale data analysis applications. To solve
these important problems, we need smart load balancing systems that not only make good use of
computing resources but also help us find frequent itemsets quickly and accurately. In this context,
metaheuristic optimization algorithms have become more popular because they can solve hard
optimization problems in environments that are always changing and not always clear. The Grey Wolf
Optimization (GWO) algorithm has shown good results in many areas because it is simple, converges
quickly, and can balance exploration and exploitation. This paper presents a new method referred to as
Grey Wolf-based Adaptive Frequent Itemset Mining (GW-AFIM) that combines the concepts of GWO
with FIM. GW-AFIM is used to overcome the shortcomings of traditional methods. The algorithm of
GWO is utilized in the model for dynamic load balancing where the fitness of each node is determined
by parameters such as the amount of data, processing power, and frequency of transactions. This balances
the workload in the system so that it is spread across the system and does not overload it, hence
maximizing execution time and system stability. Besides load balancing, GW-AFIM emphasizes the
adaptive extraction of frequently preferred itemsets, identified through user transaction behavior and
frequency thresholds. The model efficiently eliminates low-utility patterns and highlights high-impact
itemsets, which are more pertinent for decision-making in real-world contexts. The implementation of an
adaptive thresholding mechanism improves the quality and precision of the extracted itemsets. When
compared to previous iterations of the frequent itemset mining algorithm, the new GW-AFIM model is
light years ahead. By combining adaptive pattern mining with an intelligent load balancing system
inspired by grey wolf behavior, it offers a scalable, efficient, and reliable solution for handling complex
large-scale transactional data. This improves mining efficiency and makes it easier to build sophisticated
analytics systems that can quickly process massive amounts of data.

The key function of this research is described as follows

v’ Initially, the large data transactional itemset is arranged in tree structure model

v A novel GW-AFIM is developed to balance the data load and to specify the frequently used items.

v Now, tree structure is constructed for the each types of itemset

v" The process of first fitness model is functioned as monitoring frame to main the data load by ordering
the request based on priority request.

v" The second fitness model of grey wolf is updated in threshold to specify the client votes of each item

v' Finally, an efficient transaction is done and its performance is estimated with existing works and
attained better result and less run time and high accuracy.

The paper is sketched as Section 2 elaborates relevant literatures, System model and problem definition
is detailed in Section. 3, consequently, Section 4 defined a novel work, Section 5 drawn the achieved
results and its comparison, finally the paper ends with conclusion in Section.6.

2. RELATED WORK

Frequent itemset mining (FIM) plays a pivotal role in data mining processes, as it is essential for
identifying interesting patterns such as sequences, clusters, classifiers, correlations, and association rules
(1], [2]. Initially introduced for market basket analysis [3], FIM helps uncover user behavior patterns and
symmetries in domains like supermarkets, online shopping, and mail-order companies [4]. In the context
of Big Data (BD), frequent pattern mining (FPM) becomes especially challenging due to the massive
volume and unpredictable nature of data, which introduce high space and time complexity [5], [6]. FPM
is utilized in mining graphs, sequences, and itemsets [7], and finds applications in clustering, indexing,
and association rule mining [8]. The extraction of frequent itemsets is a prominent area of research [9],
often focusing on events that occur frequently in databases [10]. However, many traditional approaches
struggle with large-scale databases and are inefficient in terms of memory and processing [11], [12], [13].
Big data's structural and unstructured formats further complicate FPM, necessitating efficient algorithms
to handle frequency thresholds and pattern extraction [14], [15].

Existing FPM techniques often rely on column enumeration methods, where each column represents a
search space [16]. These methods are generally ineffective for high-dimensional data [17] and face
challenges in load balancing, synchronization, and transaction management, particularly in distributed
and parallel environments [18]. Load balancing strategies based on static and dynamic models have been
explored [8], and machine learning techniques have been proposed to improve load distribution.
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However, many of these approaches still fall short in achieving optimal classification and balance [19].
Hybrid machine learning algorithms have also been utilized for frequent itemset extraction [20], though
challenges persist. For instance, while SVMs have been used for multimedia classification [21], ant colony
optimization (ACO) models tend to suffer from low classification accuracy. Deep reinforcement learning
(DRL) models such as the MLB framework have shown promise in mobility load balancing in ultra-dense
networks [22], yet they lack classification capabilities.

