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ABSTRACT 

 
Online shopping has evolved significantly with the integration of augmented reality (AR) technology, 
offering users the ability to visualize products in their physical space before making a purchase. However, 
sentiment analysis within AR-enabled platforms faces challenges due to sparse review data, unlike 
traditional e-commerce platforms. The Consistent Fruitfly Optimization-Based Graph Neural Network 
(CFO-GNN) proposed in this paper addresses this challenge by combining fruitfly optimization with graph 
neural networks. This innovative approach allows CFO-GNN to efficiently handle sparse data while 
capturing the intricate relationships present in AR shopping experiences. By leveraging these techniques, 
CFO-GNN enables more accurate sentiment analysis, empowering businesses to make informed decisions 
and enhance user satisfaction in the dynamic landscape of AR-enabled online shopping. Through 
comprehensive evaluation on a diverse dataset, CFO-GNN demonstrates its effectiveness in improving 
sentiment analysis within AR environments, highlighting its potential to drive advancements in user 
experience and competitiveness for businesses operating in AR-enabled online retail. 
Keywords: Augmented Reality, Analysis, Classification, Online Shopping, Sentiment, Sparse Data 
 
1. INTRODUCTION 

 
Online shopping isn’t just about 

convenience; it can also yield substantial cost 
savings. Online retailers frequently provide 
exclusive promotions and discounts you won’t find 
in physical stores. Loyalty programs and email 
newsletters further reduce the cost of purchases [1]. 
The ability to easily compare prices across multiple 
websites ensures that consumers find the best deals. 
Online stores often have lower operating costs than 
brick-and-mortar shops, which translate to more 
affordable prices for customers. The elimination of 
commuting saves both time and money on 
transportation. Online shoppers can avoid impulse 
purchases that often occur during in-person 
shopping trips [2]. In summary, online shopping 
delivers convenience and significant cost-
effectiveness, enabling consumers to maximize 
their budgets. 

 
One of the standout features of AR-

enabled online shopping is the ability to try before 
you buy. Whether shopping for clothing, 
accessories, or cosmetics, AR technology enables 
virtual try-ons that provide a realistic sense of how 
products will look or fit [3]. Imagine virtually 
trying on different outfits, experimenting with 
makeup looks, or even placing virtual furniture in 
your home to see if it suits your space. This level of 
interactivity empowers shoppers to make informed 
choices, reducing the uncertainty often 
accompanying online purchases. It’s a game-
changer for fashion enthusiasts and anyone looking 
to make confident online shopping decisions [4]. 
 

Sentiment analysis bridges businesses and 
their customers, transforming vast volumes of 
product reviews into meaningful insights. 
Quantifying the emotional tones in these reviews 
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converts qualitative data into quantitative data that 
companies can track and analyze over time [5]. 
This approach reveals trends in customer sentiment 
and offers opportunities to pinpoint areas of 
concern or excellence. Smartphone manufacturers 
might use sentiment analysis to identify consistent 
praise for battery life but frequent complaints about 
camera quality. Armed with this information, they 
can prioritize improvements in camera technology 
for their next product release [6]. 
 

Sentiment analysis also plays a vital role 
in enhancing customer engagement. Companies can 
engage with their audience more effectively by 
tracking sentiment trends and monitoring customer 
feedback channels. For example, a tech company 
might identify a recurring issue mentioned in 
customer reviews [7]. They can then proactively 
reach out to affected customers with solutions or 
assistance, demonstrating a commitment to 
customer satisfaction. Additionally, sentiment 
analysis can inform content creation and marketing 
strategies, ensuring companies deliver messages 
that resonate positively with their target audience 
[8]. This personalized approach fosters a sense of 
connection and strengthens brand loyalty. In 
summary, sentiment analysis is a powerful tool that 
helps companies and manufacturers make data-
driven decisions, resulting in better customer 
products and services while enhancing customer 
engagement and satisfaction [9]. 
 
1.1. Problem Statement 

In the realm of sentiment analysis within 
AR-enabled shopping apps, a central challenge 
revolves around the issue of sparsity. The 
inadequacy of available customer review data 
primarily characterizes this challenge. Unlike well-
established e-commerce platforms, these apps often 
suffer from a shortage of user-generated sentiments, 
which has multifaceted implications. The sparse 
dataset hinders the development of accurate 
sentiment analysis models, as they typically require 
substantial, diverse data for training and validation. 
Moreover, the scarcity of sentiment insights 
impedes businesses’ ability to effectively assess 
user satisfaction and make informed decisions 
about app improvements. This limitation could also 
introduce bias into performance evaluations, as it 
may not adequately capture the sentiments of the 
entire user base. Therefore, tackling the sparsity 
problem is of paramount importance in the context 
of sentiment analysis within AR-enabled shopping 
apps, as it is essential for advancing research in this 

area and enabling businesses to enhance user 
experiences and maintain competitiveness. 

 
1.2. Motivation 

Addressing the challenge of sparsity in 
sentiment analysis within AR-enabled shopping 
apps is driven by several compelling factors. These 
apps are at the forefront of reshaping the e-
commerce landscape, offering innovative shopping 
experiences. To harness their full potential, accurate 
sentiment understanding is paramount. However, 
the lack of available sentiment data presents a 
formidable hurdle, hindering the development of 
robust sentiment analysis models and limiting 
informed decision-making for app enhancements. 
Solving this issue is crucial for enhancing user 
satisfaction, advancing AR-based shopping apps, 
and contributing valuable insights to natural 
language processing and machine learning. 
Moreover, overcoming sparsity in this context can 
inspire innovative techniques that transcend e-
commerce, furthering the broader scope of AI 
research and its practical applications. 

 
1.3. Objectives 

The central research objective is to devise 
a custom-tailored sentiment classification algorithm 
specifically designed to address the pervasive data 
sparsity issue within AR-enabled shopping apps 
while benefiting end-users. This algorithm aims to 
substantially enhance the precision and relevance of 
sentiment analysis in augmented reality shopping, 
contributing to businesses, developers, and 
customers. By creating a robust model capable of 
effectively handling sparse sentiment data and 
accounting for the unique characteristics of AR 
shopping experiences, this research seeks to 
empower consumers with more informed 
purchasing decisions, improved user experiences, 
and increased satisfaction when navigating AR 
shopping platforms. Leveraging cutting-edge 
natural language processing techniques, the study 
aspires to provide a valuable tool for extracting 
precise sentiment insights from user reviews, 
ultimately elevating the overall quality and 
competitiveness of AR shopping apps while 
enhancing the customer journey. 

 
2. LITERATURE REVIEW 

 
“Enhanced Elman Spike Neural Network” 

[10] for sentiment analysis within online product 
recommendations represents a sophisticated fusion 
of neural network architecture and spike-based 
modelling, promising heightened accuracy and 
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effectiveness in understanding user sentiment 
dynamics. This method harnesses the power of the 
Elman spike neural network, renowned for its 
capacity to model temporal dependencies in 
sequential data. “Hybrid Recommendation 
Algorithm” [11] combines user comment sentiment 
analysis with matrix decomposition techniques and 
offers a powerful approach to enhance 
recommendation systems. The algorithm gains 
insights into users’ emotional responses to products 
or services by employing sentiment analysis on user 
comments and reviews. “Negation in sentences” 
[12] plays a pivotal role in sentiment analysis and 
polarity detection. Neglecting its effect can lead to 
erroneous polarity assignments, potentially 
distorting the true sentiment conveyed in a text. It 
recognizes and handles negation appropriately, 
employing techniques like dependency parsing and 
context awareness. “Multilingual Transfer Learning 
for Bahraini Dialect Sentiment” [13] is a ground-
breaking approach that harnesses the power of 
multilingual deep learning and transfer learning to 
perform sentiment analysis on sequential text data 
written in Bahraini dialects. This innovative 
methodology offers a solution to the challenge of 
limited labeled data for dialect-specific sentiment 
analysis.  

 
“Barnacles Mating Algorithm” [14] is an 

innovative approach for sentiment analysis in 
online product recommendation systems, albeit 
without emphasizing its positive aspects. The 
network leverages a graph-based modeling 
approach to represent user behaviour and 
preferences within a structured framework 
efficiently. “Efficient Multiple-Word Embedding” 
[15] describes a potent approach to sentiment 
analysis that underscores both efficiency and cross-
domain adaptability. This method harnesses the 
power of multiple-word embeddings to extract 
comprehensive feature representations from text 
data across diverse domains, allowing for a nuanced 
understanding of language nuances and domain-
specific vocabulary. “Improved Unified Domain 
Adversarial Category-Wise Alignment Network” 
[16] presents a sophisticated solution to the 
challenging problem of unsupervised cross-domain 
sentiment classification. When labeled data is 
scarce or unavailable in different domains, this 
methodology is a valuable tool. It accomplishes this 
skillfully by utilizing domain adversarial techniques 
to align the sentiment categories across various 
domains. “S3map” [17] is an advanced 
methodology that revolutionizes sentiment analysis 
by focusing on extracting sentiments associated 

with specific aspects within text data. This 
approach combines the strength of semi-supervised 
learning techniques with a masked aspect prediction 
model to significantly enhance the accuracy and 
granularity of aspect-based sentiment analysis. 
 

“Topic Driven Adaptive Network 
(TDAN)” [18] introduces a state-of-the-art 
approach to tackle the complexities of sentiment 
analysis across different domains. This method 
employs adaptive networks driven by topic 
information to address the challenges of varying 
sentiment expressions in diverse contexts. By 
incorporating topic relevance, the model can 
discern sentiment nuances unique to each domain, 
resulting in more accurate and context-aware 
sentiment analysis. This innovation finds practical 
applications in market research, product sentiment 
tracking, and social media analysis, where 
understanding sentiment across domains is 
paramount for decision-making and insights. “Deep 
Ensemble Learning Technique (DELT)” [19] 
represents a significant advancement in 
recommendation systems. This innovative 
methodology recognizes that user sentiment is 
crucial in delivering personalized and relevant 
recommendations. SARWAS stands out by 
harnessing the power of deep ensemble learning, 
which combines the predictive capabilities of 
multiple models, ensuring that recommendations 
not only align with user preferences but also 
resonate with their sentiments. This approach finds 
applications in diverse sectors, including online 
content platforms, where sentiment-based 
recommendations can boost engagement, and in 
online retail, where it can drive purchasing 
decisions.  
 
2.1 Comparative Analysis of Existing 

Techniques 
The current state-of-the-art techniques for 
sentiment analysis exhibit varying strengths and 
limitations. TDAN effectively captures temporal 
dependencies in sequential data, making it suitable 
for time-sensitive sentiment prediction; however, its 
performance declines when dealing with sparse and 
graph-structured relationships. DELT enhances 
classification through ensemble learning and 
optimized feature engineering but often requires 
extensive preprocessing and computational effort. 
Traditional recommendation-based sentiment 
frameworks mainly rely on dense datasets and 
struggle to generalize in AR-enabled shopping 
environments where user feedback is relatively 
limited. In contrast, graph-based approaches are 
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increasingly recognized for their ability to preserve 
relational information among entities. Motivated by 
these observations, CFO-GNN integrates graph 
neural representations with Consistent Fruitfly 
Optimization to improve learning efficiency and 
sentiment classification under sparse review 
conditions. 
 
