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Owing to the linear economic growth, the manufacturing of consumer
products has increased manifold, products in diversified packaging and
formats are now available in abundance, sometimes even with less or no
requirement, resulting in losses. Addressing the gap that exists between
productivity and requirements can minimize losses and unnecessary burden
on manufacturing units. To minimize losses, a hybrid algorithm is proposed,
using the advantages offered by classification and high utility patterns to
identify the dominant aspects of articles with a high probability of sale.
Articles are identified in a two-step process, identification of samples with
context as prominent parameter by vanilla feedforward neural network
(VNN) as a first step. The second step comprises the determination of utility
pattern mining in articles using faster high-utility itemset miner (FHN),
sentiment score obtained provides the utility pattern of the product. Proposed
hybrid VNN + FHN, along with convolutional neural network (CNN), long
short-term memory (LSTM), and transformer-based prediction model (TPM)
were used for assessing the utility-driven product analysis. The hybrid VNN
+ FHN proposed displays the best adaptability by extracting 158 patterns
with a utility of 162.88 units. The algorithm outperforms CNN in utility,
LSTM and TPM in speed, and CNN in pattern count, making it a better
choice for resource optimization.
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1. INTRODUCTION

Addressing targets, requirement and availability with consumer products is a tricky task, linearly
proportional relation between manufacturing, supply chain and requirement can minimize losses and increase
financial benefits. Frequently a wide gap exists between productivity and requirement, getting accurate
feedback and addressing the gap effectively can minimize burden on manufacturing units. Rating,
recommendations, reviews and feedback can provide quite insightful data about products in demand and can
streamline proportionality between demand and supply. Plethora of diverse recommendation systems based
on opinion mining techniques are available for resource optimization, however, there exists a wide gap in
targeted approaches employing hybrid algorithms assisted by statistical techniques [1]. Currently,
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recommender systems (RS) are being utilized extensively in several industries, including online shopping,
social media, electronic news channels, online music portals, travel planning, and entertainment. This is due
to the growth and diversification of products and services [2], [3].

Traditional RS focus on accuracy and similarity, but they fail to incorporate item profitability,
aspect-level preferences, or real utility constraints. Likewise, classical pattern-mining techniques such as
apriori or frequent pattern (FP)-growth capture only frequency, not utility, leading to the omission of
high-value but low-frequency patterns. High-utility itemset mining addresses this gap by modeling utility
through quantitative factors such as profit, weight, and importance. Recent research shows that combining
high-utility pattern mining (HUPM) with aspect-based opinion mining enables more meaningful feature-utility
associations [4], [5], hybrid RS-HUPM models [6]-[8] therefore outperform earlier single-objective
approaches by simultaneously capturing what users prefer, what yields value, and which item aspects drive
priority, making them increasingly suitable for product selection, catalog optimization, and personalized
decision support.

Manufacturing of consumer products has increased over the last decade, products in diversified
packaging and formats are now available in abundance, sometimes even with less or no requirement resulting
in losses. A wide gap exists between productivity and requirement, addressing the gap effectively can
minimize losses and unnecessary burden on manufacturing units. Plethora of diverse recommendation
systems based on opinion mining techniques are available for resource optimization, however, there exists a
gap in targeted approaches employing hybrid algorithms.

Work proposed employs a hybrid approach of classification and high utility pattern to identify the
dominant aspects of articles with high sale probability. The first step comprises of identification and
classification of samples with context as prominent parameter, the second step takes output of first step as
input, step comprises of opinion assisted mining for determining high utility pattern in articles, score rating is
estimated for identifying samples with high utility from triples extracted from the labeled corpus.
E-commerce items have been used to validate the proposed method [9], [10].

Paper is organized as section 2 presents opinion mining techniques along with identification of high
utility patterns for developing targeted approach for resource optimization. Section 3 presents objectives
identified from research gaps observed in literature survey. Section 4 discusses proposed methodology
employed to achieve the objective. Section 5 presents the discussion and the results achieved from the
proposed algorithm and finally section 6 presents the conclusion.

2. LITERATURE SURVEY

A targeted approach for investment in article manufacturing can optimize lot of resource allocation,
effort and time. Proposed methodology is an effort to identify articles of high utility and hence focus
production units on commodities of larger interest. A related study was conducted to investigate aspects of
articles in high demand and further to narrow down the range.

