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Abstract: Data mining identifies patterns in vast databases to support practical decision-making. Using association rule
mining, the patterns in the transaction database are found and reveal client behavior. Frequent Itemset Mining (FIM) Finds
Often-Buyd Items. FIM’s disdain for item significance is a drawback. Practical applications depend on the relevance of
the item. Thus, the High-Utility Itemset Mining (HUIM) challenge requires identifying the most profitable items in the
transaction database. High-Utility Items (HUI) in the transaction database can be identified using several methods. HUIM
methods based on utility lists are novel and outperform traditional methods in terms of memory consumption and execution
time. The main limitation of this algorithm is the costly joins of the utility list. This research presents a highly effective
swarm intelligence-based method for optimizing HUIM issues. The execution time of the suggested method is assessed.
In addition, it is compared to advanced current methods. Testing on publicly available benchmark data sets shows that the
swarm-based strategy outperforms current methods. This technique has wide applications in retail analytics, healthcare,
fraud detection, finance, supply chain management, and recommendation systems, enabling businesses and researchers
to optimize decision making and extract meaningful insights from transactional data.
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1. Introduction

Due to their ability to reveal hidden insights, data analysis systems are experiencing significant growth. FIM is
essential to data analysis and mining [1]. Frequently occurring events, patterns, or objects (individually or collectively)
are extracted [2]. HUIM [3] is a growing field that addresses FIM’s premise that all database patterns are equally relevant
[1]. HUIM seeks patterns with high utility relative to user value [4]. The utility function was originally designed to
measure retail sales profit [5]. It can be generated from numerous criteria. HUIM is an extension of FIM that assigns
values to input data items based on their importance or weight in the problem. HUIM allows multiple repetitions of an
item in a transaction, while FIM indicates whether each instance occurs. HUIM techniques in the early 2000s [6] yielded
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major and helpful discoveries. Market basket analysis [5] and sentiment analysis [6] examined the issue. This hot issue has
several effective algorithms [7, 8] for listing all item sets that benefit more than a threshold of the user set. Some methods
[8] generate and test candidates’ level-wise, while others [9, 10] use pattern growth. However, HUIM algorithms can
slow down massive searches. More particular, accurate techniques perform worse with more input data, especially for
transactions and objects [6]. Performance disappoints those who cannot wait for results. Genetic algorithms [11] and
particle swarm optimization [12] aim to address the precise limitation of the HUIM performance. This work discretises
ICDS, a swarm-based optimisation method, to solve HUIM. Key contributions of the proposed study include modifying
the Cuckoo Search algorithm to address HUI issues in binary solution spaces, evaluating the suggested model, examining
its runtime and convergence towards optimal solutions, and assessing HUI to demonstrate its significance. The suggested
model is also compared to recently developed methods.

The proposed model builds on work like Utility-List Based (ULB)-Miner and Efficient Fast [temset Miner (EFIM)
by addressing critical limitations in execution time and memory efficiency in HUIM. ULB-Miner introduced a buffer
structure for the utility list that optimized memory usage and reduced redundant database scans, thus improving execution
time. However, it still struggled with scalability and could not process large and complex data sets. Similarly, EFIM
focused on memory-efficient algorithms by consolidating similar transactions and applying stringent utility upper bounds.
EFIM incurred high computational costs in handling massive datasets despite improvements due to extensive subtree and
utility pruning techniques. The proposed model improves these foundational approaches by integrating swarm intelligence
and the discrete cuckoo search algorithm, which optimizes memory and runtime. Leveraging Levy Flight and Biased
Flight/Random Walk (BFRW) strategies achieves faster convergence towards high-quality solutions while maintaining
global exploration. Additionally, population-based optimization reduces the need for exhaustive candidate generation
and database scans, unlike traditional methods such as EFIM and ULB-Miner. This significantly improves execution
time while conserving memory, making the model more suitable for handling large-scale HUIM problems. Experimental
results on various datasets further validate that the proposed model consistently outperforms ULB-Miner and EFIM in
both run-time efficiency and memory utilization. The novelty of the proposed model includes:

1. Integrating Levy flights for exploration in discrete spaces.

2. Extending the binary solution space for improved optimization.

3. Evaluated the proposed model in 9 different datasets to prove its significance.

4. The proposed model improved with an average efficiency of 12.1% of accuracy in terms of identifying appropriate
item sets that holds high utilization in the given dataset.