2.2 Research Gap 
Although several sentiment analysis approaches 
have been proposed for recommendation systems 
and online shopping environments, notable 
limitations remain in the context of augmented 
reality (AR)-enabled shopping. Existing methods 
largely focus on conventional e-commerce 
platforms and often depend on dense, large-scale 
review datasets for effective training. Models such 
as TDAN and DELT demonstrate promising 
classification capabilities; however, their ability to 
capture complex user interactions and contextual 
dependencies in sparse AR review environments 
remains limited. Furthermore, many existing 
studies do not adequately model the relational 
structure between user behaviour, product 
interactions, and sentiment dependencies. These 
limitations highlight the necessity for an intelligent 
framework capable of handling sparse sentiment 
information while preserving interconnected 
relationships in AR shopping ecosystems. 
Therefore, the proposed CFO-GNN model is 
designed to bridge these gaps through the 
integration of Consistent Fruitfly Optimization and 
Graph Neural Networks. 
 
2.3 Bio-Inspired Optimization for Intelligent 

Sentiment Systems 
Bio-inspired optimization methods have 
increasingly supported intelligent recommendation 
and sentiment systems by improving learning 
efficiency in sparse environments. Optimization-
driven mechanisms including frog leap, cuckoo 
search, fish swarm, whale optimization, and wolf 
prey strategies demonstrated improved adaptability 
and pattern discovery under uncertain conditions 
[20], [21], [42], [45]–[47]. Adaptive routing and 
optimization frameworks further highlighted 
effective decision-making under incomplete 
information [22], [28], [41], [51], [55], [60]. Firefly 
optimization, particle swarm optimization, 
peregrine falcon-inspired approaches, and 
kingfisher-inspired routing also reported robust 
performance in extracting hidden behavioural 
relationships and improving adaptive intelligence 
[27], [33], [39], [43], [44], [52], [59]. Recent 
optimization studies involving energy-aware 

frameworks, delay minimization models, and 
performance modelling of bio-inspired systems 
emphasized improved adaptability and efficient 
learning under constrained environments [25], [26], 
[29]. These findings support the integration of 
Consistent Fruitfly Optimization in CFO-GNN for 
sparse AR shopping sentiment prediction. 
 
2.4 Optimization-Driven Neural Learning for 

Sentiment Classification 
Optimization-assisted neural learning methods have 
shown promising outcomes in sentiment 
classification and predictive modelling. Kalman 
filtering-based neural frameworks improved 
sentiment understanding by reducing noisy 
information and improving contextual learning 
[30], while optimization-based extreme learning 
models and swarm-assisted classifiers enhanced 
classification reliability in large sentiment datasets 
[61], [66], [69]. Bio-inspired optimization 
combined with recurrent learning also improved 
prediction accuracy in complex classification tasks 
[32], [37], [48]. Chebyshev neural networks and 
multimodal deep learning approaches further 
highlighted improved capability for identifying 
hidden sentiment patterns from heterogeneous 
datasets [73], [74]. These developments strengthen 
the motivation for CFO-GNN in AR-enabled 
sentiment analysis. 
 
2.5 Graph-Based Intelligence in AR Shopping 

Environments 
Graph-based intelligence has become important for 
modelling user interactions and behavioural 
dependencies in digital ecosystems. Intelligent 
decision-making frameworks and bio-inspired 
computational systems demonstrated improved 
adaptability in interconnected environments [23], 
[58], [63], [70]. Graph-oriented learning integrated 
with reinforcement mechanisms also showed 
promising outcomes in understanding relational 
dependencies [54]. Since AR-enabled shopping 
involves dynamic interactions among users, 
products, and experiences, graph neural approaches 
provide improved contextual understanding. 
Emerging AR/VR communication ecosystems and 
intelligent connectivity models further reinforce the 
need for adaptive graph-aware learning for 
sentiment prediction [50], [62], [67]. 
 
2.6 AI and Behavioural Analytics in Digital 

Shopping 
Artificial intelligence increasingly supports 
customer behaviour analysis and secure digital 
interactions across online platforms. Studies 
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discussing AI risks and intelligent automation 
emphasized reliable and adaptive decision-making 
for digitally connected systems [24], [64], [65], 
[71]. Blockchain-supported privacy mechanisms 
and secure communication frameworks further 
improved trust and reliability in online ecosystems 
[31], [34], [40]. AI-driven behavioural analytics, 
sustainability-oriented systems, cybercrime 
analysis, and intelligent user modelling highlighted 
the importance of extracting meaningful insights 
from large behavioural datasets [35], [36], [38], 
[49], [53], [68]. These perspectives align with CFO-
GNN’s objective of improving sentiment 
understanding in AR shopping systems. 
 
2.7 Mathematical Modelling for Sparse 
Sentiment Analysis 
Sparse sentiment information remains a major 
challenge in AR-enabled shopping environments 
due to inconsistent customer feedback. 
Mathematical modelling approaches such as 
plithogenic cubic sets and intelligent uncertainty 
frameworks demonstrated strong capability in 
representing incomplete information under complex 
decision environments [56], [57], [72]. 
Optimization-driven studies further emphasized 
adaptive reasoning for extracting reliable 
knowledge from limited and uncertain datasets 
[39], [43]. These findings strengthen the rationale 
behind CFO-GNN, where Consistent Fruitfly 
Optimization and Graph Neural Networks jointly 
address sparse sentiment prediction challenges in 
augmented reality-enabled online shopping 
systems.  
 
3. CONSISTENT FRUITFLY 
OPTIMIZATION-BASED GRAPH NEURAL 
NETWORK 

The Consistent Fruitfly Optimization-
based Graph Neural Network (CFO-GNN) is a 
novel algorithm designed to address challenges in 
sentiment analysis, particularly in sparse data 
environments within augmented reality (AR) 
enabled online shopping platforms. By integrating 
fruitfly optimization principles with graph neural 
networks, CFO-GNN efficiently navigates complex 
data structures and captures subtle relationships 
inherent in AR shopping experiences. This 
innovative approach enhances the precision and 
relevance of sentiment analysis, empowering 
businesses to make informed decisions and improve 
user satisfaction. CFO-GNN represents a significant 
advancement in the field of natural language 
processing and machine learning, offering promise 
for applications beyond AR-enabled online retail. 

3.1.1. Advanced Message Passing 
The fundamental idea behind message 

passing is to iteratively update node representations 
by aggregating information from neighbouring 
nodes. Mathematically, the update rule for a node 
𝑣௜ at the 𝑙-th layer can be expressed as Eq.(1). 

ℎ௜
(௟ାଵ)

= 𝜎 ቆ෍ 𝑓(௟)൫ℎ௜
(௟)

, ℎ௝
(௟)

, 𝑒௜௝൯
௝∈ே(௩೔)

ቇ (1) 

where, ℎ௜
(௟)represents the hidden state of the node 

𝑣௜at layer 𝑙, 𝑁(𝑣௜) denotes the set of neighbouring 
nodes, 𝑓(௟)is a message aggregation function, and 
𝑒௜௝represents the edge connecting nodes 𝑣௜ and 𝑣௝. 
The aggregation function 𝑓(௟) encapsulates the 
essence of message passing, capturing hidden states 
and edge information interplay. 
 

Attention mechanisms are introduced to 
advance beyond conventional message passing. The 
attention mechanism assigns weights to 
neighbouring nodes, allowing the model to focus on 
more informative nodes during aggregation. The 

attention weight 𝑎௜௝
(௟)for the edge between nodes 𝑣௜ 

and 𝑣௝is computed as Eq.(2). 

𝑎௜௝
(௟)

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑎(௟)൫ℎ௜
(௟)

, ℎ௝
(௟)

)൯ (2) 

where, 𝑎(௟) represents a learnable attention 
function. The final aggregated message is computed 
using Eq.(3) as a weighted sum. 

𝑚௜
(௟)

= ෍ 𝑎௜௝
(௟)

.
௝∈ே(௩೔)

𝑓(௟)൫ℎ௜
(௟)

, ℎ௝
(௟)

, 𝑒௜௝൯ (3) 

 
Incorporating attention mechanisms allows 

the GNN to attend to relevant neighbours 
dynamically, enhancing its ability to capture 
essential graph structures. A recursive message-
passing formulation is introduced to capture higher-
order dependencies using Eq.(4). 

𝑚௜
(௟)

= ෍ 𝑎௜௝
(௟)

.
௝∈ே(௩೔)

𝑓(௟) ቀℎ௜
(௟)

, ℎ௝
(௟)

, 𝑒௜௝ቁ + 

෍ ෍ 𝑎௜௝
(௟)

.
௞∈ே൫௩ೕ൯௝∈ே(௩೔)

𝑎௝௞
(௟)

. 𝑓(௟) ቀℎ௜
(௟)

, ℎ௝
(௟)

, ℎ௞
(௟)

, 𝑒௜௝ ,
(4) 

 
This recursive formulation allows the 

GNN to capture interactions involving nodes 
beyond immediate neighbours, enabling a more 
comprehensive understanding of the graph’s 
structural intricacies. 

 
3.1.2. Graph Attention Mechanisms 
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Graph Attention Mechanisms represent a 
significant advancement in the field, introducing a 
principled way to assign varying levels of 
importance to different neighbours during the 
message aggregation process. This step not only 
refines the model’s ability to capture nuanced 
relationships but also introduces a layer of 
adaptability by allowing the network to adjust its 
focus dynamically. The core mathematical 
formulation of attention mechanisms involves the 
calculation of attention weights for each 
neighbouring node. For a given node 𝑣௜, and its 

neighbor 𝑣௝ at layer 𝑙, the attention weight 𝑎௜௝
(௟) is 

computed using Eq.(5). 

𝑎௜௝
(௟)

=
𝑒𝑥𝑝 ቀ𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈൫(𝑎(௟)೅

ൣ𝑊ℎ௜
(௟)

, 𝑊ℎ௝
(௟)

൧൯ቁ

∑ 𝑒𝑥𝑝𝑒𝑥𝑝 ቀ𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈൫(𝑎(௟)೅
ൣ𝑊ℎ

௜

(௟)
, 𝑊ℎ

௞

(௟)
൧൯ቁ௞∈ே(௩೔)

 (5) 

where, 𝑎(௟)and 𝑊 are learnable parameters, 
LeakyReLUis the leaky rectified linear unit 

activation function, and ൣ𝑊ℎ௜
(௟)

, 𝑊ℎ௝
(௟)

൧denotes the 

concatenation of transformed node representations. 
The attention weight is computed based on the 
compatibility between the representations of the 
target node and its neighbours. 
 

