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Abstract: In recent years, with the advancement of social media, e-commerce, and online reviews, users keep generating massive 

amounts of text data continuously. In this sense, sentiment analysis has a vital role in text generation and as a mechanism of 

understanding a user’s opinion. In marketing research, text analysis serves to capture and monitor consumer sentiment and report 

social occurrences. Strategies based on a data collection machine (classifier) are a popular and established way to predict 

consumer attitudes, although they require a significant data collection effort. In addition, most text collection strategies based on 

machine learning comprise a multiple set of components. In this sense, unidimensional semantic similarity, a measure of the 

degree of meaning between a set of data are particularly useful in this form. These shortcomings drive the development of 

adaptive frameworks for sentiment analysis in the future, and the objective of this research is to determine how sentiment 

analysis can be improved using a “Machine Learning driven XGBoost classifier combined with SVM based similarity mapping. 

The proposed SVM based Sentiment Analysis (SA) system is inclusive and relies on the analysis of texts that have been pre-

processed to a significant degree in which irrelevant and redundant elements have been removed and their volume 

(dimensionality) has been reduced with the use of TF-IDF matrix construction. In this manner, in cases of data from different 

sentiment classes, SVM attempts to construct a unique and discrete data point. XGBoost is suggested as the predictive machine 

of choice in this case. This is because it can capture variables that are non-linear as well as being the least in terms of 

dimensionality in terms of data variables. The proposed model analyzes the performance on benchmark sentiment analysis 

datasets with more than two sentiment categories. The experimental results show that the integrated XGBoost-SVM model 

consistently outperformed the traditional classifiers: Naïve Bayes, standalone SVM, Random Forest, and Logistic Regression. 

The hybrid model improved overall classification accuracy, F1 score, and generalization, especially for the more challenging and 

close-meaning sentiment instances. The findings confirm that the addition of similarity-aware learning considerably increased the 

discriminatory ability of the gradient boosted decision trees. The current study concluded that combining XGBoost with SVM 

based on similarity techniques is both powerful and highly effective for sentiment classification. The described framework 

applies state-of-the-art techniques in achieving high accuracy, efficiency, and flexibility, which is ideal for sentiment analysis in 

real-world applications at scale. 
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1. Introduction 

The digital communicative networks, an unparalleled amount of text data has been generated due to social 

media interactions, online reviewing, forum debates, and feedback mechanisms. The challenge of data unstructured 

problem has initiated the research of analytics, where the text mining and natural language processing has focused 

on sentiment classification. The analytics of sentiment classifications and set emotions to each text where the 

emotion would be of positive, negative, or neutral sentiment. For the sentiment analysis to be proper, it needs to 
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have a reactive application created for an instance, for the negative sentiment analysis, there would be a reactive 

application that would monitor the negative comments that would be available, and for positive sentiment analysis, 

it would monitor the comments that would be present. For the public sentiment measurement, negative sentiment 

analysis can be reactive for monitoring system, business sentiment analysis can monitor for positive comments, and 

for public comments, it can monitor the negative comments, it would monitor the positive comments that would be 

present for public comments. The negative comments would be Business intelligence, and for negative sentiment 

analysis would be reactive for a monitoring system, which can monitor the comments that would be present. The 

public sentiment would be available in the comments. In the first studies in public comment monitoring sentiment 

classification for monitoring, there would be public monitoring comment monitoring. The initial analysis of 

sentiment classification were basic unsupervised model constructs and lexicon-bound models. Even though these 

models offered less flexibility for contextual and domain specific language variations. Machine learning offered a 

new beginning era for data mining based sentiment analysis. In this case Naive Bayes model, Logistic Regression, 

Decision Tree and Support Vector Machine were utilized. The models did well, but focused on a simple range of 

criteria, losing structure, and even when data was noisy, in the analyses of sentiment of text data. In extensive, multi-

domain datasets, these subtleties become more prominent, as the contextual shifts can greatly alter sentiment 

polarities. 