The technical challenge on this HUIM by Iterative Depth-first Combinatorial Search (IDCS) was handling the
combinatorial explosion of item sets while ensuring efficient convergence toward optimal solutions. This was addressed by
integrating Levy Flight Random Walk (LFRW) for global exploration and BFRW for local exploitation, which dynamically
balance search diversity and refinement, preventing premature convergence while improving computational efficiency.
The structure of the following sections is as follows. Section 2 discusses precise and bioinspired HUIM algorithms from
previous research. Section 3 describes the HUIM problem and presents a mathematical model. Section 4 presents the
discrete swarm optimization paradigm. Section 5 empirically assesses the proposed model. Section 6 presents the final
conclusions and prospects.

2. Related work

The Ao and Hamilton HUIM improved mining efficiency. The Transaction Weight Utility (TWU) from Liu et al. is
a novel upper limit that meets the downward closure property and fully extracts Highly-Utility Itemsets (HUI) [13]. The
Two-Phase technique requires many database scans to find all HUIs, and the TWU is a reliable but imprecise upper limit,
increasing processing time.

[14] reduced Dynamic Time Warping Utility (DTWU)-based Mining candidates and database scans with a diffset.
This minimizes search and memory. [15] generated UPGrowth from Frequent Pattern (FP)-Growth. In 2023, [16]
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improved the HUIM tree mining with Hamm. They introduced TV prefix Tree and utility one-phase vector mining of
high-utility itemsets without candidate formation.

[17] developed HUIMiner, which uses data from the utility list and a tighter upper residual utility restriction than
TWU. The Utility-List eliminates the need for multiple applicants. This structure allows the application to scan the
database once and consolidate the utility list itemsets to create larger ones.

[18] upgraded HUI-Miner using FHM. The FHM method reduces the two-item itemsets to increase performance.
EUCP and EUCS data formats mitigate this. Duong et al. suggested HUP-Miner to update the FHM algorithm in 2017
[19]. Better pruning choices narrow the search with this strategy.

[20] reduce execution time and memory use with a buffer layout of utility lists. Duong et al. released the HMiner
algorithm in 2017, which includes TWU-, EUCS-, Uprune, LA-, and C-prunes, as well as a technique for grouping
identical transactions. Having a single repository for “closed” transactions reduces the program’s runtime. UBP-Miner
minimizes transaction scans to improve list-based [21]. UBP-Miner outscored HUIMiner and ULB-Miner in benchmarks.

Algorithms handle partially identical transactions in addition to utility-list and tree-based techniques. EFIM was an
early algorithm that used this approach. Nguyen et al. proposed the algorithm [22]. The method consolidates similar
transactions and reorganizes elements within them to project and combine them, saving memory. The upper boundaries
of the subtree and the local utility are also stringent. EFIM struggles with high database scanning expenses. The P-Set
structure of the incremental Mining of Efficient Frequent Itemsets with Memory consideration (iMEFIM) method [23]
accurately records the transaction positions. The algorithm manages databases with different transaction utilities.

Practical challenges arise with HUIM techniques, Utility-Oriented Pattern Mining [24], closed HUIS [25], maximal
HUIS [26], uncertainty HUIS [27], Cross-Level HUIS [28], and weighted high-utility pattern mining [29]. Soft computing
and deep learning have been developed by solving domain-wide problems [30-37].

In 2024, [38] proposed work on Single-Valued Neuromorphic Fuzzy Sombor Numbers, exploring a novel approach
based on fuzzy logic to model trade flows between countries via sea routes, which incorporates uncertainty and complex
decision-making factors. By integrating neuromorphic computing with fuzzy Sombor indices, the method optimizes high-
utility trade transactions by analyzing profitability, shipping costs, and fluctuations in market demand. This approach
improves traditional techniques (HUIM) by enabling more adaptive and precise decision making in global trade, logistics,
and supply chain management.