The overall message aggregation for a 
node 𝑣௜ is then obtained by considering the 
weighted sum of the neighbour representations as 
expressed in Eq.(6). 

𝑚௜
(௟)

= ෍ 𝑎௜௝
(௟)

. 𝑊ℎ௝
(௟)

௝∈ே(௩೔)
 (6) 

 

Incorporating attention mechanisms into 
the message-passing process allows the GNN to 
focus on more relevant neighbours while 
downplaying the influence of less informative ones. 
This adaptability enhances the model’s capacity to 
capture intricate graph structures. Multi-head 
attention is often employed to introduce further 
flexibility. The attention heads operate in parallel, 
each with its set of learnable parameters, and the 
results are concatenated using Eq.(7) to form the 
final aggregated message. 

 

𝑚௜
(௟)

= 𝐶𝑜𝑛𝑡𝑎𝑐𝑡 ቀ𝑊ଵ𝑚௜
(௟)೔ , … , 𝑊௛𝑚௜

(௟)೓ቁ (7) 

where, 𝑊ଵ, … . , 𝑊௛are learnable parameters and 

𝑚௜
(௟)೔ , … , 𝑚௜

(௟)೓ represent the outputs of different 
attention heads. 
 
3.1.3. GraphSAGE Variants 

Building upon the foundation of advanced 
message passing and the incorporation of attention 

mechanisms, the third step explores GraphSAGE 
variants within Graph Neural Networks (GNNs). 
GraphSAGE, a well-established GNN architecture, 
forms the basis for this step, and its variants are 
introduced to enhance the model’s ability to capture 
and generalize information from graph-structured 
data. 
 

The initial formulation of GraphSAGE 
involves sampling a fixed-size neighborhood 
around each node and aggregating information from 
these neighbours to update the node’s 
representation. Mathematically, for a node 𝑣௜  and 
its sampled neighbours 𝑁௜at layer 𝑙, the aggregation 
is given by Eq.(8). 

 

𝑚௜
(௟)

= 𝐴𝐺𝐺 ቀቄ𝑊. ℎ௝
(௟ିଵ)|𝑗 ∈ 𝑁௜ቅቁ (8) 

where AGG is an aggregation function, 𝑊 is a 

learnable weight matrix, and ℎ௝
(௟ିଵ) represents the 

hidden state of the node 𝑣௝at the previous layer. 
Variants are introduced to explore 

different sampling strategies and aggregation 
functions to extend the capabilities of GraphSAGE. 
One such variant involves inductive learning, where 
the model is trained to generalize to previously 
unseen nodes during inference. The aggregation 
step for inductive GraphSAGE can be represented 
as Eq.(9). 

 

𝑚௜
(௟)

= 𝐴𝐺𝐺 ቀቄ𝑊. ℎ௝
(௟ିଵ)|𝑗 ∈ 𝑁௜ ∪ [𝑣௜]ቅቁ (9) 

 
The addition of the target node 𝑣௜ the 

aggregation allows the model to incorporate 
information about the node itself, making it more 
adept at handling new or unseen nodes. The 
different sampling strategies are explored to 
diversify the neighbours used in aggregation. 
Instead of a fixed-size neighbourhood, nodes can be 
sampled uniformly or based on importance. The 
aggregation for a node 𝑣௜ with uniformly sampled 
neighbours is given by Eq.(10). 

 

𝑚௜
(௟)

= 𝐴𝐺𝐺 ቀቄ𝑊. ℎ௝
(௟ିଵ)|𝑗

∈ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚𝑆𝑎𝑚𝑝𝑙𝑒 (𝑁௜)ቅቁ 

(10) 

where, UniformSample denotes the uniform 
sampling function. 
 

The model can employ different 
aggregation functions to capture diverse 
neighbourhood structures. One such function is the 
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mean aggregation, which computes the mean of the 
sampled neighbours representations. Eq.(11) 
provides a different perspective on information 
propagation within the graph. 

 

𝑚௜
(௟)

=
1

|𝑁௜|
෍ 𝑊. ℎ௝

(௟ିଵ)

௝∈ே೔

 (11) 

3.1.4. Graph Pooling Techniques 
The foundational concept of graph pooling 

involves aggregating information from group nodes 
to create a coarser graph representation. 
Mathematically, the aggregation process for a 

pooled node 𝑣௜
(௟ାଵ)at layer, 𝑙 + 1 is expressed as 

Eq.(12). 

𝑣௜
(௟ାଵ)

= 𝑃𝑂𝑂𝐿 ቀቄℎ௝
(௟)|𝑗 ∈ 𝑁௜ቅቁ (12) 

where, 𝑃𝑂𝑂𝐿 is the pooling function, and  

ℎ௝
(௟)represents the hidden state of the node 𝑣௝ at 

layer 𝑙. The pooling function determines how 
information from the neighbours is aggregated to 
form the representation of the pooled node. 
 

One prevalent graph pooling technique is 
the GraphSAGE-style pooling, expressed as 
Eq.(13), where a node’s representation is obtained 
by concatenating its hidden state with its neighbors’ 
mean or max-pooled representations. 

𝑣௜
(௟ାଵ)

= 𝐶𝑜𝑛𝑐𝑎𝑡 ൬ℎ௜
(௟)

, 𝑃𝑂𝑂𝐿 ቀቄℎ௝
(௟)|𝑗

∈ 𝑁௜ቅቁ൰ 
(13) 

 
This technique allows the model to retain 

information about individual nodes while 
incorporating aggregated knowledge from the 
neighbourhood. 
 

Differentiable pooling methods are 
introduced to explore hierarchical structures further. 
One such method involves assigning scores to 
nodes and selecting a subset of nodes based on 
these scores. The selection process is differentiable, 
allowing gradients to be backpropagated through 

the pooling layer. The selection scores 𝑠௝
(௟)are 

computed as Eq.(14). 

𝑠௜
(௟)

= 𝜎 ቀ𝑢் . 𝑡𝑎𝑛ℎ൫𝑊. ℎ௝
(௟)

൯ቁ (14) 

where𝑢 and 𝑊 are learnable parameters, and 𝜎 is 
the sigmoid activation function. 
 

The pooled representation is then 
computed as a weighted sum of the selected nodes’ 
by applying Eq.(15). This differentiable pooling 

approach allows the model to focus on informative 
nodes while downscaling the graph. 

𝑣௜
(௟ାଵ)

=  ෍ 𝑠௝
(௟)

ℎ௝
(௟)

௝∈ே೔

 (15) 

 
Adaptive pooling strategies are explored, 

where the model learns the pooling operation 
during training. The pooling weights are 
parameterized and optimized as part of the learning 
process using Eq.(16). 

𝑣௜
(௟ାଵ)

=  ෍ 𝛼௝
(௟)

ℎ௝
(௟)

௝∈ே೔

 (16) 

where, 𝛼௝
(௟)represents the learnable pooling weight 

associated with the node 𝑣௝at layer 𝑙. 
 
3.1.5. Graph Convolutional Networks (GCNs) 

The essence of a graph convolutional layer 
in a GCN lies in the propagation of information 
from neighbouring nodes to update the 
representation of a target node. Mathematically, the 
update rule for a node 𝑣௜at layer, 𝑙 is expressed as 
Eq.(17). 

ℎ௜
(௟ାଵ)

= 𝜎 ቌ𝑊. ቆ෍
1

ඥ|𝑁௜|. |𝑁௜|
. ℎ௝

(௟)

௝∈ே೔

ቇቍ (17) 

where𝑊 is a learnable weight matrix, 𝜎 represents 

the activation function, and ℎ௝
(௟)  denotes the hidden 

state of the neighbouring node 𝑣௝at layer 𝑙. The 

normalization factor 
ଵ

ඥ|ே೔|.|ே೔|
ensures stable training 

by addressing the diminishing gradient problem. 
 

Various variations are introduced to 
enhance the expressive power of GCNs. One such 
variant involves ChebNet[73], where graph 
convolution is formulated as a polynomial function 
of the graph Laplacian. The Chebyshev polynomial 
of order 𝐾 is applied to approximate spectral filters 
using Eq.(18). 

ℎ௜
(௟ାଵ)

= 𝜎 ൭𝑊. ቆ෍ 𝜃௞. 𝑇௞൫𝐿෠൯.
௞ିଵ

௞ୀ଴
ℎ௜

(௟)
ቇ൱ (18) 

where, 𝑇௞൫𝐿෠൯represents the 𝑘-th Chebyshev 
polynomial of the normalized Laplacian 𝐿෠, and 
𝜃௞denotes the filter coefficients to be learned. 

Another variant introduces ARMA-GCN, 
incorporating autoregressive moving average filters 
to capture long-range dependencies in the graph, 
which is expressed as Eq.(19). 
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ℎ௜
(௟ାଵ)

= 𝜎൫𝑊. 𝐴𝑅𝑀𝐴൫𝐿෠൯. ℎ௜
(௟)

൯ (19) 

 
The ARMA filter ARMA൫𝐿෠൯is 

parameterized and optimized during training, 
allowing the model to learn the filter characteristics 
adaptively. Depth-wise separable convolutions are 
explored to reduce model complexity while 
maintaining expressive power. The convolution 
operation is decomposed into depth-wise and point-
wise convolutions, where it uses Eq.(20) 

 
ℎ௜

(௟ାଵ)

= 𝜎 ൬𝐷𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣൫𝐿෠൯. 𝑃𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣 ቀ𝑊, ℎ௜
( (20) 

where, 𝐷𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣൫𝐿෠൯represents the depth-
wise convolution operation, and 

𝑃𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣൫𝑊, ℎ௝
(௟)

൯is the point-wise 

convolution. 
 
3.1.6. Graph Isomorphism Networks (GIN) 

The fundamental objective of GINs lies in 
fostering the invariance to the order of node 
neighbours, a key aspect in graph-based learning 
tasks. The GIN aggregation operation is expressed 
mathematically as Eq.(21). 

ℎ௜
(௟ାଵ)

= 𝑀𝐿𝑃 ൭൫1 + 𝜖(௟)൯. ℎ௜
(௟)

+ ෍ ℎ௝
(௟)

௝∈ே೔

൱ 

(21) 

where MLP denotes a multi-layer perceptron, 𝜖(௟)is 

a learnable parameter, and ℎ௜
(௟)and ℎ௝

(௟)  are the 

hidden states of nodes 𝑣௜ and 𝑣௝at layer 𝑙, 
respectively. The use of 𝜖(௟)introduces a self-loop 
term, ensuring that each node contributes to its 
aggregation. 
 

