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 Sentiment analysis is pivotal in extracting insights from textual data, 

enabling organizations to understand customer opinions, market trends, and 

brand perception. This study introduces a novel approach, SentimentLP, 

which integrates Leptotila optimization (LPO) with gradient boosting 

machines (GBM) for sentiment analysis tasks. The proposed framework 

leverages LPO’s dynamic optimization capabilities to enhance GBM 

models’ performance in sentiment classification. Through iterative 

refinement and adaptive learning, SentimentLP optimizes feature extraction, 

model training, and ensemble learning processes, improving sentiment 

analysis accuracy and efficiency. Results from various evaluation metrics, 

including precision, recall, classification accuracy, and F-measure, 

demonstrate the effectiveness of SentimentLP in accurately capturing 

sentiment expressions in text data. Additionally, the fusion of LPO with 

GBM ensures scalability, adaptability, and interpretability of sentiment 

analysis models, making SentimentLP a valuable tool for extracting 

actionable insights from textual data across diverse domains and 

applications. 
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1. INTRODUCTION  

Online shopping has revolutionized how consumers access goods and services, reshaping traditional 

retail paradigms worldwide [1]. With the proliferation of e-commerce platforms and digital marketplaces, 

individuals now enjoy unprecedented convenience and accessibility to various products at their fingertips. 

The evolution of online shopping over the years has been characterized by a seamless integration of 

technology, user-centric design, and innovative business models catering to modern consumers’ diverse 

needs and preferences [2]. Online shopping has not only transformed consumer behavior but also propelled 

the growth of digital economies worldwide, heralding a new era of commerce in the digital age. Online 

shopping offers supreme convenience, allowing customers to browse and buy products from where they are 

without traditional store hours or geographical limitations. Moreover, online retailers often provide a more 

comprehensive selection of products than brick-and-mortar stores, enabling consumers to find what they need 

quickly. 

In natural language processing, sentiment analysis is a pivotal technique, offering insights into the 

emotional undercurrents embedded within textual data. At its core, sentiment analysis endeavors to decipher 

the sentiments, opinions, and attitudes expressed within written communication, facilitating a deeper 

understanding of human sentiment at scale [3]. Stemming from the intersection of linguistics, machine 
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learning, and computational semantics, sentiment analysis has garnered widespread attention across diverse 

domains, ranging from market research and social media monitoring to customer feedback analysis. By 

discerning the polarity and intensity of sentiments conveyed in text, sentiment analysis empowers 

organizations to glean actionable insights, inform strategic decision-making, and tailor communication 

strategies to resonate with target audiences effectively [4]. The evolution of sentiment analysis techniques, 

encompassing lexicon-based approaches, machine learning algorithms, and deep learning models, 

underscores its adaptability and relevance in an ever-changing digital landscape. 

Sentiment analysis is pivotal in online shopping, offering valuable insights into consumer 

perceptions, preferences, and behaviors. Businesses can gauge the overall sentiment towards their products 

and services by analyzing the sentiments expressed in product reviews, social media discussions, and 

customer feedback. This enables them to identify areas of strength and areas for improvement, guiding 

product development, marketing strategies, and customer engagement initiatives [5]. Bio-inspired computing 

mimics natural processes like evolution, foraging, and swarm intelligence to solve complex problems [6], [7]. 

In sentiment analysis, it enhances model optimization, feature selection, and classification accuracy by 

applying algorithms like particle swarm optimization or genetic algorithms. This approach improves handling 

of nuanced sentiment patterns in large-scale text data [8]. 

 

 

2. LITERATURE REVIEW 

Utilizing the sequential structure inherent in financial news data and the memory retention abilities 

of long short-term memory (LSTM) networks, the financial news LSTM analyst (FNLA) [9] aims to grasp 

intricate sentiment dynamics. This methodology involves initial preprocessing of financial news articles 

followed by their input into LSTM layers. These layers are designed to acquire knowledge of temporal 

dependencies and sentiment trends, allowing FNLA to effectively capture nuanced sentiment fluctuations. 

“Senti-Prompt Embedding” [10] is an embedding technique for sentiment analysis. It proposes a unique 

embedding method that integrates sentiment prompts into the embedding model to enhance sentiment 

classification accuracy. 