2.1. Aspect-based sentiment analysis

The three main subtasks of aspect-based sentiment analysis (ABSA) include aspect-sentiment
classification, aspect-term extraction, and aspect category detection. ABSA targets deep sentiment research
within a specific entity [11]. Implicit elements can be difficult to identify; however, it is of extreme
importance. Unfortunately, little consideration has been given in recent studies towards the extraction of
implicit elements. From various research, the authors extracted the data and summarized the issues of the
sentiment analysis (SA) classification techniques [12]. Research that views the impact of different product
categories introduces an approach for fraudulent reviews identification using the ABSA method [13].

Additionally, talking-head attention and a model was proposed based on a local context focus
mechanism, which improves SA results compared to existing baseline models [14]. A heterogeneous aspect
graph neural network (HAGNN), which captures relationships between sentences and aspects to improve
model performance, was proposed [15]. The performance of the unified framework is sub-optimal. A model
called residual attention gating — three-channel graph convolutional network (RAG-TCGCN) for ABSA,
which uses a three-channel graph convolutional network to learn important information from sentences [16].
In order to assess the sentiment polarity of certain aspects in text reviews, the study suggests using a
dependency graph convolutional network model for ABSA [17].

2.2. High utility based on context identification

Context-based SA has been approached in a variety of ways, from the usage of contextualized
lexicons to the hybridization of lexicons and context-aware machine learning algorithms. Different sort of
context that is linguistic, user profile, social, geographical, and temporal. May be employed in a singleton as

Resource optimization via identification of articles with aspects of priority ... (Garima Srivastava)



3242 O3 ISSN: 2252-8938

well as in combination to produce better outcomes [18]. In order to get context information for the sentiment
classification problem, a unique neural network-based model was put forth [19].

According to Hari et al. [20], a novel feature fusion technique for multimodal SA and context
modelling improved classification results by a margin of 1-2 percent for all combinations of modalities. A
study that employed the Twitter rank algorithm to identify prominent users for a topic and extracted the
emotion that was most influential for that topic [21], [22] focuses on recognizing feelings from implicit
phrases that do not contain emotional terms. Algorithm is a multi-feature neural network model for sentiment
recognition in implicit sentences that considers contextual, syntactic, and semantic information, among other
factors. In order to determine the sentiment polarity of an aspect in a particular context, Zhu et al. [23]
suggests using a context-enhanced attention network (CE-ATT) for aspect-based sentiment categorization.

High-utility pattern analysis following the initial introduction of high utility itemset mining (HUIM)
in [4], a number of methods, including as UMining [5], incremental high utility pattern mining (IHUP) [7],
and utility pattern-growth (UP-Growth) [8], were put forth. Since the downward-closure attribute [8] cannot
be used to reduce the search space, the issue associated with HUIM is seen to be more challenging than the
issue of frequent itemset mining (FIM). The utility of an itemset is neither monotonic nor anti-monotonic in
HUIM, which is the reason for the downward closure property's need that it holds. The transaction-weighted
downward closure (TWDC) feature was presented in [24] as a solution to this problem, and most of the
subsequent research have made use of this property to reduce the search space and improve time efficiency.
Table 1 presents the evolution of opinion mining techniques over the years.

Apart from designing, creating the prototype, getting raw material, fabricating, advertising,
transportation and sales, and market need also plays a crucial role. With innovations in machine learning
algorithms, several works with simple classifiers such as regression, support vector machine (SVM), and
naive Bayes to advanced techniques like random forest, bagging, boosting to neural networks have been
applied for enhanced results. However, a wide gap still exists in optimization of resources assisted by opinion
mining and utility-based selection. Further the impact of utility pattern on optimization of resource allocation
in product life cycle is still a potential area which is unexplored. Research gaps identified can be summarized
as follows:

—  Wide gap exists due to limited work in area of optimization of resources assisted by opinion mining.

—  Impact of utility pattern on resource allocation in product life cycle is still a potential area which is
unexplored.

—  Hybrid recommenders that identify products with priority and high utility pattern can have major
financial impact.

The work proposed is an effort to address gaps identified, use of utility patterns of high frequency products in

tandem with classification for effective resource utilization and hence focus production units on commodities

of larger interest.