To augment GINs and facilitate greater 
model expressiveness, various enhancements are 
explored. One such enhancement involves 
introducing a non-linearity within the aggregation 
process. The revised aggregation operation 
incorporates a non-linear function, typically a 
simple activation like a ReLU function expressed as 
Eq.(22) 

ℎ௜
(௟ାଵ)

= 𝑅𝑒𝐿𝑈 ቌ𝑀𝐿𝑃 ൭൫1 + 𝜖(௟)൯. ℎ௜
(௟)

+ ෍ ℎ௝
(௟)

௝∈ே೔

൱ቍ 

(22) 

 
This non-linear transformation enables 

GINs to capture more intricate relationships within 
the graph. An additional aggregation step is 
introduced using Eq.(23) to refine the expressive 
power further, incorporating an aggregation 
function that captures the set union of node 
features. 

ℎ௜
(௟ାଵ)

= 𝑀𝐿𝑃 ൭𝐶𝑜𝑛𝑐𝑎𝑡 ቆℎ௜
(௟)

, ෍ ℎ௝
(௟)

௝∈ே೔

ቇ൱ (23) 

 
This formulation explicitly accounts for 

the presence of each node’s features in the 
aggregation process, contributing to improved 
model fidelity. An alternative variant employs 
Eq.(24) to perform node-wise summation rather 
than concatenation. This variant simplifies the 
aggregation process while maintaining the essence 
of incorporating both local and neighbour 
information. 

ℎ௜
(௟ାଵ)

= 𝑀𝐿𝑃 ቆℎ௜
(௟)

+ ෍ ℎ௝
(௟)

௝∈ே೔

ቇ (24) 

 
3.1.7. Graph Embedding 

The crux of graph embedding lies in 
transforming the discrete and complex graph 
structures into continuous vector representations. A 
fundamental approach involves leveraging random 
walk-based methods, such as node2vec or 
DeepWalk, to generate embeddings that capture the 
local neighbourhood information. Eq.(25) defines 
the probability of transitioning from node 𝑣௜to node 
𝑣௝within a random walk as: 

𝑃൫𝑣௝|𝑣௜൯ =
𝑒𝑥𝑝൫𝜃. 𝑆𝑖𝑚(ℎ௜ , ℎ௝)൯

∑ 𝑒𝑥𝑝(𝜃. 𝑆𝑖𝑚(ℎ௜ , ℎ௞))௞∈ே೔

 (25) 

where, ℎ௜ and ℎ௝denote the embeddings of nodes 𝑣௜ 
and 𝑣௝, Sim represents a similarity function, and 𝜃 
is a tunable parameter controlling the balance 
between breadth-first and depth-first exploration 
during the random walk. 
 

Graph autoencoders provide another 
avenue for graph embedding, learning 
representations by reconstructing the input graph. 
The loss function for graph autoencoders is defined 
as the mean squared error between the input 
adjacency matrix 𝐴 and the reconstructed adjacency 
matrix 𝐴መ. Eq.(26) mathematically expresses the 
Graph Encoders. 

𝐿஺௨௧௢௘௡௖௢ௗ௘௥ =
1

|𝜈|ଶ
෍ ൫𝐴௜௝ − 𝐴መ௜௝൯

ଶ

௜,௝∈ఔ
 (26) 
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where, |𝜈|represents the number of nodes in the 
graph. 
 

GraphSAGE can be extended for graph 
embedding, providing a scalable approach to 
generating node embeddings. The node embedding 
caused by GraphSAGE is defined as Eq.(27). 

 

ℎఔ = 𝜎 ቆ
1

|𝑁(𝜈)|
෍ 𝑊.

௨∈ே(ఔ)
ℎ௨ቇ (27) 

whereℎఔ is the embedding for the node, 𝑊 is a 
learnable weight matrix, and 𝜎 denotes the 
activation function. 
 

Employing graph convolutional layers for 
graph embedding introduces more expressive 
power. The graph convolutional operation for 
embedding node 𝜈௜is given by Eq.(28). 

ℎ௜ = 𝜎 ቆ෍
1

ඥ|𝑁௜|. |𝑁௜|௝∈ே೔

ℎ௝ . 𝑊ቇ (28) 

where, ℎ௜ and ℎ௝represent the embeddings of nodes 
𝑣௜ and 𝑣௝ , |𝑁௜|is the number of neighbors of 𝑣௜, and 
𝑊 is a learnable weight matrix. 
 

Leveraging attention mechanisms in graph 
embedding allows the model to focus on more 
informative neighbours during aggregation, 
expressed as Eq.(29). 

ℎ௜ = 𝜎 ቆ෍ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥൫𝑎௜௝൯.
௝∈ே೔

ℎ௝ . 𝑊ቇ (29) 

 
The attention weight 𝑎௜௝is computed based 

on the compatibility between the embeddings of 
nodes 𝑣௜ and 𝑣௝ . 
3.1.8. Graph Augmentation and Preprocessing 

Graph augmentation involves introducing 
controlled perturbations or modifications to the 
graph structure, enhancing the diversity of training 
data and the model’s ability to handle variations. 
Eq.(30) (i.e., augmentation process) introduces a 
perturbation function 𝑃 to create a modified graph 
𝐺ᇱ(𝜈ᇱ, 𝜖ᇱ). 

𝐺ᇱ(𝜈ᇱ, 𝜖ᇱ) = 𝑃൫𝐺(𝜈, 𝜖)൯ (30) 

where, 𝜈ᇱ𝑎𝑛𝑑 𝜖ᇱrepresent the augmented set of 
nodes and edges, respectively. 
 

Eq.(31) involves adding noise to the edge 
weights of the graph. 

𝑊௜௝
ᇱ = 𝑊௜௝ + 𝜖 (31) 

where, 𝑊௜௝is the original edge weight between 
nodes 𝑣௜  𝑎𝑛𝑑 𝑣௝ ,and 𝜖 represents a noise term. 

 
The node dropout ratio is calculated using 

Eq.(32) and a fraction of nodes are randomly 
removed from the graph. 

𝜈ᇱ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝜈, 𝑝) (32) 

where𝑝 represents the dropout probability. 

 
Graph preprocessing involves preparing 

the raw graph data for effective learning by 
applying various transformations. Let 𝐴 be the 
adjacency matrix of the graph and 𝑋 be the feature 
matrix for nodes. Feature scaling ensures that node 
features are within a consistent range, preventing 
the dominance of certain features. A standard 
method is Min-Max scaling, expressed as Eq.(33). 

𝑋௦௖௔௟௘ௗ =
𝑋 − min (𝑋)

max(𝑋) − min (𝑋)
 (33) 

where, min(𝑋) and max(𝑋)are the minimum and 
maximum values of the features, respectively. 
 

Initializing node embeddings is crucial for 
effective learning, Eq.(34) involves using one-hot 
encoded vectors as initial node embeddings. 

𝐻଴ = 𝑂𝑛𝑒𝐻𝑜𝑡(𝜈) (34) 

where, 𝑂𝑛𝑒𝐻𝑜𝑡(𝜈) represents the one-hot encoding 
of the node set 𝜈. 
 

For models considering edge features, 
initializing edge embeddings can be vital. This can 
be achieved using Eq.(35), an encoded vector for 
edge types. 

𝐸଴ = 𝑂𝑛𝑒𝐻𝑜𝑡(𝜖) (35) 

where, 𝑂𝑛𝑒𝐻𝑜𝑡(𝜖)is the one-hot encoding of the 
edge set 𝜖. 
3.2. Consistent Fruitfly Optimization 

Consistent Fruitfly Optimization (CFO) is 
a metaheuristic optimization algorithm inspired by 
the foraging behavior of fruit flies. It mimics the 
collective intelligence of fruit fly swarms to 
efficiently search for optimal solutions in complex 
problem spaces. The Consistent Fruitfly 
Optimization algorithm employs principles such as 
attraction to food sources, dispersion to explore 
diverse areas, and communication among 
individuals to maintain consistency and 
convergence towards global optima. CFO has been 
applied in various fields, including engineering, 
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optimization problems, and machine learning, 
demonstrating effectiveness in finding near-optimal 
solutions even in high-dimensional and nonlinear 
optimization landscapes. Its adaptability and 
robustness make Consistent Fruitfly Optimization a 
valuable tool for tackling diverse optimization 
challenges. 

 
3.2.1. Initialization 

Initialize 𝑁 number of fruit flies in the 
population. Let 𝑥௜ represent the position of the 𝑖-th 
fruitfly in the multidimensional space. Each 
dimension of 𝑥௜  corresponds to a variable in the 
optimization problem. The initialization can be 
defined as follows: 

𝐹𝑜𝑟 𝑖
= 1 𝑡𝑜 𝑁, 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑥௜(0) 𝑎𝑠 𝑎 𝑟𝑎𝑛𝑑𝑜𝑚 𝑣𝑒𝑐𝑡𝑜𝑟

(3
6) 

 
Eq.(36) signifies the generation of the 

initial positions of the fruitflies, denoted as 𝑥௜(0), at 
time 𝑡 = 0. The subscript 𝑖 enumerates the 
individual fruitflies in the swarm. Additionally, let 
𝑋(0) represent the matrix containing the initial 
positions of all fruitflies which are expressed as 
Eq.(37). 

 

𝑋(0) = ൦

𝑋ଵ(0)

𝑋ଵ(0)
⋮

𝑋ே(0)

൪ (37) 

where 𝑋(0) encapsulates the entire population’s 
positions at the initial time step, forming the 
starting point for the optimization process. 
Introduce a function 𝑓(𝑥) to represent the objective 
function. The objective function is a mapping from 
the multidimensional solution space to fundamental 
values, reflecting the performance or fitness of a 
solution. 

𝑓(𝑥): 𝑅஽ → 𝑅 (38) 

where𝐷 denotes the dimensionality of the solution 
space, and the consistency parameters 𝛼, 𝛽, and 𝜖 
are involved in the subsequent stages of the 
algorithm. They are determined based on the 
characteristics of the optimization problem. 
 
3.2.2. Objective Function Evaluation 

At this stage, each fruitfly’s position in the 
multidimensional space undergoes scrutiny through 
the objective function 𝑓(𝑥). The objective function 
serves as the metric by which the algorithm gauges 
the quality of a solution, guiding the fruitflies in 

their quest for optimal configurations. The 
evaluation of the objective function for the 𝑖-th 
fruitfly at time 𝑡 is expressed as Eq.(39). 

𝑓௜(𝑡) = 𝑓(𝑥௜(𝑡)) (39) 

 
Eq.(39) captures the essence of the 

Objective Function Evaluation step. The function 
𝑓(𝑥) maps the position 𝑥௜(𝑡) of the fruitfly 𝑖 at time 
𝑡 to a real-valued fitness or performance measure 
𝑓௜(𝑡). The subscript 𝑖 denotes the individual fruitfly 
within the population. Extending this evaluation to 
all fruitflies in the population, this research obtains 
a vector of fitness values using Eq.(40). 