“Interactive Graph Convolution” [3] is an approach for aspect-based sentiment analysis in Chinese 

text using an interactive graph convolutional network (GCN) augmented with affective knowledge. It 

contributes by incorporating affective knowledge into the GCN framework, enabling more effective 

modeling of sentiment relationships in Chinese text. “Deep-Sentiment with D-RNN” [11] presents a deep 

learning approach for sentiment analysis using a decision-based recurrent neural network (D-RNN). 

Processing input sequences using recurrent neural networks (RNNs) and making decisions based on learned 

representations to predict sentiment labels. “EATN” [12] is a transfer learning framework that adapts to 

different domains and tasks while minimizing computational costs. The working mechanism involves 

learning domain-specific representations through adaptive feature extraction and transferring knowledge 

from a pre-trained model to improve performance on target tasks. “TLSA” [13] is an approach for automated 

sentiment analysis using a combination of transformer and lexicon-based methods. It involves employing 

transformer models to capture contextual information from textual data and integrating sentiment lexicons to 

augment sentiment analysis capabilities. Bio-inspired optimization [14]-[20] lead to better results in major 

research domains [21].  

“Financial News” [22] is an LSTM-based approach for sentiment analysis of financial news articles. 

It contributes by leveraging LSTM networks to capture temporal dependencies and contextual information in 

financial text data. The working mechanism involves training LSTM models on historical financial news data 

to learn patterns and relationships between textual features and sentiment labels. “Visual Sentiment” [23] is a 

method for enhancing semantic correlations in visual sentiment analysis. It incorporates semantic information 

into visual features to improve sentiment analysis accuracy. The working mechanism involves extracting 

visual features from images and leveraging semantic embeddings to enhance the representation of visual 

content. “ARO-LOGI” [8] operates by first collecting and preprocessing data relevant to sentiment analysis. 

Subsequently, the Amami rabbit optimization algorithm optimizes the parameters of logistic regression 

models. This optimization process is guided by the search behavior inspired by the Amami rabbit's survival 

instincts, ensuring efficient exploration of the solution space. The optimized logistic regression model then 

analyzes the sentiment of the input data, utilizing the learned patterns to classify sentiment accurately. The 

optimization mechanism synergizes different operations to yield enhanced performance in all research 

domains [24]-[26].  

 

2.1.  Problem statement and motivation 

The problem addressed in sentiment analysis involves accurately classifying textual data into 

sentiment categories like positive, negative, or neutral. Traditional approaches face difficulties in capturing 

the nuances of natural language, such as sarcasm, irony, and context dependency, often resulting in 
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inaccuracies. The proposed work focuses on improving sentiment analysis by integrating advanced 

optimization techniques with machine learning algorithms to enhance accuracy and consistency. This work is 

motivated by the increasing relevance of sentiment analysis in understanding consumer behavior, particularly 

in online shopping. By exploring its applications in e-commerce, the article highlights how businesses can 

use sentiment analysis to refine marketing strategies, improve customer satisfaction, and boost sales. It aims 

to provide readers with a thorough understanding of the methodologies and algorithms that power sentiment 

analysis. 

 

2.2.  Objectives 

The proposed work aims to improve sentiment analysis by developing a robust feature extraction 

method that captures nuances like sarcasm and context. It seeks to optimize model training for better 

adaptability and generalization, explore efficient ensemble learning techniques to enhance prediction 

accuracy, and investigate real-time analysis methods for timely insights. In addition the focus is on ensuring 

the interpretability and explainability of results, enabling stakeholders to trust and validate the insights for 

informed decision-making. 

 

 

3. LEPTOTILA OPTIMIZATION BASED GRADIENT BOOSTING MACHINES 

Leptotila optimization (LPO) with gradient boosting machines (GBM) to enhance performance in 

machine learning tasks. LPO dynamically optimizes GBM parameters, improving feature extraction, model 

training, and ensemble learning. This synergy boosts scalability, adaptability, and interpretability, making 

LO-GBM effective for classification, regression, and sentiment analysis tasks. 

 

3.1.  Gradient boosting machines 

GBM is a machine learning method for sentiment analysis uses decision trees to enhance 

classification by eradicating previous mistakes. In order to improve model performance, it concentrates on 

cases of misclassification and applies gradient-based optimization. GBM addresses missing values, processes 

both category and numerical data, and enables hyperparameter adjustment for increased accuracy. Because of 

its boosting strategy, which enhances weak areas, sentiment analysis in applications such as social media and 

product evaluations can be done with great effectiveness. 