Despite numerous advancements in HUIM algorithms, many suffer from limited scalability and excessive computat-
ional overhead in discrete solution spaces. This study addresses these gaps by introducing an enhanced Cuckoo Search
algorithm tailored for HUIM.

3. Problem definition

HUIM is an extension to the classical FIM problem, and it is a more advanced data mining problem because it
focuses on identifying sets of items that occur frequently and have a high utility, where utility is often defined as profit,
cost, weight, etc. The HUIM problem, given a transaction database where each transaction includes the item with its
quantity and the utility (e.g., the profit per unit), is to identify the item sets that contribute the most to the overall utility
of the database. In this section, a mathematical interpretation of HUIM is provided.

A quantitative transaction dataset, D, has transactions R. A set of transactions with unique identifiers is D. The
Transactional Data Set D has seven transactions with unique identifiers in Table 1. Transactions may reveal customer
buying histories or user behavior. Let K = K, K>, ..., K, be a finite set of unique items. Quantitative items M are in R;
transactions. According to Table 2, each item My € K has an external utility value, Ug (i i), representing its sales revenue
or weight. In each transaction, Ug, each item My € K has an internal utility value, U;(My ), representing its sale amount
or frequency. A k-itemset has k different objects. If X is a subset Rls, R; supports K.
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Table 1. Transaction database

Tran ID Quantity (Qty)
R1 (PP, 1),(00,3), (TT,2)
R2 (RR, 4), (SS,5)
R3 (TT,2),(UU,3)
R4 (PP, 5),(Q0, 4), (RR,2),(SS,2),(TT, 4)
RS (00,5), (OR, 4),(TT, 6), (UU, 1)
R6 (QQ. 1), (RR, 3),(TT, 6)
R7 (PP,2),(TT,3),(UU, 4)

To further comprehend the introductory ideas, we shall study Table 1°s sample dataset D. There are seven transactions:
R1, R2, R3, R4, RS, R6, and R7. The symbols PP, QQ, RR, SS, TT, and UU represent six elements in D. Table 2 shows
positive unit earnings from these products. Every transaction involves selling goods. In transaction R1 in database D,

items PP, QQ, and TT were purchased for 1, 3, and 2, respectively.

Table 2. Profits associated with items

Item PP 00 RR SS TT

uu

Profit/Unit 006 004 002 005 003

009

The item x, which is a utility item x € R, can be computed using equation (1).

UU (PP, R1) = [UU];(AA, R1)[UU]g(AA) = 01 %06 = 06

For any itemset K C Ry, UU(K) € Ry, the utility can be computed using equation (2).

U(PP, QQ, R1) = UU(PP,R1)UU(QQ, R1) = 012406 = 018

The entire utility of item K of the D data set can be computed using equation (3)

(M

2

UU({PP, QQ}. DD) = ({PP, QQ}, R1) + ({PP. QQ}, R4) = 0.18 +0.46 = 0.64 3)

The utility of a transaction R; existing in the dataset D can be computed using equation (4).

Ur(R3) = UU(T, R3) + UU(UU, R3) = 06+ 027 = 033

“)
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HUIs exceed a user-selected minimum utility threshold. HUIS are extracted from transactional datasets to locate all
HUIS that match minimal utility criteria. Table 3 shows the HUI of the dataset with a minimum utility threshold of 70
from dataset D.

Table 3. Fixing utility values to the item set

Itemset FF AA,BB AA EE BB, EE EE,FF AA BB EE BB ,CC,EE AA,BB,CC,DD, EE

Utility 072 072 087 0102 0105 090 0106 072

4. Proposed method

4.1 Conventional cuckoo search algorithm

The parasitism of cougars in fawns inspired the cougar search algorithm [23]. In other birds’ nests, cuckoos raise
their young. As an evolutionary optimizing method, cuckoo behavior evolved. Levy Flights Random Walk (LFRW) and
Biased Random Walks (BSRW) help computer scientists identify optimal solutions in huge search spaces. Cuckoo’s Levy
Flight distribution for random walks:

X ~Levy(B) = W (5)

where 8 refers to the stability index v and u in the range (0, 1). The parameter gamma function is an integral part
of the stability index, contributing to stabilising the search process in the context of the proposed optimization method.
The Levy flight distribution in expression (5) allows a mix of short-range and long-range movements, mimicking the
natural foraging behavior of cuckoo birds. This power-law step size distribution helps avoid local optima by allowing
occasional long jumps, making the search process more efficient in high-dimensional spaces. Physically, Levy flights
are observed in animal movement, human travel, and financial market fluctuations, which makes them well suited for
optimizing high-utility itemset mining by striking a balance between exploration and exploitation. A mathematical and
contextual description (Eq. (6)) has been added to illustrate its functionality in balancing exploration and exploitation.
The parameter ¢ is expressed as

|-

T(1+B) x sin <”2>
F<1+B> x BB 2P

¢ = (6)

2

Where I specifies a gamma function.
The cuckoo search algorithm generates random solutions using the Levy flying distribution, improving exploration.
This is designed as

LFRW, = I; + o @ Levy(B) (N

The notation a > 0 indicates the step size magnitude. Adjust the step size o to optimise search space exploration.
To maximize solution use, CS searches for the best solution. The derivation of equation (8) begins with initializing a
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population of candidate solutions, each representing a potential answer. The algorithm employs the Levy Flight Random
Walk (LFRW) to explore the solution space by generating steps with large variability, calculated using a random value
scaled by parameters such as the Levy distribution exponent. The updated solution is expressed as a solution in Eq. (8),
where a controls the step size. A greedy strategy refines these solutions by retaining only those improving fitness levels.
To overcome local optima and ensure robust exploration, Biased Random Walk (BFRW) is applied using probabilistic
weights to diversify the search. These steps are executed iteratively, balancing exploration and exploitation, leading to
effective algorithm convergence. This appears as

LFRW; = I; + o © Levy(B) x (I; — Ipest) (3)

The greedy strategy preserves the proper solution within the range of I; and LFRW; after applying the LFRW
technique. After performing LFRW on every solution, the BSRW method is used for each person to explore the search
space and find the best solution. Since greedy techniques tend to get caught in local optima, the BSRW algorithm explores
the search space. BFRW improves on the solutions generated by LFRW, with probabilistic parameters (p,) playing a key
role in improving population diversity. This illustrates how the refinement process balances exploration and exploitation,
leading to more effective convergence toward optimal solutions. BSRW can be computed using the following equation.

BFRW,; = I; +rand x (I, — 1) 9)

Consider ¢ and p as different random people with p # and g. BFRW uses the probability fraction method p,, unlike
LFRW, which uses a greedy strategy to incorporate LFRW-generated solutions into the main population. p, is a constant
factor between 0 and 1. To substitute the main population response, use the probability fraction approach p,.

BFRW; ;, if rand > p,
I j= (10)

I j, otherwise

where i represents the current individual and j corresponds to the dimension of every solution.

4.2 Improved discrete cuckoo algorithm

Traditional computer science algorithms show a protective set of exploration, indicating prejudice. Exploration and
exploitation must be balanced to derive road regions from high-resolution satellite images. A balance will identify the
appropriate threshold values for each segmentation class. Exploration is prioritised over overexploitation in computation
because the BFRW section manages exploration. Road extraction from satellite pictures requires this. Instead of searching
for the best answer, we extend the LFRW method’s solution space search to boost computer science achievement. Our
search approach uses the best solutions from each iteration to find the answer. Represent it as

L+a®Levy(B) X (I; — Iest), rand > rand
LFRW; = (11)
i+ o®Levy(B) x (Ii —Ig,best), otherwise
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where rand is the random variable, whose value is set between 0 and 1, and the generation number is G. The pseudo-code
of the Extended and Improved Algorithm, which is based on the discrete cuckoo Algorithm, is shown below:
Algorithm 1 Extended and Improved Algorithm (Based on the Discrete Cuckoo Algorithm)
Data: Population size N, maximum number of generations G, stopping condition
Result: Optimized solution