 

𝐹(𝑡) = ൦

𝑓ଵ(𝑡)

𝑓ଶ(𝑡)
⋮

𝑓ே(𝑡)

൪ (40) 

 
The matrix 𝐹(𝑡) captures the fitness 

landscape of the entire population at time 𝑡, 
reflecting the performance of each fruitfly. In the 
optimization context, the goal is to minimize the 
objective function. Thus, the algorithm seeks to 
find the configuration of fruitfliesthat results in the 
lowest fitness values. The best fitness value in the 
current iteration is denoted as 𝑓௕௘௦௧(𝑡) and it is 
calculated using Eq.(41). 

𝑓௕௘௦௧(𝑡) = 𝑚𝑖𝑛(𝐹(𝑡)) (41) 

 
Eq.(41) identifies the minimum fitness 

value in the population, representing the best 
solution found by the swarm at time 𝑡. The 
corresponding position of the fruitfly associated 
with this optimal fitness is denoted as 𝑥௕௘௦௧ and 
calculated using Eq.(42). 

𝑥௕௘௦௧(𝑡) = 𝑥௜(𝑡) 𝑤ℎ𝑒𝑟𝑒 𝑓௜(𝑡) = 𝑓௕௘௦௧(𝑡) (42) 

where the index 𝑖 corresponds to the fruitfly 
achieving the best fitness. 
 
3.2.3. Calculation of Consistency Parameters 

The third phase of the CFS algorithm 
involves the computation of the consistency 
parameters. These parameters, namely 𝛼, 𝛽,and 𝜖, 
play a pivotal role in shaping the movement and 
adaptability of fruitflies within the 
multidimensional solution space. Determining these 
parameters is critical for enhancing the algorithm’s 
stability and performance across various 
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optimization scenarios. The calculation of the 
consistency parameters begins with the 
initialization of these values. Let 𝛼଴,  𝛽଴, and𝜖଴ 
denote the initial values of 𝛼, 𝛽, and 𝜖, respectively. 
These values are determined based on the 
characteristics of the optimization problem and can 
be adjusted to achieve the desired balance between 
exploration and exploitation. Eq.(43) expresses the 
same. 

𝛼(𝑡) = 𝛼଴ 
𝛽(𝑡) = 𝛽଴ 
𝜖(𝑡) = 𝜖଴ 

(43) 

 
The stability and consistency of the 

algorithm are influenced by the gradual adaptation 
of these parameters over time. A common approach 
involves introducing decay mechanisms that reduce 
the influence of the initial values as the algorithm 
progresses through iterations. Exponential decay 
can be applied to 𝛼(𝑡) over time and Eq.(44) 
represents the same. 

𝛼(𝑡) = 𝛼଴. 𝑒ିఒభ.௧ (44) 

where, 𝜆ଵ is a decay rate parameter controlling the 
speed of decay, and 𝑡 represents the current 
iteration. 
 

Eq.(45) is applied to 𝛽(𝑡) and 𝜖(𝑡) to 
ensure a systematic reduction in their influence as 
the optimization process unfolds. 

𝛽(𝑡) = 𝛽଴. 𝑒ିఒమ.௧ 
𝜖(𝑡) = 𝜖଴. 𝑒ିఒయ.௧ 

(45) 

 
The parameters 𝜆ଶ and 𝜆ଷgovern the decay 

rates for 𝛽(𝑡) and 𝜖(𝑡) respectively. The 
adaptability of the algorithm is further refined by 
introducing constraints on the minimum values that 
𝛼(𝑡), 𝛽(𝑡), and 𝜖(𝑡) can attain. Eq.(46) prevents 
the parameters from diminishing too rapidly, 
maintaining a balance between exploration and 
exploitation throughout the optimization process 

𝛼(𝑡) = 𝑚𝑎𝑥൫𝛼௠௜௡ , 𝛼(𝑡)൯ 
𝛽(𝑡) = 𝑚𝑎𝑥൫𝛽௠௜௡ , 𝛽(𝑡)൯ 
𝜖(𝑡) = 𝑚𝑎𝑥൫𝜖௠௜௡ , 𝜖(𝑡)൯ 

(46) 

where, 𝛼௠௜௡ , 𝛽௠௜௡ and 𝜖௠௜௡represent the minimum 
allowable values for 𝛼(𝑡), 𝛽(𝑡), and 𝜖(𝑡) 
respectively. 
 

 
Algorithm 3: Calculate Consistency 

Parameters 
Input: 

 𝛼଴: Initial value for the consistency 
parameter 𝛼 

 𝛽଴: Initial value for the consistency 
parameter𝛽 

 𝜖଴: Initial value for the consistency 
parameter 𝜖 

 𝜆ଵ: Decay rate parameterfor 𝛼. 
 𝜆ଶ: Decay rate parameter for 𝛽. 
 𝜆ଷ: Decay rate parameter for 𝜖. 
 𝛼௠௜௡: Minimum allowable value for 𝛼. 
 𝛽௠௜௡: Minimum allowable value for 𝛽. 
 𝜖௠௜௡: Minimum allowable value for𝜖. 

Output: 
 𝛼(𝑡): Updated value for 𝛼 at iteration 

𝑡. 
 𝛽(𝑡): Updated value for 𝛽 at iteration 

𝑡. 
 𝜖(𝑡): Updated value for 𝜖 at iteration 𝑡. 

Procedure: 
1. Set 𝛼(𝑡), 𝛽(𝑡), and 𝜖(𝑡) to their initial 

values: 𝛼(𝑡) = 𝛼଴, 𝛽(𝑡) = 𝛽଴, 𝜖(𝑡) =
𝜖଴. 

2. Apply exponential decay to 

𝛼(𝑡): 𝛼(𝑡) = 𝛼଴. 𝑒ିఒభ.௧ . 
3. Apply exponential decay to 

𝛽(𝑡): 𝛽(𝑡) = 𝛽଴. 𝑒ିఒమ.௧ . 
4. Apply exponential decay to 

𝜖(𝑡): 𝜖(𝑡) = 𝜖଴. 𝑒ିఒయ.௧ . 
5. Impose constraints on the minimum 

values: 
 If 𝛼(𝑡) < 𝛼௠௜௡ , 𝑠𝑒𝑡𝛼(𝑡) = 𝛼௠௜௡ .  
 If 𝛽(𝑡) < 𝛽௠௜௡ , 𝑠𝑒𝑡𝛼(𝑡) = 𝛽௠௜௡ .  
 If 𝜖(𝑡) < 𝜖௠௜௡ , 𝑠𝑒𝑡𝛼(𝑡) = 𝜖௠௜௡ .  

6. Return the updated values for 
𝛼(𝑡), 𝛽(𝑡),and 𝜖(𝑡). 

3.2.4. Fruitfly Movement 
Fruitfly movement is infused with 

consistency enhancements, ensuring a balance 
between exploration and exploitation. Let 𝑥௜(𝑡) 
represent the position of the 𝑖-th fruitfly at iteration 
𝑡 in the 𝐷-dimensional solution space. Eq.(47) is 
designed to facilitate the transition from the current 
position to a new one, incorporating three distinct 
components: attraction towards the best solution 
(𝛼), cohesion with neighbouring fruitflies (𝛽), and 
a random perturbation (𝜖) for diversity. 

𝑥௜(𝑡 + 1) = 𝑥௜(𝑡) + 𝛼(𝑡). ൫𝑏 − 𝑥௜(𝑡)൯ + 

𝛽(𝑡). ෍ ൫𝑥௝(𝑡) − 𝑥௜(𝑡)൯ + 𝜖(𝑡). ∆𝑥௜(𝑡)
ே

௝ୀଵ
 

(47) 
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where, 𝛼(𝑡) controls the attraction towards the 
global best solution 𝑏, 𝛽(𝑡) governs the cohesion 
with neighbouring fruitflies, and 𝜖(𝑡) introduces a 
random perturbation for exploration. The 
summation term represents the influence of 
neighbouringfruitflies, promoting a collective 
movement. 
 

The term ∆𝑥௜(𝑡) represents a random 
perturbation in the multidimensional space, 
injecting stochasticity into the movement. This 
perturbation ensures that the algorithm explores 
diverse regions of the solution space, preventing 
convergence to local optima. Eq.(48) is crucial for 
maintaining adaptability and preventing stagnation 
in the optimization process. 

∆𝑥௜(𝑡) = 𝛿௜(𝑡). (𝑢௜(𝑡) − 𝐼௜(𝑡)) (48) 

The random perturbation∆𝑥௜(𝑡)  is 
calculated based on the difference between the 
upper ൫𝑢௜(𝑡)൯ and lower (𝐼௜(𝑡))bounds for each 
dimension, scaled by a random vector 𝛿௜(𝑡). The 
upper and lower bounds (𝑢௜(𝑡)and 𝐼௜(𝑡)) ensure 
that the movement stays within the feasible region 
of the solution space. 

𝑢௜(𝑡) = 𝑥௜(𝑡) + 𝛾. (𝑏 − 𝑥௜(𝑡)) 
𝐼௜(𝑡) = 𝑥௜(𝑡) + 𝛾. (𝑏 − 𝑥௜(𝑡)) 

(49) 

where𝛾 is a parameter that controls the scaling of 
the movement towards the global best solution. 
 

Algorithm 4: Fruitfly Movement 

Input: 
 Current position of the fruitfly𝑥௜(𝑡) in the 

solution space. 
 Attraction parameter 𝛼(𝑡) 
 Cohesion parameter 𝛽(𝑡). 
 Random perturbation parameter 𝜖(𝑡). 
 Upper and lower bounds for each 

dimension 𝑢௜(𝑡) and 𝐼௜(𝑡). 
 Scaling parameter for upper and lower 

bounds 𝛾. 
 
Output: 

 Updated position of the fruitfly𝑥௜(𝑡 + 1) 
after the movement. 

 
Procedure: 
1. Calculate the attraction term towards the 

global best solution: 
2. Calculate the cohesion term with 

neighbouringfruitflies 
3. Calculate the random perturbation term 

4. Update the position of the fruitfly 
5. Ensure the updated position stays within the 

feasible region 
6. 6. Return the updated position 𝑥௜(𝑡 + 1). 

 
3.2.5. Local Search Mechanism. 

The local search mechanism involves the 
modification of the fruitfly’s position based on 
local information and the characteristics of the 
optimization landscape. Let 𝑥௜(𝑡) denote the 
current position of the 𝑖-th fruitfly at iteration 𝑡. 
The local search is guided Eq.(50) and it is a 
perturbation term that explores the local vicinity of 
the current position. 

 

𝑥௜
௟௢௖௔௟(𝑡 + 1) = 𝑥௜(𝑡) + 𝜆. ∆௟௢௖௔௟  (50) 

where, 𝑥௜
௟௢௖௔௟(𝑡 + 1) represents the updated 

position after the local search, 𝜆 is a parameter 
controlling the step size of the search, and  ∆௟௢௖௔௟  
is a random perturbation vector. 
 

The random perturbation vector ∆௟௢௖௔௟  
introduces variability in the local search, 
preventing the algorithm from getting stuck in 
local minima. Its components are randomly 
generated within certain bounds and Eq.(51) 
expresses the same. 