 

3.1.1. Data collection 

This pivotal phase lays the groundwork for subsequent stages by procuring a comprehensive corpus 

of textual data. The collected dataset serves as the bedrock upon which the GBM model will be trained to 

discern sentiment expressions. The essence of data collection can be encapsulated in (1): 

 

𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑁} (1) 

 

where 𝐷 represents the dataset comprising 𝑁 textual documents 𝑑𝑖. Various sources, including social media, 

product evaluations, and consumer feedback, contribute to each document’s unique expressions of feeling. 

Moving forward, it’s imperative to preprocess the collected data to facilitate the subsequent stages 

of sentiment analysis. This involves a series of operations to clean and standardize the textual content. The 

preprocessing stage can be represented mathematically in (2): 

 

𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑𝑖 = 𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠(𝑑𝑖) (2) 

 

where 𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠(𝑑𝑖)  denotes the preprocessing function applied to each document 𝑑𝑖 , resulting in a 

preprocessed version denoted by 𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑𝑖 . 
 

3.1.2. Feature extraction 

A prevalent technique for feature extraction in sentiment analysis is the bag-of-words model, which 

represents each document as a vector and indicates the frequency of occurrence of each word in a predefined 

vocabulary. Mathematically, the bag-of-words representation can be expressed in (3): 

 

𝑋𝑖𝑗 = 𝐶𝑜𝑢𝑛𝑡(𝑊𝑗 , 𝐷𝑖) (3) 

 

where, 𝑋𝑖𝑗  denotes the count of word 𝑊𝑗  in document 𝐷𝑖 , and 𝐶𝑜𝑢𝑛𝑡(𝑊𝑗 , 𝐷𝑖) computes the frequency of 

occurrence of the word 𝑊𝑗 in document 𝐷𝑖 . 
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Another prevalent approach for feature extraction is term frequency-inverse document frequency 

(TF-IDF), which considers the frequency of a word in a document and weighs it based on its rarity across the 

entire corpus. The TF-IDF representation can be expressed using (4): 

 

𝑇𝐹𝐼𝐷𝐹𝑖𝑗 = 𝑇𝐹(𝑊𝑗 , 𝐷𝑖) × 𝐼𝐷𝐹(𝑊𝑗) (4) 

 

where 𝑇𝐹(𝑊𝑗, 𝐷𝑖)  denotes the term frequency of word 𝑊𝑗  in document 𝐷𝑖 , and 𝐼𝐷𝐹(𝑊𝑗)  represents the 

inverse document frequency of word 𝑊𝑗 across the entire dataset. 

 

3.1.3. Model training 

Building a network of decision trees, with each tree taught to fix the mistakes of the ones before it, 

is the backbone of model training. The iterative process of building decision trees in GBM can be represented 

in (5): 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜆. ℎ𝑚(𝑥)  (5) 

 

where 𝐹𝑚(𝑥)  denotes the prediction made by the ensemble of 𝑚  decision trees for input 𝑥 , 𝐹𝑚−1(𝑥) 

represents the prediction made by the ensemble of (𝑚 − 1) trees, 𝜆 denotes the learning rate controlling the 

contribution of each tree, and ℎ𝑚(𝑥) represents the prediction made by the 𝑚𝑡ℎdecision tree. 

While training the model, it will compute the gradient of a loss function related to the predictions 

the current ensemble has made. This gradient guide the subsequent decision tree to focus on areas where the 

model performs poorly, thereby improving the predictive capability of the ensemble. The gradient calculation 

process can be mathematically expressed with (6): 

 

∇𝐿(𝐹𝑚−1(𝑥), 𝑦) = −[𝑦 − 𝐹𝑚−1(𝑥)] (6) 

 

where, ∇𝐿(𝐹𝑚−1(𝑥), 𝑦) denotes the gradient of the loss function concerning the predictions made by the 

ensemble 𝐹𝑚−1(𝑥) for input 𝑥 and true label 𝑦. The loss function calculates the degree to which actual labels 

deviate from predictions. 