Recent developments in ensemble gradient boosting techniques have garnered interest regarding their 

potential application in addressing some of these issues. However, having gained the reputation of being a premier 

machine-learning algorithm, due to its ability to process large datasets, as well as compute and store the required 

gradients, and having regularization to counter overfitting, Extreme Gradient Boosting (XGBoost) will be the likely 

candidate to prove or disprove the hypothesis. Although XGBoost is tuned to perform well in the presence of 

numerous features (as in features created from vectorization processes, e.g. Term Frequency–Inverse Document 

Frequency (TF–IDF) vectorization) and in computing the gradients for each feature, it does not inherently compute 

the gradients on the whole sample; that is, the sample does not compute similarities or relations gradients to the 

other samples. However, the computation of similarities and relations will likely improve the classifier’s 

performance. While there are numerous methods to compute the similarities and relations, the methods based on 

Support Vector Machine (SVM) should prove effective for these, as they compute the required proximity of the 

samples, and classify the samples into discriminative classes. From these approaches, it appears that there is the 

potential for improvement in the reduction of misclassification due to overlapping features having ambiguous 

contextual relations. The application of ensemble classifiers on representations that account for similarity relations 

appears to be a novel approach to enhance the implication of sentiment classifiers. 

In this paper, the current research develops an original framework for sentiment classification, combining SVM 

mechanisms for similarity and an XGBoost classifier. The current model utilizes SVM’s strength in the formulation 

of similarity and XGBoost’s predictive power in the high-dimensional text feature. Compared to other hybrid 

models, this framework is aimed at the reduction of redundant feedback loops, the improvement of the separability 

of the classes, and the enhancement of generalization for sentiment datasets of varied nature. The extensive 

experiments performed over benchmark datasets showed the proposed hybrid model to greatly exceed the traditional 

machine learning models with respect to accuracy, precision, recall, and F1-score. The generated research will be of 

great Importance in similarity sentiment classification and will provide a readily adaptable framework for real world 

opinion mining. 

2. Literature  Survey 

Sentiment analysis, topic modeling, opinion mining, document classification, and recommender systems are just 

a few of the many applications of text classification, a primary task in natural language processing (NLP). Recently, 

the need for text classification frameworks has grown as a result of the massive amounts of text produced by social 

media, online applications, and enterprise systems. Dogra et al. [1] offer a complete text classification end-to-end 

pipeline and describe important text classification steps such as data preprocessing, feature extraction, model 

training, and evaluation using the latest NLP techniques. They pointed out that text classification performance relies 

most heavily on representation learning and algorithmic strength/robustness, and this is especially true of the ‘real 

world’ noisy text. One of the many challenges of text classification is ‘class imbalance’ in which some of the 

sentiment or topic classes in the data set are overly abundant. Hachiya et al. [2] AUC (area under the curve) 

imbalance strategies in multi-class predictions showed how such imbalance-aware learning increases the predictive 

reliability of a model. Liu et al. [3] was the first to detail a term-weighting mechanism for imbalanced text 

collections, and in doing so, he pointed out that the traditional TF-IDF (term frequency-inverse document frequency) 

weighting schemes have little or no regard for the semantics of a document’s minority class. These studies 
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exemplify the need to focus on flexible feature weighting in sentiment classification, particularly in opinion mining, 

when neutral or minority sentiments are lacking. 

The challenges posed by feature spaces also apply to text classification. Nagy and Zhang [4] have claimed that 

high dimensional feature spaces require some form of statistical methodology to avoid overfitting and subsequent 

decline of model performance. While they did not focus on text, their work’s implications apply to some degree to 

most NLP problems that employ sparse vector representations. In the same vein, complexity of feature spaces in 

non-text domains has been reviewed by Le et al. [5], from whom we can draw some conceptual links to text 

representations, especially given the structural imprecision and redundancy in representation that can be 

semantically sparse. The adoption of representation learning instead of traditional feature engineering has been 

revolutionary in NLP. Mars [6] walked us from static word embeddings to the most advanced contextual pre-trained 

language models. This advancement allows classifiers to go beyond frequency counts and recognize better the 

different dimensions of the meaning and structure of the texts. In the same light, Sinjanka et al. [7] focused on text 

analytics in business intelligence, summarizing the non-structured text actionable insights generated by advanced 

embeddings and NLP. The most significant impact on text classification and sentiment analysis has been the 

transformer model. In their comparative study, Bashiri and Naderi [8] differed from other scholars in that they 

highlighted the contextual modeling ability of the transformer models and their performance stability across 

sentiment datasets. Regardless of the advantages, transformers raise issues of computational expense and 

interpretability, which continues to prompt research into hybrid and ensemble methods. As for addressing the 

semantic ambiguity, Yadav et al. [9], while reviewing disambiguation methods in NLP, observed contextual overlap 

as a principal contributor to the erroneous classification of sentiment in the NLP tasks. 