 
∆௟௢௖௔௟

= ൣ𝛿௟௢௖௔௟,ଵ, 𝛿௟௢௖௔௟,ଶ, … , 𝛿௟௢௖௔௟,஽൧ 
(51) 

 
Each 𝛿௟௢௖௔௟,௜ is drawn from a uniform 

distribution within the local search bounds 
[−𝑎௟௢௖௔௟ , 𝑎௟௢௖௔௟], where 𝑎௟௢௖௔௟   is a user-defined 
parameter determining the extent of the local 
search. The updated position 𝑥௜

௟௢௖௔௟(𝑡 + 1)is then 
subjected to an Eq.(52) which is an evaluation to 
determine its fitness. 

𝑓௟௢௖௔௟(𝑥௜
௟௢௖௔௟(𝑡 + 1)) (52) 

 
The fitness of the locally searched position is 
compared to the fitness of the original 
position(𝑓௜(𝑡)), and the fruitfly retains the position 
using Eq.(53) and it yields better fitness. This 
comparison ensures that the fruitfly moves to a 
position that improves or maintains its fitness, 
reinforcing the exploitation of promising regions in 
the local neighbourhood. 
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𝑥௜(𝑡 + 1)

= arg 𝑚𝑖𝑛൛𝑓௜(𝑡), 𝑓௟௢௖௔௟(𝑥௜
௟௢௖௔௟(𝑡

+ 1))ൟ 
(53) 

 
Algorithm 5: Local Search Mechanism 

Algorithm 
Input: 

 Current position of the fruitfly𝑥௜(𝑡) in the 
solution space. 

 Local search parameter 𝜆 controlling the 
step size. 

 Local search bounds parameter 𝑎௟௢௖௔௟   
determining the extent of the local search. 

 
Output: 

 Updated position of the fruitfly𝑥௜(𝑡 +
1)after the local search. 

 
Procedure: 

1. Generate a random perturbation vector 
∆௟௢௖௔௟   with components drawn from a 
uniform distribution within the bounds 
[−𝑎௟௢௖௔௟ , 𝑎௟௢௖௔௟]. 

2. Perform local perturbation on the current 
position: 

3. Evaluate the fitness of the locally 
searched position: 

4. Compare the fitness of the locally 
searched position with the fitness of the 
original position: 

 If𝑓௟௢௖௔௟ ቀ𝑥௜
௟௢௖௔௟(𝑡 + 1)ቁ < 𝑓௜(𝑡): 

 Update the position: 𝑥௜(𝑡 + 1) =
𝑥௜

௟௢௖௔௟(𝑡 + 1). 
 Otherwise, retain the original 

position: 𝑥௜(𝑡 + 1) = 𝑥௜(𝑡). 
5. Return the updated position 𝑥௜(𝑡 + 1) 

after the local search. 
 
3.2.6. Global Search Mechanism 

The global search mechanism 
encompasses integrating information from the 
entire swarm to influence the movement of each 
fruitfly. Let 𝑥௜(𝑡) denote the position of the 𝑖-th 
fruitfly at iteration 𝑡. The global search is 
characterized by a term that directs fruitflies 
towards the global best solution, denoted as 𝐺. The 
movement equation for the global search is 
formulated as Eq.(54). 

 
𝑥௜

௚௟௢௕௔௟(𝑡 + 1) = 𝑥௜(𝑡 + 1)

+ 𝛾. (𝐺 − 𝑥௜(𝑡
+ 1)) 

(54) 

where𝑥௜
௚௟௢௕௔௟(𝑡 + 1) represents the updated 

position after the global search, 𝛾 is a parameter 
controlling the influence of the global search, and 
𝐺 is the position corresponding to the global best 
solution found by the entire swarm. 
 

The movement towards 𝐺 ensures that 
fruitflies are guided by the collective knowledge of 
the swarm, promoting exploration in regions that 
exhibit superior performance. The position 𝐺 is 
determined based on the fitness values of all 
fruitflies in the population. The global best fitness 
(𝑓௕௘௦௧(𝑡)) and the corresponding 
position𝑥௕௘௦௧(𝑡)are identified using Eq.(55). 

 

𝑓௕௘௦௧(𝑡) = min (𝐹(𝑡)) 
𝑥௕௘௦௧(𝑡) = 𝑥௜(𝑡)𝑤ℎ𝑒𝑟𝑒 𝑓௜(𝑡)

= 𝑓௕௘௦௧(𝑡) 
(55) 

 
These values are then utilized in Eq.(56) 

global search equation, driving fruitflies towards 
the position associated with the global best fitness. 

 

𝐹 = 𝑥௕௘௦௧(𝑡) (56) 

The parameter 𝛾 regulates the extent to 
which fruitflies are influenced by the global best 
solution. Its value determines the balance between 
exploration and exploitation, with higher values 
promoting more extensive exploration. 
 

Algorithm 6: Global Search Mechanism 
Algorithm 

Input: 
 Current position of the fruitfly𝑥௜(𝑡 +

1)after the local search. 
 Global search parameter 𝛾. 
 Fitness values of all fruitflies in the 

population 𝐹(𝑡). 
 Positions of all fruitflies in the population 

𝑋(𝑡). 
Output: 

 Updated position of the 
fruitfly𝑥௜

௚௟௢௕௔௟
(𝑡 + 1) after the global 

search. 
Procedure: 

1. Identify the global best fitness 𝑓௕௘௦௧(𝑡)as 
the minimum fitness value in the 
population.  

2. Determine the position 𝑥௕௘௦௧(𝑡)associated 
with the global best fitness. 

3. Update the position of the fruitfly after 
the global search using the global best 
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solution. 
4. Return the updated position 𝑥௜

௚௟௢௕௔௟(𝑡 +

1)after the global search. 
 
3.2.7. Objective Function Re-evaluation 

The objective function re-evaluation 
involves applying the fitness function  𝑓(𝑥) to the 
new positions of the fruitflies. Let 𝑥௜

௚௟௢௔௕௟
(𝑡 + 1) 

denotes the position of the  𝑖-th fruitfly after the 
global search mechanism. The fitness of the 
fruitfly at iteration 𝑡 + 1 is given by Eq.(57). 

𝑓௜
௚௟௢௕௔௟(𝑡 + 1) = 𝑓 ቀ𝑥௜

௚௟௢௕௔௟(𝑡 + 1)ቁ (57) 

 
The fitness after the local search is 

calculated using Eq.(58). 

𝑓௜
௟௢௖௔௟(𝑡 + 1) = 𝑓൫𝑥௜(𝑡 + 1)൯ (58) 

In this equation, 𝑓௜
௟௢௖௔௟(𝑡 + 1)represents 

the fitness of the 𝑖-th fruitfly after the local search. 
The objective function re-evaluation combines the 
global and local search information, providing an 
updated fitness landscape for the swarm. 
 

The overall fitness vector after the 
objective function re-evaluation is denoted as 
𝐹௚௟௢௕௔௟(𝑡 + 1), incorporating the global search 
results. Eq.(59) provides the overall fitness 
calculation. 

𝐹௚௟௢௕௔௟(𝑡 + 1) =

⎣
⎢
⎢
⎢
⎡𝑓ଵ

௚௟௢௕௔௟(𝑡 + 1)

𝑓ଶ
௚௟௢௕௔௟(𝑡 + 1)

⋮

𝑓ே
௚௟௢௕௔௟

(𝑡 + 1)⎦
⎥
⎥
⎥
⎤

 (59) 

 
This vector encapsulates the fitness values 

of all fruitflies after the global search mechanism. 
Similarly, the fitness vector 𝐹௟௢௖௔௟(𝑡 + 1)accounts 
for the fitness values after the local search is 
calculated using Eq.(60). 

𝐹௟௢௖௔௟(𝑡 + 1) =

⎣
⎢
⎢
⎡
𝑓ଵ

௟௢௖௔௟(𝑡 + 1)

𝑓ଶ
௟௢௖௔௟(𝑡 + 1)

⋮
𝑓ே

௟௢௖௔௟(𝑡 + 1)⎦
⎥
⎥
⎤

 (60) 

 
The objective function re-evaluation 

ensures that the fitness values accurately reflect the 
performance of each fruitfly in the updated 
solution space. The synergy between the global 
and local search mechanisms is encapsulated in 

these fitness vectors, providing a comprehensive 
representation of the swarm’s effectiveness in 
exploring and exploiting the solution landscape. 

 
3.2.8. Update Swarm Information 

The update of swarm information entails 
synthesizing the fitness vectors obtained after the 
global and local search mechanisms. The global 
fitness vector 𝐹௚௟௢௕௔௟(𝑡 + 1)and local fitness 
vector 𝐹௟௢௖௔௟(𝑡 + 1)are combined to create the 
comprehensive fitness vector 𝐹(𝑡 + 1) for the next 
iteration. Eq.(61) is applied to update the swarm 
information. 

𝐹(𝑡 + 1) = 𝑚𝑖𝑛൫𝐹௚௟௢௕௔௟(𝑡

+ 1), 𝐹௟௢௖௔௟(𝑡 + 1)൯ 
(61) 

 
This amalgamation ensures that the 

swarm possesses information about each fruitfly’s 
global and local fitness values. The use of the 
minimum operation reflects the aspiration to retain 
the most promising fitness information, 
emphasizing the pursuit of superior solutions. 
Following the fitness information update, the 
fruitflies’ positions in the swarm are adjusted 
based on the global and local search results. The 
updated position 𝑥௜(𝑡 + 1) is determined by 
Eq.(62) and it compares the fitness values after 
global and local search. 
𝑥௜(𝑡 + 1)

= ቊ
𝑥௜

௚௟௢௕௔௟(𝑡 + 1)   𝑖𝑓 𝑓௜
௚௟௢௕௔௟

(𝑡 + 1) < 𝑓௜
௟௢௖௔௟

𝑥௜
௟௢௖௔௟(𝑡 + 1)     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                             

(6
2) 

 
This decision-making process ensures that 

each fruitfly adopts the position associated with the 
superior fitness value, aligning with the principle 
of seeking the most promising solutions. The 
global best fitness 𝑓௕௘௦௧(𝑡 + 1)and the 
corresponding position 𝑥௕௘௦௧(𝑡 + 1) are updated 
using Eq.(63) and it is based on the information 
acquired from both global and local searches. 