Traditional algorithms like Apriori are frequently used for pattern classification, but they are not well-
suited for large datasets and parallel processing. To address this, Raj et al. proposed the Efficient Apriori-
based FIM (EAFIM), which improves classification by reducing input data size [23]. However, load
balancing remains a limitation. Vanahalli and Patil developed the Balanced Distributed Parallel Frequent
Colossal Closed Itemset Mining (BDPFCCIM) mechanism to handle high-dimensional biological
datasets, achieving better distribution but with high processing time [24]. To enhance performance, Devi
and Sabrigiriraj introduced the Levy Flight Bat Algorithm (LFBA), integrating online feature selection to
filter low-quality features [25]. Additionally, the Weighted Entropy Frequent Pattern Mining (WEFPM)
model was introduced to improve classification accuracy. Despite its effectiveness, WEFPM's complexity
increases due to uncertainty in data.

3. SYSTEM MODEL AND PROBLEM STATEMENT

The system model of big transactional data and its data traffic problem is shown in Figure 1. Usually, the
big data contains huge amount of statistics with different applications. To make the efficacy of frequent
item classification all parameters should be enhanced. Also the function process of big transactional
model is if the request is send through the server then it searches the big data. Immediately, the search
engine search for the reference and send through the server connected virtual machine. At that time the
high load data damage the virtual serer and tends to signal fault, these issues take more time complete
the process. For that, the load balancing is the key strategy to maintain the load balance during data

broadcasting.
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Figure 1: System Model

4. PROPOSED GW-AFIM FOR LOAD BALANCING AND FREQUENT ITEM CLASSIFICATION
In the big transactional data, the FIM is applied to select the frequent used items. Moreover, once the
frequently used things are classified then data transmission is processed to answer the client response. In
this model the login strategy is utilized, when the owner enters the clients or customers name then
frequent used items by that particular client is displayed. In addition, this process should be executed in
less execution time. So that a novel GW-AFIM is introduced to balance the data load, best function of
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grey wolf model is processed to manage the data load. The proposed architecture is shown in Figure 2.
Finally, the run time is calculated and compared with recent existing models attained less execution time.
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Figure 2: Proposed GW-AFIM

4.1 Process of GW-AFIM

The procedure model is initiated by selecting the frequent paths of an item, which means initially, the
location is allocated for all items at that time paths are defined. Moreover, in this path the grey wolf fitness
function of monitoring element is updated in path to track the path function. Moreover, the proposed
approach is the scanning model to categorize the each type like frequent items and non-frequent items.
The proposed scheme is initiated with the selection frequent path. To identify the frequent path, types
of all items are described: after that it is split up and separated in tree subset. Moreover there is no
requirement of mining the tree branches because already the trees are built with all possible patterns. In
the second stage, a database is created to store the un frequent item during the monitoring process. Also
the Grey wolf model has two fitness functions, which is determined as head and sub head wolf. Here, it
is utilized load balancing and item classification. In addition, the branch of tree is worn to find the vote
occurrence of each item. The target of this developed tree based transactional model is to make the
patterns and clustering with other items. Moreover, the item patterns that have identical length is grouped
together and arranged in same location one by one. In other word, it is the structure of array has different
items with various length dimensions. The commonly utilized items and rarely used items are separated
by the support customers vote. The items, which have less vote count is considered as rarely used items
also in this proposed model, rarely used item sets are removed from the tree structure to reduce the data
load and to enhance the specification process.
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Figure 3(a): a frequent path finding Figure 4: Traversal Stage

The commonly utilized items and rarely used items are separated by the support customers vote. The
items, which have less vote count is considered as rarely used items also in this proposed model, rarely
used item sets are removed from the tree structure to reduce the data load and to enhance the specification
process. After the specification frequent item set, the non-used items are classified and removed. When
the non-used things are removed from the dataset then the size dataset get reduced and made the
classification process easier. In this planned model there is one free database in the last step to put the
non-frequent items. The process steps are detailed in Figure 3, 4, 5 and 6.
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Figure 5: Support Count Figure Figure 6: Removing Non

Frequent Items

Furthermore, The Grey wolf heuristic model is worn to specify the frequent items vote and maintain the
load balance. Here, the threshold range is updated with grey wolf second fitness model that is sub leader

wolf. Also the fitness function G is updated as the monitoring function to maintain the load balance.
Moreover, the data load is balanced by arranging the request based on priority based. So if the data is
processed one by one the data load is controlled. The work flow model of proposed approach is shown
in Figure 7, the main goal of this suggested research is to provide the proficient data transmission for
large volume transactional data also, for processing the big data the classification of frequent item is more
important to manage the online business without any difficulties.
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Figure 7: Work Flow of GW-AFIM

5. RESULTS AND DISCUSSION

The planned model is elaborated in java and running in windows 10 platform. Moreover, to carry on the
load balancing model, login model is utilized. Based on priority registration the grey wolf send the
response, other subsequent are wait for previous task completion. Furthermore, the fitness grey wolf
model is processed for continuous monitoring and balance data with scalability.