Text simplification has also been identified as a supporting mechanism for improving classification accuracy. 

Seneviratne [10] demonstrated that simplification of syntactic and lexical levels of complexity aids in the 

comprehension of a language, and in the indirect improvement of downstream NLP tasks, like language sentiment 

understanding. From a practicality point of view, Garg et al. [11] emphasized the practical applications of NLP in the 

domain of logistics, supporting the need for text classification systems that are scalable and adaptable to varying 

domains. The last several years of research in text classification led to an increased centrality of deep learning 

models. Kim [12] was the first to apply convolutional neural networks (CNNs) to the sentence-level classification 

problem and showed that local n-gram features, which are captured because of the convolution operations, are 

suitable to achieve competitive performance. Johnson and Zhang [13] built on this by using word order and 

demonstrated the importance of sequential order in determining the classification results. These works positioned 

CNNs as viable alternatives to the bag-of-words approaches. Different than CNNs, hierarchical and sequential 

models have also been widely researched. Yang et al. [14] suggested hierarchical attention networks, which can 

perform fine-grained attention-based feature selection and operate at the word and sentence levels. For this reason, 

their architecture was especially successful in long-text classification tasks. Schmidt [15] described the general 

characteristics of recurrent neural networks (RNNs), pointing out the strengths of RNNs in modeling temporal 

dependencies along with the problems of vanishing gradients and lengthy training times. The introduction of pre-

trained models helped solve some of the problems of previous architectures. Devlin et al. [16] created BERT, a deep 

bidirectional transformer that changed the way NLP was done by providing a new way of pre-training on large 

amounts of data, allowing for the first time, contextualized embeddings. After that, unsupervised/generative 

modeling was advanced by Radford et al. [17], who showed that big language models could perform a variety of 

tasks with no training on those tasks. Brown [18] extended this by adding few-shot learning and reducing reliance on 

labeled data. 

Text simplification has also been identified as a supporting mechanism for improving classification accuracy. 

Seneviratne [10] demonstrated that simplification of syntactic and lexical levels of complexity aids in the 

comprehension of a language, and in the indirect improvement of downstream NLP tasks, like language sentiment 

understanding. From a practicality point of view, Garg et al. [11] emphasized the practical applications of NLP in the 

domain of logistics, supporting the need for text classification systems that are scalable and adaptable to varying 

domains. The last several years of research in text classification led to an increased centrality of deep learning 

models. Kim [12] was the first to apply convolutional neural networks (CNNs) to the sentence-level classification 

problem and showed that local n-gram features, which are captured because of the convolution operations, are 

suitable to achieve competitive performance. Johnson and Zhang [13] built on this by using word order and 

demonstrated the importance of sequential order in determining the classification results. These works positioned 

CNNs as viable alternatives to the bag-of-words approaches. Different than CNNs, hierarchical and sequential 

models have also been widely researched. Yang et al. [14] suggested hierarchical attention networks, which can 
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perform fine-grained attention-based feature selection and operate at the word and sentence levels. For this reason, 

their architecture was especially successful in long-text classification tasks. Schmidt [15] described the general 

characteristics of recurrent neural networks (RNNs), pointing out the strengths of RNNs in modeling temporal 

dependencies along with the problems of vanishing gradients and lengthy training times. 

The introduction of pre-trained models helped solve some of the problems of previous architectures. Devlin et 

al. [16] created BERT, a deep bidirectional transformer that changed the way NLP was done by providing a new way 

of pre-training on large amounts of data, allowing for the first time, contextualized embeddings. After that, 

unsupervised/generative modeling was advanced by Radford et al. [17], who showed that big language models could 

perform a variety of tasks with no training on those tasks. Brown [18] extended this by adding few-shot learning and 

reducing reliance on labeled data. 

3. Research Methodology 

The proposed methodology splits into five distinct but interrelated phases that together facilitate the most 

robust, scalable, and similarity-aware sentiment classification from unstructured text data. Each phase in Figure 1 

attempts to address challenges such as data noise, ambiguity in semantics, imbalanced classes, and high-dimensional 

feature space, while also maintaining rigor and reproducibility in the method. 