Let Pop_G be a population containing individuals such as /1 g to Iy, G ;
Calculate the fitness of Pop_G: Denoted as f(Pop_G) ;
Let I be the current solution ;
Let I pest be the best solution in the gth iteration ;
while stopping condition
for each I in Pop G
Compute LFRW; {Equation 8} ;
Compute fitness of LFRW;: f(LFRW;) ;
Select the best of LFRW; and [; ;
end
for each I in Pop G
Compute BFRW; {Equation 9} ;
Compute fitness of BFRW;: f(BFRW;) ;
Select the best of BFRW; and [; ;

end
Update Ig, best as the individual with the minimum fitness in Pop_G ;
if f(IG, best) < f(Ibest) then
‘ Update Tyest With I, pest ;
end
Increment G by 1 ;

end

Output: 15, pest-

The above algorithm generates a population of possible solutions (itemsets) and evaluates their utility using a fitness
function. We design the algorithm based on two mechanisms. LFRW enables candidate solutions to be explored broadly,
making large, random jumps to avoid local maxima traps, whereas BFRW makes less drastic adjustments to explore
promising candidate solutions. After assessing these new solutions, the best candidates are selected to replace the weaker
ones, gradually improving the set of items.

With each iteration of the algorithm, the best solution of the current generation is updated and kept if it is better than
the last known best solution. Using this dynamic update mechanism, the algorithm converges to an increasingly valuable
set of items over time. Thus, the proposed algorithm excels at identifying profitable and superior patterns, and combining
these results is particularly beneficial in transactional data sets. This is achieved by combining the best of both worlds:
the algorithm explores multiple branches based on the nature-inspired randomness inherent to Genetic Algorithms while
selecting only optimal paths through adaptive-based selection.

5. Results and discussions
5.1 Experimental setup

The improved algorithm runs on MATLAB 2020 on a computer with a 4.2 GHz Intel Core i7 CPU, 16 GB of primary
memory, and Windows 11. Table 4 shows the parameters of the proposed algorithm.
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Table 4. Parametric assignments

Parameters Values
Population size 0100
Runs size 010
Number of iterations/Run 0500

5.2 Evaluation model

The proposed method is compared to three models: HUIM-Hybrid Concept (HC), Simulated Annealing (SA), and
Adaptive Filtering (AF). Chess, Mushroom, Accidents, and Connect were used to test our method. The SPMF data mining
library includes datasets [33]. Performance of runtime, HUI count, and convergence measurement.

5.3 Results

Table 5 shows the execution time of the chess data set of many HUI algorithms for different minimum utility threshold
values. Current approaches take longer than HUIM-ICDS. Table 4 shows that HUIM-ICDS outperforms HUIM-HC by
67.3%, SA by 24.7%, and AF by 42.8%. Figure 1 demonstrates performance as the threshold changes.

Table 5. Performance analysis through execution times

Min. utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
27.5 085.580 037.750 050.250 033.590
27 084.140 035.940 044.070 029.080
26.5 086.770 035.150 049.030 027.050
26 084.520 036.490 046.410 031.450
25.5 083.100 038.710 052.580 029.760

90
g = i _[—+—HUIM-HC }+
i =—HUUM-SA
80 HUUM-AF | 1
—=—HUIM-IDCS
70t |
g
2 60t |
o
£
S 50}
=
o~
40 & 1
30 4— - - oy e " 1
20
25.5 26 26.5 27 275

Minimum threshold

Figure 1. Runtime on dataset-Chess
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Table 6 shows the execution time of many HUI algorithms in the Mushroom data set to vary the minimum utility
threshold values. Compared to current algorithms, HUIM-ICDS performs better. In the mushroom data set, HUIM-ICDS
outperforms HUIM-HC by 70.6%, HUIM-SA by 27.6%, and HUIM-AF by 20.7% in average execution time. Figure 2
shows a graph of the runtime of the algorithm.