To minimize the prediction errors and enhance model performance, each subsequent decision tree is 

constructed to complement the strengths and weaknesses of the existing ensemble. The construction of a new 

decision tree in GBM can be expressed in (7): 

 

ℎ𝑚(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛ℎ ∑ 𝐿(𝑦𝑖 , 𝐹𝑚−1(𝑥𝑖) + ℎ(𝑥𝑖))𝑁
𝑖=1  (7) 

 

where, ℎ𝑚(𝑥) represents the prediction made by the 𝑚𝑡ℎ  decision tree for input 𝑥 , 𝑎𝑟𝑔𝑚𝑖𝑛ℎ  denotes the 

function that finds the decision tree ℎ minimizing the sum of the loss function 𝐿 for all training instances 

(𝑥𝑖 , 𝑦𝑖), 𝑦𝑖  represents the true label for training instance 𝑥𝑖, and 𝐹𝑚−1(𝑥𝑖) represents the prediction made by 

the ensemble of (𝑚 − 1) trees for training instance 𝑥𝑖. 

 

3.1.4. Tree construction 

Tree construction in GBM is guided by the gradients computed during the gradient calculation step. 

These gradients provide directional signals, enabling the algorithm to focus on areas where the model 

exhibits significant prediction errors. The construction of a new decision tree process can be represented 

using (8): 

 

ℎ𝑚(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛ℎ ∑ 𝐿(𝑦𝑖 , 𝐹𝑚−1(𝑥𝑖) + ℎ(𝑥𝑖))𝑁
𝑖=1  (8) 

 

where ℎ𝑚(𝑥) represents the prediction made by the 𝑚𝑡ℎ  decision tree for input 𝑥 , 𝑎𝑟𝑔𝑚𝑖𝑛ℎ  denotes the 

function that finds the decision tree ℎ minimizing the sum of the loss function 𝐿 for all training instances 
(𝑥𝑖 , 𝑦𝑖), 𝑦𝑖  represents the true label for training instance 𝑥𝑖, and 𝐹𝑚−1(𝑥𝑖) represents the prediction made by 

the ensemble of (𝑚 − 1) trees for training instance 𝑥𝑖 . 
 

3.1.5. Ensemble update 

The ensemble update process in GBM involves adding the predictions made by the newly 

constructed decision tree to the projections made by the existing ensemble. This can be represented using (5). 

This iterative refinement process gradually improves the model’s predictive accuracy and enhances its ability 

to discern sentiment expressions effectively. The ensemble update process in GBM involves adjusting the 
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learning rate parameter to control the contribution of each newly added decision tree to the ensemble. The 

learning rate adjustment can be mathematically represented in (9): 

 

𝜆 =
𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒

1+𝑡𝑟𝑒𝑒_𝑖𝑛𝑑𝑒𝑥
 (9) 

 

where 𝜆  denotes the learning rate, 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒  represents the initial learning rate parameter and 

𝑡𝑟𝑒𝑒_𝑖𝑛𝑑𝑒𝑥 denotes the index of the newly added decision tree. 

 

3.1.6. Model evaluation 

Comparing the trained GBM model’s predictions with the dataset’s actual labels is standard practice 

when evaluating a model. Metrics for evaluation like recall, accuracy, precision, and F-score can be 

mathematically depicted in (10)-(13): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
 (10) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 (11) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (12) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (13) 

 

where accuracy refers to the model’s correct prediction percentage, precision to the proportion of accurately 

predicted positive instances relative to the total number of positive cases predicted, recall to the proportion of 

accurately predicted positive instances relative to the total number of actual positive instances, and F1-score, 

a balanced measure of model performance, is obtained by harmonically averaging recall and precision. 

 

3.2.  Leptotila optimization  

LPO is inspired by the characteristics of the Leptotila, a genus of birds known for their efficient 

foraging behaviour and ability to adapt to varying environmental conditions. The optimization algorithm 

mimics the following characteristics to search for optimal solutions to optimization problems efficiently. 

 

3.2.1. Initialization 

The initialization phase sets the foundation by creating an initial set of candidate solutions within 

the search space. Random initialization uses the search space to create candidate solutions at random. From a 

mathematical perspective, it is represented using (14): 

 

𝑋0 = [𝑥1
0, 𝑥2

0, … , 𝑥𝑁
0 ] (14) 

 

where 𝑋0 denotes the initial population of size 𝑁, and 𝑥𝑖
0 represents the 𝑖𝑡ℎ  randomly generated candidate 

solution. Latin hypercube sampling (LHS) is a more sophisticated initialization technique that ensures a more 

uniform search space coverage. It divides each dimension of the search space into 𝑁 equal intervals and 

randomly samples one point from each interval for each dimension. It can be mathematically represented in 

(19). where 𝑋0 represents the initial population and 𝑥𝑖
0denotes the 𝑖𝑡ℎcandidate solution obtained through 

LHS. 