Data Acquisition and Preprocessing: The first phase deals with understanding how to get and process the data 

that builds the entire sentiment classification pipeline. To keep the different sides of sentiment and the various ways 

to express it, the datasets were collected from different sources, including the widely used and public Kaggle 

sentiment datasets. With a neutral sentiment, these datasets provide text samples that have been labeled in various 

categories of sentiment: positive and negative. Text samples had preprocessing operations done to reduce the noise 

and to normalize the data. These operations consisted of converting the data to one case, deleting the data samples 

that were not complete, and getting rid of punctuation and special characters. In the words of Lemmatization, to 

convert them to their base forms, stop words were removed, and editing characters were performed. Data quality is 

improved when duplicate entries are removed. In this phase, the input data is processed to ensure that it is 

syntactically rational and semantically coherent. This increases the quality of each of the processes that follow, 

especially the feature extraction and classification. 

 

Figure 1 : Proposed system architecture for sentiment classification 

Feature Representation and Vectorization : Phase two is when the machine learning models need numerical 

representations of the preprocessed textual data. Capturing and suppressing the influence of the most uninformative, 

yet the most frequent, words is done by the Term Frequency-Inverse Document Frequency (TF-DIF) vectorization 

technique, and the its most useful variants for this purpose. The models also need both unigrams and bigrams to 

capture short, local, contextual dependencies of the phenomena they might be expressing sentiments toward. To 

lessen the negative impact of the high dimensionality of the extremely sparse text vectors, some of the most 

common, trivial, and pre-built reduction techniques, like variance thresholding and statistical relevance filtering, are 

utilized. From this phase, the resultant feature vector sets not only constitute the input space for all the collaborative 
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classification and similarity modeling of the models, but also serve to have the most balanced computationally 

efficient space and representationally rich, informative, feature subspace. 

SVM-Based Similarity Modeling : In phase three, we detail the incorporation of similarity-aware learning, with the 

aid of Support Vector Machine (SVM)-based similarity modeling mechanisms. Rather than performing classification 

as is typical with SVMs, we constrain SVMs to learn the discriminative margins of the transformed feature space of 

each sentiment class and text instances, along with the similarity score. The kernel functions, and specifically the 

radial basis function (RBF) kernel, help the SVM capture non-linear structures and the semantics of the closeness of 

the instances. The similarity score is calculated and then transformed to the space of additional features which 

represent the relational distance of sample pairs to the class prototypes. This step in similarity modeling is important 

for the resolving of the gaps in semantics and context which are the usual sources of misclassification in sentiment 

analysis. The addition of similarity features decreases the number of misclassifications due to lexically similar yet 

sentimentally different strings. 

XGBoost-Based Ensemble Classification : In this phase, the feature set is further enhanced by combining the TF–

IDF vectors and the SVM similarity features, which is then used as input for an Extreme Gradient Boosted 

(XGBoost) classifier. We chose XGBoost as our main classification model because it has the ability to work with 

large dimensions, it can balance the class with its built-in regularization, and it captures complex interactions among 

non-linear features. The main idea behind the XGBoost model is to draw a classification boundary and minimize the 

error which is done by constructing decision trees that iteratively do this while penalizing for overfitting. Building 

XGBoost models require setting some hyperparameters, which are usually done by cross-validation, and they 

include the learning rate, max depth of the trees, and the number of trees to grow. Compared to other classifiers, 

XGBoost can make better splitting decisions because it has similarity-aware features. This phase of the methodology 

is the main part as it’s the first time combining similarity learning and ensemble modeling. 

Performance Evaluation and Comparative Analysis : The last stage centers on an elaborate evaluation of the 

performance and comparison of the results. The proposed hybrid model SVM–XGBoost is assessed in relation to the 

metrics of standard sentiment classification which include the accuracy, precision, recall, F1 score, and area under 

the ROC curve. The results of the experiments were measured against the baseline machine learning models which 

include Naïve Bayes, Logistic Regression, SVM, and regular XGBoost without integration of the new proposed 

similarity model. The performance gains were measured using the statistical significance test. Also, the authors used 

the confusion matrix to study the behavior of predictions and the distribution of the errors. The last stage also 

describes the computational performance and scalability of the model to show the appropriateness of the proposed 

method to address real-world problems in sentiment analysis. The evaluation results give evidence to support the 

claim on the effectiveness, robustness, and generalizability of the proposed framework. 