Table 1. Summary of the evolution of opinion mining techniques

S.no Category References Methodology
1 Hybrid model [251-[30] Hybrid bidirectional gated recurrent unit (BGRU)/bidirectional long short-
term memory (BiLSTM)-gated recurrent unit (GRU) models, BERT-GRU
2 High utility mining [51-[8], [23], UMining, IHUP, UP-Growth, TWDC, modified efficient frequent (MEF)-

[31]-[34] HUIM, incremental high average-utility itemset mining (IncHAUIM),
EHNL, high average-utility itemset (HAUI)-Miner++, efficient high-utility
itemset mining (EFIM) FP-tree projection

3 Hybrid nature inspired [35]-[40] Hybrid convolutional neural networks (CNNs)-long short-term memory
algorithms (LSTM)-SVM, particle swarm optimization (PSO) SVM, naive Bayes-PSO,
HUIM+PSO+CSA
4 Aspect sentiment [15]-[17], HAGNN, RAG-TCGCN, dependency graph CNN, gated recurrent units,
classification [41]-[44] knowledge-aware dependency graph network, prompt knowledge tuning,
retrieval contrastive learning
5 Context based [19],[23],  Neural network model, CE-ATT, context-sensitive multi-tier deep learning
[451-[47] framework, SVM with grid search, transformer models RoBERT
DistilBERT
6 Collaborative filtering [481-[50] Alternating least square (ALS) with attention mechanisms and BiLSTM,
with utility mining GloVe+BiLSTM, Bayesian hybrid collaborative filtering (BHCF)
7 High utility with negative [511-[53] FHN, global high-utility mining (GHUM), top-k high utility itemset with
unit profits positive or negative profits (TKN)

3. OBJECTIVES
Addressing the identified limitations, this work aims to design a hybrid algorithm that integrates
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HUPM with context-aware classification to enable targeted investment decisions in manufacturing.

Based on the research gaps, the objectives of the proposed work are defined as follows:

— To design an algorithm for targeted investment by combining utility mining and opinion-based
classification, achieving greater than 10—15% reduction in false-positive product selections.

—  Use utility-pattern analysis to guide product life-cycle resource allocation by enforcing minimum
utility thresholds.

— Implement a hybrid recommender that integrates ratings, reviews, and behavioral data to achieve
improvement in recommendation precision and stronger recall of high-utility products.

4. PROPOSED METHOD

Proposed work employs a hybrid approach of classification and high utility pattern to identify the
dominant aspects of articles with high sale probability. Figure 1 depicts the flow graph design of three step
proposed model, flow graph functions in three layers, first layer acquires samples and normalizes the dataset
for optimal execution, second step comprises of identification and classification of samples with context as
prominent parameter, vanilla feedforward neural network (VNN) with dense connections is employed for the
classification and in third, articles identified from second step is subjected to utility pattern mining using
triples for extracting commodities and aspect of high demand. E-commerce items have been used to validate
the proposed method. The following steps are employed for the task.

Records Identified Via Additonal Records Via # )
Database Searching Website o
n=7 n=3 l

| | Dataset - High priority parameter extraction
i Records screened after rationalizing = 938 [Aspect] = Labeled Corpus

Records after duplicate records removed = 838 Wil . I, ... Tos]
Records considered with coccurance [n=100]

‘ Screened Dataset ‘

Identification of most common
commodities [n=100]

l

Number of products per category [k]
Creation of column information [I1,I1,I1_Ix]
Metric Estimation tf-idf

[tfi=12 n - likelihood estimate & idfi=12 s - amount of
information]

l

Identification of most common commodities
[n=100]

l

Classification assisted Context Identification:
VNN (Densely Connected) =
{ Common Comodities n=100 }

Generalised max pooling =
Aggregated representation ({gmp) = Estimate «

Processed Corpus = W[ , 1, I....Tss]

l

Performance metric validation =
Validation + Training
{Convergence happens at 3 epochs }

v
(#)

Context
Identification

l

Extracting Triples = Q [review, aspect, score]
Triples to transactions = [aspect, utility]

Database of Triples to transactions = [D_set]

I

Maximum Utility Aspect =
Implement FHN_Algorithm [D_set]

l

ially high profit ¢ dities = A
utilities
versus top aspect sets (with
positive utility values)

High utility pattern
Identification

Figure 1. Flow graph design of two-step proposed model

4.1. Dataset

The product.json file, is used for the suggested work, obtained from GitHub. Sample acquired has
the product names, descriptions, and categories. The product.json file contains a total of 51,646 products
listed with dataset contains multiclass categories. The suggested technique can identify and forecast
1,802 classes since there are 1,802 non-overlapping classes. The dataset that is being studied is shown in
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Figure 2, with the frequency of occurrence of items, category count, and a highlighted red line that separates

all categories with a count of more than 500 from those without [54].
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Figure 2. Frequency of occurrence of items