Table 6. Performance analysis through execution times

Min. utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
27.5 085.580 037.750 050.250 033.590
27 084.140 035.940 044.070 029.080
26.5 086.770 035.150 049.030 027.050
26 084.520 036.490 046.410 031.450
25.5 083.100 038.710 052.580 029.760

45
+—HUIM-HC
thes =—HUUM-SA
40 e — HUUM-AF |+
o ~—HUIM-IDCS
35 ¢F o |
g
2 30 F
[}
g
g 25t
=]
o~
20 |- 1
15 . - — 3
10

12 122 124 126 128 13 132 134 136 13.8 14
Minimum threshold

Figure 2. Performance analysis using dataset-Mushroom

Table 7 shows the execution times of the HUI algorithm in the accident dataset for different minimal utility threshold
values. Compared to current algorithms, HUIM-ICDS performs better. In the average execution time of the accident
dataset, HUIM-ICDS outperforms HUIM-HC by 71.9%, HUIM-SA by 20.3% and HUIM-AF by 26.04%. Figure 3 shows
a runtime graph of the algorithm.

Table 7. Performance analysis using dataset-Accident

Min. utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
013.00 0732.76 0304.65 0327.54 0243.43
012.80 0800.02 0333.06 0281.79 0266.18
012.60 0770.39 0241.67 0226.24 0203.89
012.40 0766.54 0270.06 0331.66 0229.77
012.20 0771.43 0202.32 0287.84 0156.13
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Figure 3. Performance analysis using dataset-Mushroom

Table 8 shows the performance of HUI Algorithms, considering different data sets and thresholds on utility values.
As shown in the table, HUIM-ICDS outperformed other algorithms. Regarding the average execution time of the accident

dataset, HUIM-ICDS outperforms HC by 69.8%, SA by 20.8%, and AF by 46.9%. The graph of the algorithm runtime is
shown in Figure 4.

Table 8. Performance analysis considering dataset-Connect

Minimum utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
032.00 02781.160 0803.760 01420.130 0620.790
031.80 02441.670 0828.140 01357.530 0645.210
031.60 02477.800 01118.540 01402.520 0838.480
031.40 02056.890 0897.080 01338.700 0717.700
031.20 02314.260 0949.710 01333.120 0779.000

3,000 . :
—HUIM-AC
~ HUUM-SA
HUUM-AF
2,500 | PO _ A——HUM-IDCS] 1
s
@3/ 2000 |- = ]
(5]
g
E 1,500
4
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Figure 4. Performance analysis using dataset-Mushroom
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5.4 Discovered HUI’s

Table 9 presents the proportions of HUIS in the chess dataset identified by various HUI methods at different minimum
utility threshold values. HUIM-ICDS improves the discovered HUIS compared to current methods. Regarding average
HUI detection on the chess dataset, HUIM-ICDS outperforms HUIM-SA by 0.83%, HUIM-AF by 1.70%, and HUIM-
HC by the same margin. Table 10 shows the fraction of the mushroom dataset HUIS identified using various HUI
algorithms with different minimum utility threshold values. Compared to existing approaches, HUIM-ICDS yields a
greater number of HUIS. HUIM-ICDS achieves 0.7% more HUIS than HUIM-SA in the mushroom data set and 7.55%
more than HUIM-AF and HC. Table 11 presents the fraction of the accident dataset HUIS identified using various HUI
methods at different levels of minimal utility threshold. HUIM-ICDS improves the discovered HUIS compared to previous
approaches. Regarding the detection of average HUI in the accident data set, HUIM-ICDS outperforms HUIM-SA by
0.9%, HUIM-AF by 2.61% and HUIM-HC by the same margin. Table 12 compares the proportion of HUIS identified
in the connected dataset using several HUI methods with different minimal utility thresholds. HUIM-ICDS improves the
discovered HUIS compared to previous techniques. Regarding the detection of average HUI on the connected dataset,
HUIM-ICDS outperforms HUIM-SA by 0.3%, HUIM-AF by 0.5% and HUIM-HC by the same margin.