4. Algorithm Design 

This section describes the different algorithms form a framework for sentiment classification with structure and 

awareness to solve noisy text, feature space dimensions, and sentiment class semantic overlap. Each algorithm is 

meant to address one problem to achieve strong feature representation, improved similarity learning, and precise 

ensemble-based predictive sentiment classification. 

Algorithm 1: Text Preprocessing and Feature Vector Construction Algorithm 

Let the input dataset be defined as 𝐷 = {(𝑡𝑖, 𝑦𝑖)}𝑖=1
𝑁 , where 𝑡𝑖represents the raw textual document and 𝑦𝑖 ∈

{1,2, … , 𝐶} denotes the corresponding sentiment class label. The objective of this algorithm is to transform 

unstructured text into a normalized numerical feature space suitable for similarity modeling and ensemble 

classification. 

Each document 𝑡𝑖undergoes a preprocessing transformation function Φ(⋅), defined as 

𝑡̂𝑖 = Φ(𝑡𝑖) = ℒ(ℛ(𝒯(𝑡𝑖))) 
 

where 𝒯(⋅) represents tokenization, ℛ(⋅)denotes noise removal including punctuation, stop-words, and 

special characters, and ℒ(⋅)applies lemmatization to reduce words to their canonical forms. The cleaned corpus is 

then mapped to a vector space using the Term Frequency–Inverse Document Frequency (TF–IDF) scheme. 

For a vocabulary set 𝑉 = {𝑤1 , 𝑤2, … , 𝑤𝑚}, the TF–IDF weight for term 𝑤𝑗in document 𝑡̂𝑖is computed as 
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TF-IDF(𝑤𝑗 , 𝑡̂𝑖) = tf(𝑤𝑗 , 𝑡̂𝑖) × log⁡ (
𝑁

df(𝑤𝑗)
) 

 

where tf(𝑤𝑗 , 𝑡̂𝑖)denotes term frequency and df(𝑤𝑗) represents document frequency. This yields a high-

dimensional sparse vector 𝐱𝑖 ∈ ℝ𝑚. To mitigate dimensionality and redundancy, a feature selection operator Ψ(⋅)is 
applied, producing a reduced representation 𝐱𝑖

′ = Ψ(𝐱𝑖). The output of this algorithm is a normalized feature matrix 

𝑋 = {𝐱1
′ , 𝐱2

′ , … , 𝐱𝑁
′ }, which serves as the input for similarity modeling. 

This algorithm ensures syntactic consistency and semantic relevance in the constructed feature space, 

thereby improving the robustness of subsequent learning stages. 

Algorithm 2: SVM-Based Similarity Learning and Feature Augmentation Algorithm 

Given the reduced feature matrix 𝑋 ∈ ℝ𝑁×𝑑 and label vector 𝑌 , this algorithm learns similarity-aware 

representations using a Support Vector Machine (SVM). The SVM is trained to learn a discriminative hyperplane by 

solving the following optimization problem: 

min⁡
𝐰,𝑏,𝜉

  
1

2
∥ 𝐰 ∥2+ 𝐶∑𝜉𝑖

𝑁

𝑖=1

 

subject to 

𝑦𝑖(𝐰
⊤𝜙(𝐱𝑖

′) + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0 
where 𝜙(⋅)is a kernel-induced feature mapping and 𝐶is a regularization parameter controlling margin violation. To 

capture non-linear semantic relationships between text instances, the radial basis function kernel is employed, 

defined as 

𝐾(𝐱𝑖
′ , 𝐱𝑗

′) = exp⁡( −𝛾 ∥ 𝐱𝑖
′−𝐱𝑗

′ ∥2) 

After training, similarity scores are computed between each document vector and class-wise support vectors. For 

each instance 𝐱𝑖
′, a similarity function 𝑆(⋅)is derived as 

𝑠𝑖 =∑𝛼𝑗

𝑁

𝑗=1

𝑦𝑗𝐾(𝐱𝑖
′, 𝐱𝑗

′) 

 

where 𝛼𝑗are the learned dual coefficients. These similarity scores quantify semantic proximity between samples and 

sentiment classes. The scores are normalized and concatenated with the original TF–IDF feature vectors to form an 

augmented representation: 

𝐳𝑖 = [𝐱𝑖
′   ∣∣   𝑠𝑖] 

 

This similarity augmentation enriches the feature space with relational semantics, enabling better separation of 

overlapping sentiment expressions. The resulting matrix 𝑍 = {𝐳1, 𝐳2, … , 𝐳𝑁}is forwarded to the ensemble classifier. 