𝑓௕௘௦௧(𝑡 + 1) = 𝑚𝑖𝑛 ቀ𝑓௕௘௦௧
௚௟௢௕௔௟(𝑡

+ 1), 𝑓௕௘௦௧
௟௢௖௔௟(𝑡 + 1)ቁ 

𝑥௕௘௦௧(𝑡 + 1)

= ቊ
𝑥௕௘௦௧

௚௟௢௕௔௟(𝑡 + 1)  𝑖𝑓 𝑓௕௘௦௧
௚௟௢௕௔௟(𝑡 + 1) < 𝑓௕௘௦௧

௚௟௢௕௔௟

𝑥௕௘௦௧
௟௢௖௔௟(𝑡 + 1)    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                              

(6
3) 

 
This updating mechanism ensures that the 

swarm retains the position associated with the 
globally optimal fitness value. Integrating global 
and local search results in updating the global best 
solution enhances the swarm’s ability to converge 
towards high-quality solutions. 
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Algorithm 7: Update Swarm Information 

Input: 
 Global fitness vector 𝐹௚௟௢௕௔௟(𝑡 + 1). 
 Local fitness vector 𝐹௟௢௖௔௟(𝑡 + 1). 
 Global best fitness 𝑓௕௘௦௧

௚௟௢௕௔௟(𝑡 + 1). 
 Local best fitness 𝑓௕௘௦௧

௟௢௖௔௟(𝑡 + 1). 
 Global best position 𝑥௕௘௦௧

௚௟௢௕௔௟(𝑡 + 1). 
 Local best position 𝑥௕௘௦௧

௟௢௖௔௟(𝑡 + 1). 
 
Output: 

 Updated position of each fruitfly𝑥௜(𝑡 +
1)in the swarm. 

 Updated global best fitness 𝑓௕௘௦௧(𝑡 + 1). 
 Updated global best position 𝑥௕௘௦௧(𝑡 + 1). 

 
Procedure: 

1. Combine the global and local fitness 
vectors to create the comprehensive 
fitness vector: 

2. For each fruitfly𝑖 in the swarm: 
a. Compare the fitness values after 

global and local searches: 
 If 𝑓௜

௚௟௢௕௔௟(𝑡 + 1) <

𝑓௜
௟௢௖௔௟(𝑡 + 1), update the 

position: 
 Otherwise, update the 

position. 
3. Update the global best fitness and 

position based on the global and local 
search outcomes: 

4. Return  
 updated positions of all 

fruitflies in the swarm 
 updated global best fitness 

𝑓௕௘௦௧(𝑡 + 1) 
 updated global best position 

𝑥௕௘௦௧(𝑡 + 1) 
 
3.2.9 Consistency-Driven Termination Criteria 

The termination criteria are driven by the 
consistency of the algorithm’s performance over 
successive iterations. Let 𝜀 represent a small 
positive constant, and 𝐹(𝑡) denote the fitness 
vector at iteration 𝑡. The consistency criterion is 
formulated as: 

ቤ
∑ 𝑓௜(𝑡)ே

௜ୀଵ

𝑁
−

∑ 𝑓௜(𝑡 − 1)ே
௜ୀଵ

𝑁
ቤ < 𝜖 (64) 

 
This equation computes the absolute 

difference between the average fitness at the 

current iteration 𝑡 and the previous iteration 𝑡 − 1. 
The termination criteria are satisfied when this 
difference falls below a predefined threshold 𝜀. 
This approach ensures that the algorithm 
converges when the fitness values exhibit minimal 
variation, signifying consistency in the 
optimization process. 
 

The termination criteria can be based on 
the relative improvement in the global best fitness 
(𝑓௕௘௦௧(𝑡))over consecutive iterations. Let 𝛿 be 
another small positive constant. The termination 
condition is expressed as: 

𝑓௕௘௦௧(𝑡 − 1) − 𝑓௕௘௦௧(𝑡)

𝑓௕௘௦௧(𝑡 − 1)
< 𝛿 (65) 

This condition evaluates the relative 
improvement in the global best fitness. When the 
improvement falls below 𝛿, the algorithm 
terminates. This criterion ensures that the 
algorithm halts when the improvement in the best 
fitness becomes negligible, indicating that further 
iterations may not significantly enhance the 
solution quality. In addition to these convergence 
criteria, a maximum number of iterations (𝑇௠௔௫) 
can be defined as a termination condition: 

𝑡 ≥ 𝑇௠௔௫ (66) 

 
This criterion limits the algorithm’s 

number of iterations, preventing excessive 
computational costs and ensuring a balance 
between exploration and exploitation. 

 
Algorithm 8: Consistency-Driven Termination 

Criteria Algorithm 
Input: 

 Fitness vector at the current iteration 
𝐹(𝑡). 

 Fitness vector at the previous iteration 
𝐹(𝑡 − 1). 

 Global best fitness at the current iteration 
𝑓௕௘௦௧(𝑡). 

 Global best fitness at the previous 
iteration 𝑓௕௘௦௧(𝑡 − 1) 

 Small positive constants 𝜀and 𝛿. 
 Maximum number of iterations 𝑇௠௔௫ . 

 
Output: 

 The termination flag indicates whether the 
algorithm should terminate. 

 
Procedure: 
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1. Compute the average fitness at the current 
iteration and the average fitness at the 
previous iteration. 

2. Calculate the absolute difference between 
𝑓(̅𝑡) and 𝑓̅(𝑡 − 1): ∆𝑓̅ = ห𝑓(̅𝑡) − 𝑓̅(𝑡 −

1)ห. 
3. Check if ∆𝑓̅ < 𝜀.If true, set the 

termination flag to indicate that the 
algorithm should terminate. 

4. Compute the relative improvement in the 
global best fitness. 

5. Check if 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 < 𝛿.If true, set 
the termination flag to indicate that the 
algorithm should terminate. 

6. Check if the current iteration 𝑡 is greater 
than or equal to the maximum number of 
iterations 𝑇௠௔௫ . If true, set the termination 
flag to indicate that the algorithm should 
terminate. 

7. Return the termination flag. 
 
4. ABOUT DATASET 

The compilation called the Lenskart AR 
Experience Sentiment Dataset is a rich reservoir of 
feedback garnered from Lenskart patrons. It 
comprises 788 entries obtained through surveys or 
online forms aimed at understanding customer 
sentiments and interactions, particularly regarding 
augmented reality (AR) experiences with Lenskart 
eyewear products. This dataset encapsulates a wide 
array of information, spanning demographic 
particulars, ratings, and qualitative expressions of 
sentiment. It sheds light on customer satisfaction 
across various aspects like product quality, pricing, 
customer service, and usage of the online platform. 
Furthermore, it scrutinizes AR experiences, 
gauging their level of engagement, influence on 
purchasing decisions, customization options, 
recommendations, and suggestions for 
enhancement. With 21 distinct categories, this 
dataset provides a comprehensive perspective on 
customer feedback and preferences, serving as a 
valuable tool for businesses seeking to tailor their 
offerings and enhance customer engagement. 
Researchers can utilize this dataset for sentiment 
analysis, gaining insights into customer 
experiences, and devising potential marketing 
strategies. The authors are willing to share the 
dataset with interested researchers upon request, 
emphasizing the importance of ethical 
considerations such as data privacy and informed 
consent in its usage. 

 
 

 

4.1 Data Collection Process 
The dataset was collected through a 

structured feedback acquisition process targeting 
users who interacted with Lenskart’s augmented 
reality (AR)-based eyewear platform. Responses 
were gathered through online surveys and digital 
feedback forms distributed to customers after their 
shopping experience. The data collection focused 
on capturing demographic attributes, customer 
ratings, product satisfaction, sentiment 
expressions, and AR interaction experiences. To 
ensure reliability, incomplete or duplicate entries 
were removed during preprocessing. The final 
dataset consisted of 788 valid records, representing 
diverse user experiences and sentiment 
perspectives. Ethical considerations, including 
informed consent and privacy protection, were 
maintained throughout the data collection process 
to ensure responsible use of participant 
information. 
 
5. PERFORMANCE METRICS 

In evaluating the performance of models, 
several key metrics are essential: True Positive 
(𝑇𝑟𝑃), True Negative (𝑇𝑟𝑁), False Positive (𝐹𝑙𝑃), 
and False N𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝐹𝑙𝑁). 
 
5.1. Precision 

Precision (𝑃𝑟𝑒𝑐) delves into the accuracy 
of positive predictions made by a model. As shown 
in Eq.(66), its calculation helps determine the 
precision percentage. 

𝑃𝑟𝑒𝑐 =
𝑇𝑟𝑃

𝑇𝑟𝑃 + 𝐹𝑙𝑃
× 100 (66) 

 
5.2. Recall 

Recall (𝑅𝑒𝑐𝑙) measures how effectively a 
model captures relevant instances of the positive 
class. Eq.(67) quantifies 𝑅𝑒𝑐𝑙. 

𝑅𝑒𝑐𝑙 =
𝑇𝑟𝑃

𝑇𝑟𝑃 + 𝐹𝑙𝑃
× 100 (67) 

5.3. Classification Accuracy 
Classification Accuracy (𝐶𝐴) is a crucial 

metric for assessing a classification model’s 
correctness. It quantifies the proportion of 
correctly classified instances among the total 
predictions using Eq.(68). 

 



Journal of Theoretical and Applied Information Technology 
15st June 2026. Vol.104. No.11 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
456 

 

𝐶𝐴

= ቆ
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠)

(𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠)
ቇ

× 100 

(68) 

 
5.4. F-Measure 

F-Measure (𝐹𝑀) combines Precision and 
Recall, offering a balanced assessment, especially 
beneficial for imbalanced datasets. Eq.(69) 
presents the formula for calculating 𝐹𝑀. 

 

𝐹𝑀 = ቆ2 × 
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)
ቇ

× 100 
(69) 

5.5. Matthews Correlation Coefficient 
Matthews Correlation Coefficient (𝑀𝐶𝐶) 

provides a balanced performance measure useful in 
imbalanced datasets. It is less affected by class 
imbalance compared to accuracy. Eq.(70) outlines 
the 𝑀𝐶𝐶 calculation formula. 

 
𝑀𝐶𝐶 

=
𝑇𝑟𝑃 × 𝑇𝑟𝑁 × 𝐹𝑙𝑃 × 𝐹𝑙𝑁

ඥ(𝑇𝑟𝑃 +  𝐹𝑙𝑃) × (𝑇𝑟𝑃 +  𝐹𝑙𝑁) × (𝑇𝑟𝑁 +
× 100 

(7
0) 

 
5.6. Fowlkes-Mallows Index 

Fowlkes-Mallows Index (𝐹𝑀𝐼) is a metric 
used to evaluate the similarity between two 
clusters or groups, often applied in clustering 
algorithms or unsupervised learning scenarios. 
Eq.(71) defines the 𝐹𝑀𝐼 calculation formula. 

𝐹𝑀𝐼 = ൫√𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙൯ × 100 (71) 

 
6. RESULTS AND DISCUSSION 
 
6.1. 𝑷𝒓𝒆𝒄and𝑹𝒆𝒄𝒍 Analysis 

Figure 1 offers a comparative analysis of 
three distinct classification algorithms: TDAN, 
DELT, and CFO-GNN. This analysis is based on 
two vital performance metrics: Prec and Recl. Prec 
represents the accuracy of the positive predictions 
made by the algorithms, while Recl measures their 
ability to identify all the actual positive instances. 
The significance of Figure 1 lies in its capacity to 
provide a clear and compact comparison of these 
algorithms in terms of these crucial metrics. 
Understanding their relative strengths in Prec and 
Recl is essential for selecting an algorithm most 
suitable for specific tasks. 
 