4.2. Deep neural network assisted priority context identification

To adapt machine algorithms for prediction, the dataset under investigation is divided, tokenized,
preprocessed, and transformed into term frequency—inverse document frequency (TF-IDF). CNNs work on
spatial pattern extraction and LSTMs captures sequential dependencies while VNNs acquire a latent
distribution enabling better generalization, reduced overfitting, and improves interoperability through
probabilistic outputs, supports generative capability and work better with smaller datasets allowing them to
predict missing data, create synthetic samples, and discover deeper hidden patterns. Tasks which involve
uncertainty modeling, noise tolerance, feature discovery, and probabilistic decision-making, VNNs outclass
CNNs and LSTMs. Owing to reasons mentioned above VNN was used in the deep learning model, which is
trained for 30 epochs and plots the losses and area under the curve (AUC). Figure 3 displays the VNN

classification parameters for the proposed model.

Param #

11169306

aB2ea

Model: "sequential_ 2"
Layer (type) Output Shape

“embedding (Enbedding)  (None, Seo, 3e8) 11100300
dense (Dense) (None, See, 388)
global_max_poolingld (Glob (None, 38@)
alMaxPoolinglD)
dense_1 (Dense) (None, 6%9)

Total params: 11228369 (42.88 MB)
Trainable params: 11228369 (42.88 MB)
Non-trainable params: @ (©.88 Byte)

Figure 3. VNN classification parameters
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VNN employed is with dense connections for classification [55]. A densely linked network employs
feature reuse; it permits an output at one layer to be reused several times at succeeding levels [55], [56].
The quality of embedding pairs collected across the dataset is accumulated to reflect this aim in a loss
function £ given by (1). Denoting the quality of a particular pair of embeddings with ij, the overall loss is
defined as (1).

£= Yia Xjene) lij (D

Work proposed estimates by estimating algebraic sums for all descriptors, the algebraic sum may get
escalated from errors generated due to uncorrelated descriptors that can influence the estimated similarity,
even if error generated has a non-significant individual similarity. Weights is so taken that it equalizes the
effect of every entity to the similarity estimates. The cumulative representation { can be represented in (2).

cgmp = szX O((X) ﬁ(x) = 1P0( (2)

The procedure to solve an optimization problem to estimate the weights o is known as generalized
max pooling. Work proposed evaluates algebraic sums for all descriptors, the algebraic sum may get
escalated from errors generated due to uncorrelated descriptors that can influence the estimated similarity,
even if error generated has a non-significant individual similarity. Figure 4 depicts the losses incurred for the
proposed model, which are approximately 0.04 for validation and less than 0.01 for training. Figure 5 depicts
the AUC, the curve provides the precision with which the algorithm can identify diversified classes, it is
approximately 0.97 for validation and 0.99 for training, results achieved show that corpus has been labelled
with acceptable error ratio [57], [58].

Training and Validation Performance Training and Validation Loss Curve

= Training AUC
= Validation AUC

= Training Loss
Validation Loss

0.98 4

/

N
“‘ \X\/ \\ﬁ 0.03 1

0.90 1

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epochs (seconds) Epochs (seconds)

Figure 4. Losses incurred for the proposed model Figure 5. AUC represents the precision with which
the algorithm can identify diversified classes

4.3. Pattern mining for high utility

VNN provides a processed dataset where commodities with context having high priority have been
labelled, commodities extracted from stage one will be subjected to the mining process to identify articles of
high utility. Work first establishes the primary entities of HUPM. Let I be finite class of unique items and D
gives group of transactions in a database. It is distinguished by the transaction id for each transaction, Tk.
Commonly, the former has an internal utility, q(i,Tk), and the latter has exterior utility, p(i).
u(X) represents the utility value of the article X across database D, which is estimated by summing together
all the components of u(X, Tk) so that Tx has X as member, given in (3).

u(i,Tk) = p@d) x q(,Tk) 3)

High utility pattern extraction seeks to identify all high utility articles in the database D that have
utility larger than or equal to minimum utility, given the database D and the minimal utility criterion.
Aspect-based opinion mining constructs a set having triples: (ai, sj, sc). Here, sj refers to the associated
sentiment for aspect ai and sc is the sentiment score. The procedure to extract triples (ai, sj, sc) is given
in Algorithm 1.
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Algorithm 1. High priority parameter extraction algorithm
Input: corpus

Output: high priority parameter extraction

Step 1: aspect assisted opinion mining.