Algorithm 3: XGBoost-Based Similarity-Enhanced Sentiment Classification Algorithm 

This algorithm employs Extreme Gradient Boosting (XGBoost) as the final classification engine using the 

similarity-enhanced feature matrix 𝑍. Let the predictive function be defined as: 

𝑦̂𝑖 =∑𝑓𝑘

𝐾

𝑘=1

(𝐳𝑖), 𝑓𝑘 ∈ ℱ 

where ℱrepresents the space of regression trees and 𝐾denotes the total number of boosting iterations. The learning 

objective is formulated as: 

ℒ =∑ℓ(

𝑁

𝑖=1

𝑦𝑖 , 𝑦̂𝑖) +∑Ω(

𝐾

𝑘=1

𝑓𝑘) 
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where ℓ(⋅)is a differentiable loss function such as softmax loss for multi-class sentiment classification, and Ω(𝑓𝑘) =

𝛾𝑇 +
1

2
𝜆 ∥ 𝑤 ∥2is a regularization term penalizing model complexity. 

At each iteration, XGBoost optimizes the objective using second-order Taylor expansion: 

ℒ (𝑡) ≈∑[𝑔𝑖𝑓𝑡(𝐳𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝐳𝑖)]

𝑁

𝑖=1

+ Ω(𝑓𝑡) 

Here 𝑔𝑖and ℎ𝑖 represent the first and second-order gradients, respectively, of the loss function. Decision trees, in this 

case, are built where splits are chosen based on improving the gain function and managing to classify better with less 

overfitting. The final output of the model predicts the highest level of the posterior sentiment class for each document 

of  𝐳𝑖. With the addition of the SVM-based similarity features, XGBoost can make better splits in the trees, which in 

turn increases the precision, recall, and F1 score in comparison to the standalone classifiers. The proposed algorithms 

combine SVM based similarity modeling, latest text processing, and XGBoost ensemble learning to attain 

ameliorated performance in the classification of sentiments. The hybrid of the algorithms improves the separability of 

the classes; the misclassification resulting from ambiguity in the context is less, and the robustness and scalability for 

the practical applications of sentiment analysis in the real world is more. 

5. Result and Discussion 

The experimental evaluation used labeled sentiment data sets with customer reviews  from twitter dataset. Text 

samples were pre-processed via normalization, tokenization, and padding prior to model training. Evaluation metrics 

included time, model size, and the effectiveness/efficiency measures accuracy, precision, recall, and F1-score. 

 

 

Figure 2: Accuracy Comparison of Sentiment Classification Models 

Figure 2 compares the accuracy of Naive Bayes, Logistic Regression, Support Vector Machine (SVM), standalone 

XGBoost, and the Hybrid XGBoost–SVM Similarity Model in sentiment analysis. The accuracy defined as the level 

of positive sentiment being identified correctly in the total number of test samples. Traditional probabilistic models, 

like Naive Bayes, have a higher level of this kind of inaccuracy, because the assumption of independence applies to 

far too few of the sentences. Only simple texts can sufficiently satisfy the large independence assumptions, and the 

texts containing the sentiment are far from simple. Logistic Regression and SVM improve on this, but each still only 

has a ground level understanding of the sentiment classes. Our hybrid model far surpasses both the other models and 

XGBoost, because of SVM-based similarity mapping. The similarity module restructures the features that describe 

the text, in a way that high-dimensional features are simplified to a few, meaningful, discriminative similarity 

values. XGBoost, along with its strong mid and nonlinear feature interaction capture, and misclassification error 

correction, in a boost approach is extremely useful. The improvement in this accuracy corroborates that the addition 

of traditional similarity-detection pre-learning, as opposed to pure pre-learning, is a great auxiliary technique for the 
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addition of gradient boosting and will improve the discrimination of sentiments. This suggests that the model will be 

effective with real sentiment classification with noisy, ambiguous, and rich text. 