 

3.2.2. Evaluation 

The fitness function quantifies the quality of each candidate solution by evaluating its performance 

in solving the optimization problem. The fitness function 𝑓(𝑋𝑡) can be represented mathematically in (15): 

 

𝑓(𝑋𝑡) = [𝑓(𝑥1
𝑡), 𝑓(𝑥2

𝑡), … , 𝑓(𝑥𝑁
𝑡 )] (15) 

 

where 𝑋𝑡  represents the population at iteration 𝑡, and 𝑓(𝑥𝐼
𝑡) denotes the fitness value of the 𝑖𝑡ℎ  candidate 

solution. 

The objective function defines the optimization problem and quantitatively measures how well a 

candidate solution satisfies the problem’s objectives. This objective function 𝐹(𝑥)  can be expressed 

mathematically in (16): 
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𝐹(𝑥) = 𝐹(𝑥1, 𝑥2, … , 𝑥𝑑) (16) 
 

where 𝑥 represents a candidate solution and 𝐹(𝑥) quantifies the objective value associated with solution 𝑥. 

Pareto dominance is applied to evaluate and prioritize potential solutions in multi-objective 

optimization issues. The Pareto dominance can be represented using (17): 
 

𝑥 ≺ 𝑦 (17) 
 

where 𝑥 Pareto dominates 𝑦, through the evaluation step, LPO assigns a fitness value to each candidate 

solution, allowing the algorithm to distinguish between promising and unpromising solutions. 

 

3.2.3. Exploration 

Exploration is crucial for navigating the search space and discovering new candidate solutions. 

Mutation is a common exploration technique that introduces random changes to selected candidate solutions, 

thereby generating new solutions with potentially different characteristics; the mutation operation can be 

represented using (18): 
 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + ∆𝑥𝑖 (18) 
 

where 𝑥𝑖
𝑡+1 represents the mutated solution, 𝑥𝑖

𝑡 denotes the selected candidate solution at iteration 𝑡, and ∆𝑥𝑖 

represents the mutation vector. 

Crossover is another exploration technique commonly used in evolutionary algorithms, where two 

or more selected candidate solutions exchange information to generate new solutions. This crossover 

operation can be expressed in (19): 
 

𝑥𝑖
𝑡+1 = 𝛼. 𝑥𝑖

𝑡 + (1 − 𝛼). 𝑥𝑗
𝑡 (19) 

 

where 𝑥𝑖
𝑡+1 represents the offspring solution, 𝑥𝑖

𝑡 and 𝑥𝑗
𝑡 denote the selected parent solutions, and 𝛼 represents 

the crossover coefficient. 

 

3.2.4. Exploitation 

Local search is a common exploitation technique that focuses on refining promising candidate solutions 

by iteratively exploring their neighbourhoods in the solution space. Local search can be represented in (20): 
 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + ∆𝑥𝑖 (20) 
 

where 𝑥𝑖
𝑡+1 represents the updated solution, 𝑥𝑖

𝑡 denotes the selected candidate solution at iteration 𝑡, and ∆𝑥𝑖  

represents the change applied to the solution based on local search. One popular optimization method is 

gradient descent, which uses the objective function’s gradient information to improve candidate solutions 

until they reach the steepest descent repeatedly; this process is represented in mathematical form in (21): 
 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝜂∇𝐹(𝑥𝑖
𝑡) (21) 

 

where 𝑥𝑖
𝑡+1  represents the updated solution, 𝑥𝑖

𝑡  denotes the selected candidate solution at iteration 𝑡 , 𝜂 

represents the step size (learning rate), and ∇𝐹(𝑥𝑖
𝑡)  represents the gradient of the objective function 

concerning 𝑥𝑖
𝑡 . 

Simulated annealing is a probabilistic optimization algorithm that balances exploration and 

exploitation by allowing occasional uphill moves to escape local optima. In (22) depicts the probability of 

accepting a worse solution. 
 