Step 2: Q «— Corpus

Step 3: E « B (Null Set)

Step 4: forte Q

Step 5: Q; E < Acquire Triples(t)

Step 6: E «— E U EQ # Review + aspect + score — E

Step 7: End

Step 8: CT « ClusterTriples(E) # Cluster of triples = review + aspect

Step 9: D_set « CT # Database of triples to transactions

Step 10: MUA «ImplementFHN Algorithm(D_set) # Maximum utility aspect

Sample reviews are included in Figure 6 from which triples are to be extracted. To extract triples in
a particular review, the work proposed followed the procedure outlined in [13], [14], which is further

explained as follows:
i)  Corpus is divided down into sentences.
i)  NLP tokenizer is employed for the process as follows:

—  An individual aspect is labeled for every noun and noun phrase. In addition, every word in a noun
corpus is converted to its lemmatized shape, and all lemmatized word forms are connected
together so that inflectional variants of nouns and noun corpus can be combined in subsequent

stages.
—  Sentiment lexicons are used to annotate words with emotions.

—  Sentiment words, annotated nouns, and noun phrases are arranged in the sentence's order of

occurrence.

—  Every pair of nouns and sentiment words that co-occur makes a new triple.

iii) The triple sets union is acquired, which is formed for every review sentence.
Figure 7 provides corresponding triples that are retrieved using the previously described procedure.
Extracted triples are converted into transactions with utility values in this step. Iltems have both internal and

exterior usefulness in utility-based pattern mining.

Reviews Text Reviews Title
0 This keyboard is very easy to type on, but the_. Love the fingerprint reader
1 | love this. This small portable speaker has a... Great sound
2 The product works as expected, but is really b... Great product works well, too big
3 | have nothing to complain about this remote. .. AV receiver it works great. The vibration feed...
4 BT audio on devices was very spotty. Gave up a... Poor BT Connection

Figure 6. Sample reviews

Review ID Triples
0 1 [(home button, good, 1), (feature, excellent, 2)]
1 2 [{battery life, poor, -2), (voice quality, good. 1)]
2 3 [(keyboard, bad, -1), (shape, excellent, 2)]
3 4 [(mouse scroll. worst, -2), (size, small, -1})]
4 5 [(keyboard, amazing. 2)]

Figure 7. Corresponding triples

A review and a transaction are related, with elements from a review taken from the first step,
matching things from a transaction in the third. For every object, the work proposes to give it an external
utility. This estimate, which is domain-dependent and not included in the review data, may be a producer's
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choice because of cheap manufacturing costs, or it could be a customer's preference. Table 2 depicts the
transformation model used for transformation of triples to transactions.

Table 2. Transformation model

Utility pattern mining Aspect assisted opinion mining
Item (Ti) Aspect

Transaction (Ti) Review

Utility (Ui) Sentiment product value X utility score
External (Ui) Utility score

Internal (Ui) Sentiment product review

Proposed model performs two procedures on the extracted aspect to complete the transformation.
Triples are categorized by review id in the first one. A review depending upon issue addressed is likely to
have more than one triple with the same aspect. The sentiment score of the elements that have several
occurrences are resolved by adding up each sentiment score separately or calculating their average. In the
former case, it is assumed that repeated mentions of an element increase its influence or preference
(i.e., positive or negative). The array of triples with the identical review ID is arranged into a transaction
during the next operation of the transformation procedure. An example transformation for the reviews
mentioned in Figure 6 is shown in Figure 8 [59], [60].

Sentiment Product Utility Pattern

2] 15 home button
1 -3 battery life
2 2 keyboard
3 -3 mouse scroll
4 8 monitor

Figure 8. Score estimates for the utility pattern

5. RESULTS AND DISCUSSION

The work considered only positive utility values for aspect groups having the highest positive
ratings for sentiment, mapping articles with high sale impact only; estimates were calculated by extracting
triples. The proposed work employed the faster high-utility itemset miner (FHN) algorithm [51], [52], using
the FHN technique, high utility aspect (HUA) groups are retrieved from transaction database. Pattern
employed is a collection of useful characteristics that are indicators of high profit features or aspects, with the
highest positive sentiment ratings and, thus, the largest levels of satisfaction are indicated by the patterns with
the highest positive utility. Figure 9 depicts comparison of accumulated utility for FIM and proposed
technique under positive utility patterns.