Table 9. Computation of HUIs using Chess dataset

Minimum utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
027.50 0100.00 096.66 095.42 0100.00
027.00 0100.00 099.20 096.98 0100.00
026.50 0100.00 099.95 099.07 0100.00
026.00 0100.00 0100.00 0100.00 0100.00
025.50 0100.00 0100.00 0100.00 0100.00
Average 0100.00 099.16 098.29 0100.00

Table 10. Computation of HUIs using dataset-Mushroom

Minimum utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
014.00 0100.00 099.03 075.45 0100.00
013.50 0100.00 097.77 088.01 0100.00
013.00 0100.00 099.22 098.75 0100.00
012.50 0100.00 010.00 100.00 0100.00
012.00 0100.00 0100.00 100.00 0100.00
Average 0100.00 099.20 92.44 0100.00
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Table 11. Computation of HUI’s using dataset-Accident

Minimum utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
013.00 0100.00 096.74 094.30 0100.00
012.8 0100.00 099.21 095.00 0100.00
012.6 0100.00 099.26 098.95 0100.00
012.4 0100.00 0100.00 098.67 0100.00
012.2 0100.00 0100.00 0100.00 0100.00
Average 0100.00 099.04 097.39 0100.00
Table 12. Computation of HUIs using the dataset-Connect
Minimum utility threshold HUIM-HC HUIM-SA HUIM-AF HUIM-IDCS
032.00 0100.00 098.85 098.77 0100.00
031.80 0100.00 099.29 098.55 0100.00
031.60 0100.00 0100.00 0100.00 0100.00
031.40 0100.00 0100.00 0100.00 0100.00
031.20 0100.00 0100.00 0100.00 0100.00
Average 0100.00 099.63 099.46 0100.00

5.5 Convergence

Figures 5, 6, 7, and 8 show the convergence graph for each iteration towards the ideal solution. The graphs have 50
iterations for the chess, mushroom, accident, and link datasets. The convergence graph displays the cumulative HUI count
for each iteration time interval. The data show that the proposed model outperforms all others. Our model outperforms
HUIM-HC and requires fewer iterations. The graphs show that this model performs similarly to higher-achieving models.

350
300 - e T 4‘ S =
250t [ ‘ ]
S 2} [/ |
% 150 ]
*® .'r
100 b [ 1
[ —+—HUIM-HC
s0 b —=—HUUM-SA ||
. HUUM-AF
——=—HUIM-IDCS
0 3
0 50 100 150 200 250 300 350 400 450 500
Iterations

Figure 5. Convergence while discovering HUI on the dataset-Chess
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5.6 Time and space complexity

The time complexity of the existing method HUIM-HC holds a cap O open paren cap N close paren cap N, which
is the number of iterations. HUIM-SA holds O(N), where N is the number of iterations. HUIM-AF holds O(M * Dx)re
M is the number of ants; cap D is the dimensionality of the problem and N is the number of iterations. The proposed
HUIM-IDCS holds re N is the number of iterations, P is the number of solutions, and D is the number of dimensions. In
text, HUIM-HC holds O(D), HUIM-SA holds O(D)m, HUIM-AF holds O(M D + D*) and HUIMIDCS holds O(N x D),
where D refers to the dimension of the solution space, M refers to the number of ants and N refers to the number of
solutions in the population size.

6. Conclusions

The authors propose an enhanced version of the Discrete Cuckoo Search (DCS) to solve the HUI problem in a
large dataset. This contribution is primarily due to the proposed model’s use of Levy flights and oppositional learning,
significantly reducing the complexity of determining whether to include the specified item in the HUI. This is evidenced
by significant advancements in the results of time complexity, which are crucial to efficiently processing vast amounts of
data. The number of HUIS and convergence performance were compared with those of other methods, such as HUIM-HC,
HUIM-SA, and HUIM-AF, for the proposed model. The model is more accurate in detecting HUI than these methods
and can be particularly useful for industries that perform accurate pattern recognition, such as retail analytics and supply
chain optimization. Although these contributions are valuable, the proposed model has limitations, including that its
performance is highly sensitive to parameter tuning, such as the discovery probability and the number of nests. The
basic premise of the algorithm can remain unchanged, but care must be taken when selecting the parameters. Moreover,
although the model performs better on large-scale transactions than conventional approaches, it does not consider scenarios
involving very large data, which is common in big data, where the quality of item sets formed would lower the quality of
correct identification. In addition, the sweep approach is designed for static data. It is ineffective when the database is
frequently updated or the data is a constant stream of real-time data, which is a potential avenue for further improvement.
After all, other options for HUI detection were more robust for handling noisy transactions, thus dealing with them more
effectively than those used in state-of-the-art methods.
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