𝑃(∆𝐸, 𝑇) = 𝑒−
∆𝐸

𝑇  (22) 

 

where 𝛥𝐸  represents the change in objective function value and 𝑇  represents the temperature parameter 

controlling the likelihood of accepting worse solutions. 

 

3.2.5. Adaptive adjustment 

Gradient descent and other optimization methods use the learning rate to regulate the increment of 

parameters. Adapting the learning rate based on the optimization progress can improve convergence and 

stability. The adaptive learning rate can be represented mathematically in (23): 
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𝜂𝑡+1 = 𝜂𝑡 .
𝑅𝑒𝑐𝑒𝑛𝑡 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡

𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡
 (23) 

 

where 𝜂𝑡+1  represents the updated learning rate at iteration 𝑡 + 1, 𝜂𝑡  denotes the current learning rate at 

iteration 𝑡 , and 𝑅𝑒𝑐𝑒𝑛𝑡 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 and 𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡  represent the recent and previous 

improvements in the objective function value, respectively. 

Balancing exploration and exploitation is key in optimization. Adaptive methods adjust focus 

between exploring new solutions and refining existing ones. The exploration factor manages this balance, 

while population size affects convergence speed and diversity. Adapting the exploration rate based on the 

optimization progress can improve exploration efficiency in algorithms that employ exploration strategies 

such as mutation or crossover. The exploration rate adaptation can be represented in (24): 

 

𝜖𝑡+1 = 𝜖𝑡 .
𝑅𝑒𝑐𝑒𝑛𝑡 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡

𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡
 (24) 

 

where 𝜖𝑡+1 represents the updated exploration rate at iteration 𝑡 + 1, 𝜖𝑡 denotes the current exploration rate at 

iteration 𝑡 , and 𝑅𝑒𝑐𝑒𝑛𝑡 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡  and 𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡  represent the recent and previous 

improvements in the objective function value, respectively. 

 

3.2.6. Communication 

In LPO, promising candidate solutions with high fitness values can be shared among the population 

to guide other solutions towards regions of the solution space with high potential for improvement. 

 

𝑋𝑡+1 = 𝑋𝑡 + ∆𝑋 (25) 

 

In (25), where 𝑋𝑡+1  represents the updated population at iteration 𝑡 + 1, 𝑋𝑡  denotes the current 

population at iteration 𝑡, and 𝛥𝑋 represents the information shared among promising solutions. Maintaining 

diversity within the population is essential for preventing premature convergence and promoting the 

exploration. Communication mechanisms can encourage diversity by exchanging solutions representing 

diverse solutions or searching directions. 

 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑥𝑖 , 𝑥𝑗) ≤ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 (26) 

 

In (26) where, distance (𝑥𝑖 , 𝑥𝑗) represents the distance between candidate solutions 𝑥𝑖  and 𝑥𝑗  and 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 represents the maximum allowable distance. The best-performing solutions within the population 

can serve as sources of valuable information for guiding other solutions toward promising regions of the 

solution space. This information sharing via best solutions can be represented mathematically in (27): 

 

𝐼𝑋𝑡+1 = 𝑋𝑡 + ∆𝑋 (27) 

 

where 𝐼𝑋𝑡+1 represents the updated information of the population at iteration ready to share 𝑡 + 1 , 𝑋𝑡 

denotes the current population at iteration 𝑡 , and 𝛥𝑋  represents the information shared among the best 

solutions. 

 

3.2.7. Iterative improvement 

Candidate solutions are iteratively updated based on various optimization techniques such as local 

search, gradient descent, or evolutionary operators. The iterative solution update is shown mathematically in (28): 
 

𝑋𝑡+1 = 𝑈𝑝𝑑𝑎𝑡𝑒(𝑥𝑖
𝑡) (28) 

 

where 𝑥𝑖
𝑡+1 represents the updated solution at iteration 𝑡 + 1 and 𝑥𝑖

𝑡 denotes the current solution at iteration 𝑡. 