Algorithm.1 Pseudo code for application based GW-AFIM
T*'(i=12,..n)

Initialize with large transactional frequent dataset
Begin item types a,b,c

Construct tree subset S~

Set the monitoring element G

// Here, G is the monitoring element to track the data traffic
validate the fitness of all connected hubs

T'= G(T")
// G, is second fitness process to track the frequent items for each users
1
while (e < 3): classify as frequent item

//here 3 is the threshold range as support count, e is specific item, if it is greater
than or equal to 3
then it is classified as frequent item set.

end for
G=data ze> e
Update reference node
Data transfer — reference node
Update T~
end while
return G

5.1 Case Study
The planned schedule is elaborately described in this case study. For that one of the large transactional
database is taken, the pattern of transactional data base structure is drawn in Figure 8.
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P.ORS,T.UV. W, XY is the each types of item, now it is arranged in transaction
database pattern. Now, the proposed novel algorithm is applied over the transactional database to specify
the frequently used item from the large transactional set. The process and tree structure model is detailed
in Figure 9. Once the item is structured, commonly used itemset are chosen by taking intersection
function of each model.
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Figure 9: Process of frequent item

5.2 Performance Analysis

The quality of this model is calculated on the basis of validating the key metrics like accuracy, scalability
with existing model multilevel parallel frequent item mining (MLPFIM) (Vanahalli, Manjunath K., and
Nagamma Patil.,, 2020) Balanced Dispersed Parallel Frequent Colossal Closed Itemset Mining
BDPFCCIM (Huang, Chun-Hong, and Yungho Leu., 2019]

5.2.1 Accuracy

The rate of accuracy count is validated as the accurate classification frequently used dataset. Thus the
evaluations of accuracy measure with existing approaches are shown in Figure 10 and Table.1 where,

r ’
TN s True Negative, P for true positive, FN s false negative and F P is for false positive the

calculation of accuracy is defined in equation 1.

(TN+T'P)
(T'N+TP+F'N+F'P)
The obtained accuracy by the developed approach is 98% for 500 bytes data size. Simultaneously,
MLPFIM achieved 92% of accuracy and BDPFCCIM pertained 90% of accuracy.

Accuracy =

Table 1: Comparison of accuracy

Data size (bytes) BDPFCCIM MLPFIM Proposed (GW-AFIM)
500 90 92 98

1000 89 90 97.8

1500 88.7 89.5 97.5

2000 88 89 97.3

2500 87.6 88 97
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Figure 10: Accuracy Comparison

5.2.2 Scalability

For the load balancing model, scalability is the chief metric to evaluate the balancing capacity. Thus the
assessments of scalability with other techniques are drawn in Figure 11. and in Table 2.

The obtained scalability rate by the developed approach is 50% for 500 bytes data size. Simultaneously,
BDPFCCIM achieved 17% of accuracy and MLPFIM pertained 20% of accuracy.

Table 2: Scalability Comparison

Data size (bytes) BDPFCCIM MLPFIM Proposed (GW-AFIM)

500 17 20 50

1000 16 18 46

1500 14 15 44

2000 10 12 40

2500 8 10 35
50 . ' ' ’ —
as | .
40 | —=— BDPFCCIM 3

. | = MLPFIM

= 35 F—a— Proposed 7

= 30 | -

| -

o 20 -— ]
1s | _
10 ; ;

s I L . 1 . 1 \ 1 . L i
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Figure 11: Comparison of Scalability

5.2.3 Run Time

The execution time for the process is termed as run time, an efficient load balancing algorithm can
minimize more running time. The time utilized to execute the proposed model is 8ms for 500 bytes of
data, simultaneously, MLPFIM consumed 23 ms of time to execute the process and BDPFCCIM needs
20 ms to execute the process. The comparison is detailed in Table.3 and Figure 12.