Accumulated Utility Comparison: FIM vs Proposed Method

B Frequent Itemset Mining (FIM)
W Proposed Method

= = ~ ~ ®
o v o w
L ! !

Accumulated Utility (in Thousands)

w
L

8 10 122 14 16 18 20 21 22 24 25 26 28 30
Pattern Trend (Positive Utility Values)

Figure 9. Comparison of accumulated utility for FIM and proposed technique under positive utility patterns
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Hybrid VNN + FHN, CNN, LSTM, and transformer model were used for accessing the utility driven
product analysis. CNN excels in extracting relevant features from short and structured texts, the LSTM
network focuses on long-term context dependencies in product review texts, and Transformers shine with
robust context embeddings that are insensitive to noises. Hybrid VNN + FHN combines deep context
intelligence with efficient utilization-pattern discovery. By comparing the four algorithms, the most reliable
one will be picked that balances the efficiency of product-pattern discovery, context intelligence, processing
complexity, and noise robustness. The following metrics were used to assess the algorithms:

—  Estimation of number of patterns (N).
—  Utility of product and average utility u(pi).
—  Runtime of an algorithm (T).

Table 3 depicts comparison metrics of the proposed hybrid algorithm with CNN, LSTM, and
transformer-based models. It shows that the hybrid method demonstrated the strongest overall balance
between utility, pattern extraction, and runtime. The weakest performance is of CNN for 143 patterns.

Table 3. Comparison metrics of proposed hybrid VNN+FHN with CNN, LSTM, and transformer model

Algorithm Pattern count (N)  Average utility (units)  Run time (us)
Hybrid (FHN + VNN) 158 162.88 70
CNN 143 155.46 60
LST™M 171 167.33 80
Transformer-based prediction model (TPM) 189 173.52 90

LSTM performs better with 171 patterns identified and higher utility of 167.33 with runtime of
80 ps. TPM delivers best deep-learning results, achieving the highest pattern count of 189 with utility value
173.52, however it has slowest runtime of 90 ps. The hybrid VNN + FHN technique balances these
trade-offs by extracting 158 patterns with utility of 162.88 and a fast runtime of 70 us, outperforming CNN
in utility, LSTM and TPM in speed, and CNN in pattern count. In extended evaluation, hybrid VNN-FHN
achieves highest overall utility of 182.4 units but required the longest runtime of 0.018 s, indicating increased
computational cost with higher accuracy. CNN and LSTM produced moderate utilities of 150.6—161.2 units
and occasionally misinterpreted short or noisy text, while the Transformer model maintained stable utility of
176.9 units but struggled with ambiguous or incomplete reviews. All models scaled well for 100-1,000
e-commerce products with runtimes under 0.02 s; CNN and LSTM showed the most stable runtimes of
0.010-0.013 s due to GPU-friendly architectures, whereas hybrid VNN-FHN slowed slightly as pattern size
increased. In cross-domain scenarios finance, healthcare, and retail, all models can generalize with redefined
utility functions, with hybrid VNN + FHN technique showing the best adaptability.

6. CONCLUSION

A targeted RS design helps in optimization of resources in terms of raw material, transportation,
manufacturing cost, human resources, packaging, marketing, and sale. Proposed work employs a hybrid
approach of classification and high utility pattern to identify the dominant aspects of articles with high sale
probability. Proposed technique hybrid VNN + FHN was assessed and compared with CNN, LSTM, and
Transformer model. LSTM performs better with 171 patterns identified and higher utility of 167.33 with
runtime of 80 us. TPM delivers best deep-learning results, achieving the highest pattern count of 189 with
utility value 173.52, however it has slowest runtime of 90 ps. The hybrid VNN + FHN technique balances
these trade-offs by extracting 158 patterns with utility of 162.88 and a fast runtime of 70 us, outperforming
CNN in utility, LSTM and TPM in speed, and CNN in pattern count. In cross-domain scenarios finance,
healthcare, and retail, all models can generalize with redefined utility functions, with the hybrid VNN + FHN
technique displaying the best adaptability.
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