The objective function value serves as a metric to assess the quality of candidate solutions. Through 

iterative improvement, the objective function value is expected to decrease over successive iterations as the 

optimization process converges towards optimal solutions. The objective function improvement can be 

mathematically represented in (29): 
 

𝐹(𝑥𝑡+1) ≤ 𝐹(𝑥′) (29) 
 

where 𝐹(𝑥𝑡+1) represents the objective function value of the updated solution at iteration 𝑡 + 1 and 𝐹(𝑥′) 

denotes the objective function value of the current solution at iteration 𝑡. 
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Convergence criteria determine when the optimization process converges sufficiently to a 

satisfactory solution. A common criterion for convergence is when the optimization process reaches a plateau 

when the objective function value improves by a certain threshold or when the maximum number of 

iterations is reached. Convergence criteria can be represented in (30): 

 

𝐶𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 = {
𝑇𝑟𝑢𝑒, 𝑖𝑓 𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎 𝑎𝑟𝑒 𝑚𝑒𝑡

𝐹𝑎𝑙𝑠𝑒, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (30) 

 

Iterative improvement strategies encompass a variety of optimization techniques aimed at enhancing 

candidate solutions over successive iterations. Finally, the termination phase determines when the 

optimization process should stop based on predefined criteria. The algorithm terminates once this limit is 

touched, regardless of whether the optimization has converged to an optimal solution. 

 

3.3.  SentimentLP-the fusion of Leptotila optimization with gradient boosting machines for sentiment 

analysis 

Sentiment analysis is used in various fields like marketing and social media, involves identifying 

opinions or sentiments from text data. SentimentLP combines the strengths of the LPO algorithm with GBM 

to enhance this process. LPO, inspired by the foraging behavior of Leptotila birds, refines solutions by 

exploring and optimizing them efficiently. GBM, an ensemble learning method, builds strong predictive 

models by combining several weaker models and using gradient descent to progressively correct mistakes, 

improving accuracy in sentiment analysis. 

 

3.3.1. Integration of Leptotila optimization with gradient boosting machine for sentiment analysis 

The integration of LPO with GBM for sentiment analysis combines LPO's dynamic optimization 

with GBM's predictive strength. This fusion named SentimentLP, enhances the accuracy and efficiency of 

sentiment classification by optimizing model parameters and improving prediction reliability. 

a. Data collection and preprocessing: SentimentLP begins with collecting and preprocessing the text data, 

removing noise and irrelevant information to ensure high-quality input for the subsequent steps. 

b. Feature extraction: SentimentLP extracts relevant features from the preprocessed text data. This step 

involves techniques such as bag-of-words, TF-IDF, or word embeddings to represent the textual 

information in a format suitable for machine learning algorithms. 

c. Model training with GBM: LPO dynamically adjusts the hyperparameters of the GBM model, such as 

learning rate, tree depth, and number of estimators, to optimize its performance. Through iterative 

improvement, LPO guides the training process of GBM, enhancing its ability to capture complex patterns 

and relationships in sentiment data. 

d. Gradient calculation: during model training, SentimentLP computes gradients to update the parameters of 

the GBM model. To improve the model’s prediction performance and minimize the loss function, these 

gradients show the direction and size of the needed modifications. 

e. Tree construction: GBM builds decision trees intending to improve upon earlier mistakes. SentimentLP 

guides the construction of these trees, ensuring that they capture critical features and patterns relevant to 

sentiment analysis. 

f. Ensemble update: SentimentLP updates the ensemble of trees, combining their predictions to make more 

accurate sentiment predictions. This ensemble update process involves adjusting the weights of individual 

trees based on their performance and contribution to the overall model. 

g. Model evaluation: SentimentLP checks its efficacy with suitable measures, including F1-score, recall, 

accuracy, and precision. This test verifies that the model successfully interprets the meaning of the text 

data. 

h. Model deployment: SentimentLP deploys the trained GBM model for sentiment analysis tasks in real-

world applications. This deployment phase integrates the model into existing systems or platforms, 

allowing users to efficiently analyze sentiment in text data. 

The fusion of LPO with GBM in SentimentLP offers a robust and efficient approach to sentiment analysis 

tasks. 

 

 

4. ABOUT DATASET 

The Amazon Review Data (2018) of the home and kitchen category is a rich and expansive dataset, 

comprising 6,898,955 reviews. This dataset is valuable for researchers, analysts, and businesses seeking 

insights into consumer preferences, sentiments, and trends within the home and kitchen products market. 

With its vast scale and granularity, this dataset enables comprehensive analysis of various aspects, including 

product ratings, review sentiments, and customer feedback. By delving into this dataset, analysts can uncover 
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patterns, correlations, and outliers that may inform strategic decision-making, product development, and 

marketing initiatives within the home and kitchen industry. The availability of a smaller per-category dataset 

facilitates focused analysis and experimentation, allowing researchers to explore specific subcategories or 

product niches in greater detail. Overall, the Amazon Review Data (2018) for the home and kitchen category 

is a valuable asset for advancing research and innovation in e-commerce, consumer behavior, and sentiment 

analysis. 