Table 3: Comparison of Runtime
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Data size (bytes) BDPFCCIM MLPFIM Proposed (GW-AFIM)

500 20 23 8

1000 8 5.4 18

1500 7 5 15

2000 6 4 12

2500 5 3 10
e sope sece

Drata size (hytes)

Figure 12: Estimation of Runtime (ms)

5.2.4 Speedup

The speedup is estimated with occurrence of data traffic, when the data load is increases the time taken
for normal the process. Consequently, the execution time is evaluated, based on run time the speedup
rate is calculated. The drawn estimation graph is detailed in Figure 13 and Table 4. The measured speedup
by the developed approach is 20ms for 500 bytes data size for BDPFCCIM. MLPFIM achieved 23ms of
speedup measure and proposed approach pertained 9ms of speedup rate for 500 bytes of data.

Table 4: Comparison of Speed up Measures

Data size (bytes) BDPFCCIM MLPFIM Proposed (GW-AFIM)
500 20 23 9
1000 23 28 10
1500 25 30 12
2000 27 35 14
2500 28 37 17
24 _I 1 1 L 1 1 1 1 i 1 I 1
oo [ proposed
! ——— MLPFIM
20 I- BDPFCCIM
= 18}
E 16l
= L
S 14 |
8 —
o 7 B
10 | T
a8 -
6 L
4 ‘I 1 i 1 i L L 1 L | i L L L L i | L i A
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Figure 13: Speedup Comparison

5.2.5 Error Rate

The error rate is evaluated based on miss specification of frequently things. It is estimated as total frequent
itemset by classified items, it is elaborated in equation 2. The elaborated validations shown in Table 5
and Figure 14.

Error rate= ((Classified frequent data-total frequent data)/ (Total frequent data))* 100 ~mmememr (2)

The obtained error rate by the developed approach is 0.8% for 500 bytes data size. Simultaneously,
MLPFIM achieved 2% of error measure and BDPFCCIM pertained 3% of error for 500 bytes of data.

Table 5: Comparison of Error Rate

Data size (bytes) BDPFCCIM MLPFIM Proposed (GW-AFIM)
500 3 2 0.8
1000 33 2.3 1
1500 3.6 2.7 1.2
2000 39 3 1.4
2500 4.2 3.2 1.6
S =
2= =
EEE [

10 T

)
ernorrate (o)

ilnlal

—= — — — —
— == =1 —_— —
e — P —_— e
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Figure 14: Error Rate Comparison

5.3 DISCUSSION

From all the key metrics evaluation, it is proved that the proposed model is applicable to balance the data
load in large volume of transactional dataset. The overall performance of the developed model is shown
in Table 6 and in Figure 15. In that the proposed model attained 98% of maximum accuracy, 50% of

scalability rate, 20ms of speed up time, 8ms for process execution and also it attained the minimum error
rate as 0.8%.

Table 6: Overall Performance

Proposed: GW-AFIM

Data size (bytes) | accuracy scalability speedup Run time Error rate
500 98 50 20 8 0.8

1000 97.8 46 18 10 1

1500 97.5 44 15 12 1.2

2000 97.3 40 12 14 1.4

2500 97 35 10 17 1.6
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Figure 15: Overall Performance Comparison

6. CONCLUSION AND FUTURE ENHANCEMENT

The Graph-Weighted Adaptive Frequent item set Mining (GW-AFIM) model is a new approach to
efficiently find itemsets that appear frequently in large-scale datasets. During big data transformations,
this model reduces data traffic and proactively handles data load balancing issues. By incorporating a
heuristic-based mechanism, which optimizes item selection through fitness evaluation, the identification
of frequently used items is further refined. The model performs effectively, evidenced by experimental
results indicating a high accuracy rate of 98% and a minimal error rate of merely 0.8%. Furthermore,
the implementation of a dynamic load balancing method reduced the runtime by 8 milliseconds and
enhanced scalability by 50%, rendering the model ideal for real-time applications in big data
environments. Adaptive learning techniques may be used in future studies to improve heuristic
parameters based on the properties of the data. Enhancing the GW-AFIM model's scalability with
distributed cloud and edge computing frameworks may enhance performance in a range of scenarios.
Mined frequent patterns can be made safer, more understandable, and more practical with the help of
real-time visualization tools and privacy-preserving measures.
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