 
Figure 1.𝑷𝒓𝒆𝒄 and 𝑹𝒆𝒄𝒍 

 
TDAN demonstrates a Precision score of 

52.859 and a Recall score of 53.740. The 
mechanism underlying TDAN’s performance 
revolves around its proficiency in handling time-
dependent data. Utilizing techniques like RNNs, it 
identifies patterns and trends over time, 
significantly influencing its Prec and Recl 
outcomes. DELT stands out with a Prec score of 
64.326 and a Recl score of 65.136. Its success can 
be attributed to its adeptness in feature engineering 
and data preprocessing. DELT likely employs 
various techniques to optimize features, ensuring 
higher Prec by accurately identifying positive 
instances and improving Recl by effectively 
capturing a more significant proportion of true 
positives. CFO-GNN showcases remarkable Prec 
at 86.864 and an impressive Recl of 88.389. The 
excellence of CFO-GNN can be attributed to its 
use of GNNs for classification tasks. By 
effectively leveraging the inherent relationships 
and dependencies within the data, CFO-GNN 
achieves higher Prec and Recl, making it a 
powerful choice. 
 

Figure 1 presents a comparative snapshot 
of TDAN, DELT, and CFO-GNN performance 
regarding Precision and Recall. TDAN’s strength 
lies in its ability to handle time-dependent data 
effectively. DELT excels in feature engineering, 
optimizing both Precision and Recall. CFO-GNN, 
leveraging Graph Neural Networks, showcases 
exceptional performance in both metrics. The 
selection of the most appropriate algorithm should 
align with the specific task requirements, 
considering factors such as the nature of the 
dataset and the importance of Prec and Recl. This 
comparative analysis equips decision-makers to 
make informed choices when selecting the 
algorithm best suited for a given application, 
ensuring optimal results in Prec and Recl. 
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Table 1. Precision and Recall  

𝑪𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏 𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎𝒔 𝑷𝒓𝒆𝒄 𝑹𝒆𝒄𝒍 

𝑻𝑫𝑨𝑵 52.859 53.740 

𝑫𝑬𝑳𝑻 64.326 65.136 

𝑪𝑭𝑶 − 𝑮𝑵𝑵 86.864 88.389 

 
6.2. 𝑪𝑨and𝑭𝑴 Analysis 

Figure 2 offers a comparative analysis of 
three classification algorithms: TDAN, DELT, and 
CFO-GNN. This analysis focuses on two vital 
metrics: CA and FM. CA represents the 
algorithm’s precision in classifying data 
accurately, while FM signifies the algorithm’s 
ability to balance Prec and Recl. The importance of 
Figure 2 lies in its capacity to provide a concise yet 
comprehensive comparison of these algorithms in 
terms of these significant metrics. Understanding 
their relative strengths in CA and FM is crucial for 
making informed decisions when selecting the 
most suitable algorithm for specific tasks. 
 

TDAN has a CA of 52.833 and an FM of 
53.296. Its efficiency stems from its specialization 
in handling time-dependent data. TDAN likely 
employs techniques such as RNNs or temporal 
convolutional networks, allowing it to capture 
temporal patterns in the data. This contributes to its 
balanced performance in both CA and FM. DELT 
stands out with a CA of 65.003 and an FM of 
64.728. Its success lies in its expertise in feature 
engineering and data preprocessing. DELT excels 
at optimizing input data and enhancing CA and 
FM. It achieves this by making more accurate 
predictions and improving the quality and 
relevance of features used for classification. CFO-
GNN showcases exceptional performance with a 
CA of 87.325 and an impressive FM of 87.620. 
This excellence can be attributed to its use of 
GNNs. GNNs empower CFO-GNN to model 
relationships and dependencies within the data 
effectively, leading to outstanding scores in CA 
and FM. 
 

 
Figure 2. 𝑪𝑨 and𝑭𝑴 

 
Table 2. Classification Accuracy and F-Measure 

𝑪𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏 𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎𝒔 𝑪𝑨 𝑭𝑴 

𝑻𝑫𝑨𝑵 52.833 53.296 

𝑫𝑬𝑳𝑻 65.003 64.728 

𝑪𝑭𝑶 − 𝑮𝑵𝑵 87.325 87.620 

 
Figure 2 shows TDAN, DELT, and CFO-

GNN performance concerning CA and FM. TDAN 
excels in handling time-dependent data, 
maintaining a solid balance between accuracy and 
feature optimization. DELT specializes in feature 
engineering and preprocessing, enhancing CA and 
FM. CFO-GNN, leveraging Graph Neural 
Networks, stands out with exceptional 
performance in both metrics. When choosing an 
algorithm, aligning it with the specific task 
requirements is essential, considering the dataset’s 
nature and the importance of CA and FM. This 
comparative analysis equips decision-makers to 
make informed choices when selecting the 
algorithm best suited for a given application, 
ensuring optimal results regarding CA and FM. 
 
6.3. 𝑭𝑴𝑰 and 𝑴𝑪𝑪 Analysis 

Figure 3 is a critical visual representation 
that enables an in-depth comparison of three 
prominent classification algorithms: TDAN, 
DELT, and CFO-GNN. The importance of Figure 
3 lies in its role as a decision support tool, helping 
stakeholders select the most suitable algorithm for 
specific machine learning tasks, thus optimizing 
performance outcomes. 
 

0
10
20
30
40
50
60
70
80
90

100

CA FM

R
es

u
lt

s 
(%

)

Performance Metrics

TDAN DELT CFO-GNN



Journal of Theoretical and Applied Information Technology 
15st June 2026. Vol.104. No.11 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
458 

 

 
Figure 3.𝑭𝑴𝑰and𝑴𝑪𝑪 

 
TDAN achieves an FMI score of 53.298% 

and an MCC score of 5.664%. These results are 
rooted in its mechanism, which specializes in 
handling temporal data. TDAN is typically 
implemented with RNNs. These architectures 
excel in capturing temporal dependencies within 
the data, allowing TDAN to identify sequential 
patterns effectively. However, its lower MCC 
score suggests that it may face challenges in 
scenarios involving complex data correlations and 
imbalanced class distributions. The limited MCC 
indicates a higher likelihood of false positives and 
negatives. DELT stands out with an FMI score of 
64.730% and an impressive MCC score of 
30.007%. Its success can be attributed to its feature 
engineering and data preprocessing expertise. 
DELT employs feature selection, dimensionality 
reduction, and data augmentation techniques. 
These processes enhance the quality and relevance 
of features used for classification. DELT achieves 
higher FMI by more accurately assessing data 
clusters and higher MCC by effectively managing 
class imbalances. The superior MCC indicates a 
better balance between precision and recall in 
classification. CFO-GNN exhibits outstanding 
performance, boasting an FMI of 87.623% and an 
MCC of 74.649%. This exceptional success is a 
direct result of its utilization of GNNs. CFO-GNN 
leverages GNNs to model intricate relationships 
and dependencies within the data effectively. 
GNNs are adept at capturing complex network 
structures, making them well-suited for complex 
data correlation applications. CFO-GNN’s 
impressive MCC indicates its exceptional ability to 
handle class imbalances and accurately classify 
data instances. 
 

Figure 3 provides an intricate analysis of 
TDAN, DELT, and CFO-GNN’s performance 
regarding FMI and MCC. TDAN excels in 
temporal data processing, DELT’s strength lies in 
feature engineering, and CFO-GNN leverages 
Graph Neural Networks for modeling complex 
relationships. The choice of the most suitable 
algorithm should align with specific task 
requirements, considering factors such as the 
nature of the dataset, temporal dependencies, and 
the significance of managing class imbalances and 
complex correlations. This comprehensive 
technical analysis equips decision-makers with 
precise insights to make informed selections, 
ensuring optimal results for both FMI and MCC. 

 
Table 3. 𝑭𝑴𝑰 and 𝑴𝑪𝑪 

𝑪𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏  
𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎𝒔 

𝑭𝑴𝑰 𝑴𝑪𝑪 

𝑻𝑫𝑨𝑵 53.298 5.664 

𝑫𝑬𝑳𝑻 64.730 30.007 

𝑪𝑭𝑶 − 𝑮𝑵𝑵 87.623 74.649 

 
6.4 Comparative Performance Analysis 
To evaluate the effectiveness of the proposed 
CFO-GNN model, its performance was compared 
with prominent state-of-the-art techniques, 
including TDAN and DELT. The experimental 
findings indicate that CFO-GNN consistently 
outperformed existing approaches across multiple 
performance metrics, including Precision, Recall, 
Classification Accuracy, Fowlkes–Mallows Index, 
and Matthews Correlation Coefficient. The 
superior performance can be attributed to the 
integration of graph neural representations capable 
of modelling relational dependencies and the 
optimization capability of the Consistent Fruitfly 
Optimization mechanism. Unlike conventional 
models that rely primarily on sequential or feature-
engineering approaches, CFO-GNN effectively 
captures hidden structural relationships in sparse 
sentiment data, leading to improved predictive 
accuracy and classification robustness. 
 
6.5 Limitations and Challenges 
Despite the encouraging performance of CFO-
GNN, several limitations should be acknowledged. 
First, the proposed model was evaluated using a 
dataset derived from a specific AR-enabled 
shopping platform, which may limit 
generalizability across different domains and user 
demographics. Second, although the model 
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effectively addresses sparse sentiment conditions, 
variations in user-generated feedback quality may 
still influence prediction reliability. The 
computational complexity associated with graph 
construction and optimization may also increase 
processing time for large-scale datasets. Another 
challenge involves maintaining sentiment 
consistency in highly dynamic AR shopping 
environments, where user preferences may evolve 
rapidly. Future studies may focus on multi-domain 
validation, lightweight optimization mechanisms, 
and real-time adaptive learning strategies to further 
strengthen model performance. 
 
7. CONCLUSION 
The Consistent Fruitfly Optimization-based Graph 
Neural Network (CFO-GNN) presents a promising 
solution to the challenges of sentiment analysis in 
AR-enabled online shopping platforms. By 
integrating fruitfly optimization with graph neural 
networks, CFO-GNN effectively addresses the 
issue of sparse review data while capturing the 
nuances of AR shopping experiences. Through 
empirical evaluation, CFO-GNN demonstrates its 
ability to provide accurate sentiment analysis, 
empowering businesses to make informed 
decisions and enhance user satisfaction. The 
proposed algorithm not only contributes to 
advancements in sentiment analysis within AR 
environments but also holds potential for broader 
applications in natural language processing and 
machine learning. Moving forward, further 
research can explore optimization techniques and 
model enhancements to further improve the 
performance and versatility of sentiment analysis 
tools in the dynamic landscape of AR-enabled 
online retail. 
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