 

 

5. RESULTS AND DISCUSSION 

5.1.  Precision and recall analysis 

Precision represents the proportion of true positive predictions among all positive predictions made 

by the model, indicating the accuracy of positive predictions. Recall, also known as sensitivity, measures the 

proportion of true positives correctly identified by the model among all actual positive instances in the 

dataset, reflecting the model’s ability to capture all positive instances. Figure 1 provides the precision and 

recall analysis. Analyzing the precision and recall metrics for the FNLA, ARO-LOGI, and LO-GBM models 

reveals insights into their classification performance. 

The FNLA model demonstrates a precision of 69.9093% and a recall of 71.163%, indicating that 

around 69.91% of the positive predictions made by the model are accurate, and it correctly identifies 

approximately 71.16% of all actual positive instances. Meanwhile, the ARO-LOGI model exhibits higher 

precision and recall values, with precision at 81.7006% and recall at 78.877%. This suggests that the ARO-

LOGI model achieves better accuracy in its positive predictions and captures a significant portion of the 

actual positive instances. Similarly, the LO-GBM model showcases superior precision and recall metrics, 

with precision recorded at 89.5753% and recall at 90.691%. These results indicate that the LO-GBM model 

outperforms the FNLA and ARO-LOGI models in accuracy and sensitivity, demonstrating its effectiveness in 

correctly identifying positive instances while minimizing false positives. The outcome of precision and recall 

is illustrated in Figure 1. The LO-GBM model outperforms FNLA and ARO-LOGI models regarding 

precision and recall, showcasing its superior performance in sentiment analysis tasks. 
 

 

 
 

Figure 1. Precision and recall 

 

 

5.2.  Classification accuracy and F-measure analysis 

Classification accuracy measures the proportion of correctly classified instances in the dataset. At 

the same time, F-measure combines precision and recall to provide a metric that balances false positives and 

negatives. Figure 2 provides the classification accuracy and F-measure analysis. The classification accuracy 

values for FNLA, ARO-LOGI, and LO-GBM are 69.3970%, 80.2680%, and 89.8280% respectively. This 

indicates that the LO-GBM model achieves the highest classification accuracy among the three models, with 

an accuracy of 89.8280%. A higher classification accuracy suggests that the model effectively predicts 

sentiment labels, resulting in more correct classifications than the total number of instances. 

The F-measure values for FNLA, ARO-LOGI, and LO-GBM are 70.5307%, 80.2641%, and 

90.1298%, respectively. Similar to classification accuracy, the LO-GBM model also outperforms the other 

models in terms of F-measure. With an F-measure of 90.1298%, the LO-GBM model achieves the highest 

balance between precision and recall, indicating a robust performance in sentiment analysis tasks. F-measure 

provides a more comprehensive evaluation of the model’s performance by considering both false positives 

and negatives. 
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Figure 2. Classification accuracy and F-measure 

 

  

6. CONCLUSION 

The LO-GBM classification algorithm within SentimentLP achieved a remarkable classification 

accuracy of 89.828% and an F-measure of 80.264%, demonstrating its efficacy in accurately discerning 

sentiment expressions from textual data. This improvement can be attributed to the synergistic combination 

of LPO's dynamic optimization capabilities and GBM's ensemble learning approach. The integration of LPO 

with GBM enhances model performance and ensures scalability, adaptability, and interpretability across 

diverse domains. SentimentLP's iterative refinement and adaptive learning processes, driven by LPO, 

optimize feature extraction, model training, and ensemble learning, contributing to its robust performance. 

These findings underscore SentimentLP's potential as a valuable tool for organizations seeking to extract 

actionable insights from textual data. By providing a deeper understanding of customer opinions, market 

trends, and brand perceptions, SentimentLP empowers decision-makers to make informed choices in various 

domains. Future research can further explore its real-world applications and address remaining challenges, 

ensuring continued advancements in sentiment analysis. SentimentLP represents a significant leap forward in 

sentiment analysis, offering a comprehensive solution for extracting valuable insights from textual data 

across diverse applications. 
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