 

Figure 3: Precision Analysis Across Classification Models 

Figure 3 analyses how well each classifier handles true positive sentiment cases with minimal false positive cases. 

The application of precise positive sentiment cases is generally important in sensitive analyses, like brand/ sentiment 

monitoring, and opinion mining, as it can lead to malfunctions in downstream decision-making with positive 

sentiment case misclassification. Naïve Bayes shows the smallest amount of positive performance due to the fact 

that it makes the most cases of positive over prediction from the dominating sentiment class. Logistic Regression on 

the other hand shows an improvement on the most positive correct cases of the previous Naïve Bayes case due to the 

application of positive performance while keeping the same over prediction positive cases from the dominant regress 

sentiment class. SVM shows improvement when it comes to positive case correct performances reliant on positive 

margin control on the dominating sentiment class, however, on the most positive prediction cases to non-

dominating, it shows the most positive case predictions and non-dominant negative class prediction.  

 

Figure 4: Recall Performance Evaluation 

Figure 4 shows recall scores for various classifiers based on their ability to accurately recognize each instance 

associated with relevant sentiments. Recall can impact a lot of areas such as social media monitoring or public 

opinion analysis; for these applications, missing any sentiment indicators could lead to loss of insight. With the 

Naïve Bayes model, recall is lower, as it does not conceptualize feature dependency bounds as well. While the 

recalls for Logistic Regression and SVM do improve, it is mostly due to the capture of a few biasing features. The 

SVM-based similarity learning constructs feature spaces more optimally since it clusters semantically comparable 

texts, even if they differ in wording. This lowers the number of missed instances in a class and raises class coverage. 

XGBoost strives to improve even the most lacklustre learners, meaning it is more of the missed sentiment instances. 
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While there is still much room for improvement within the recall scores, the proposed models are some of the more 

reliable models for identifying various instances of sentiment in large amounts of text. 

 

Figure 5: F1-Score Comparison 

Figure 5 depicts the F1 score, which is a way of measuring the accuracy of a model. It combines the measures of 

precision and recall and provides a way of measuring each model's classification capability. The F1 score is 

especially useful in a situation such as this, where a given dataset provides an imbalanced classification, as with the 

various sentiments of the dataset. F1 score is. The low F1 score of the Naivé Bayes model is considering the low 

measures of precision and recall in this model. The two models, Logistic Regression and SVM, can show some 

incremental, positive changes but fail to keep measures of precision and recall in some range. The XGBoost model 

shows positive F1 score outcomes since it is able to control the bias and variance issue using the ensemble approach 

of machine learning. The F1 score provided by the Hybrid XGBoost-SVM Similarity model shows a positive 

variance with respect to the other models. This positive variance in the results can largely be attributed to the cross 

application of a gradient boosted model and the SVM based model with a unit of similarity. This positive variance 

also demonstrates the positive result of using a combination of Similarity Aware Learning with gradient boosting. 

The SVM unit of similarity adds recall by making certain the text segments in question are semantically similar to 

one another, while the boosting unit of XGBoost refines the boundaries of the decision being made, thus providing 

more precision. The resultant balance illustrates that the proposed method achieves a high degree of dependability 

and consistency in the classification of sentiments. These attributes qualify the method to be used in the actual 

analysis of sentiments which is meant to be used in actual situations. 

 

Figure 6: Training Time Comparison of Models 
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In Figure 6, we see the different time spans for the training of different sentiment models. Time efficiency is a key 

attribute of sentiment analysis systems that are to be scaled and are to analyze large corpuses of texts. Naive Bayes 

has the Data analysis time because of its ease, but also its poor accuracy. More Data analysis time is attributed to 

Logistic Regression and SVM because of iteration of optimization and kernel calculations. Standalone XGboost has 

increased training time because of the multiple rounds to boost and construct trees. The proposed Hybrid XGboost - 

SVM Similarity Model has a training time that is slightly longer than that of Standalone XGboost, because of the 

added time taken to compute similarities. Despite this overhead being longer, it is justified by the added 

performance. Of special note is that there is no unnecessary similarity computations. After similarity scores are 

calculated, XGboost efficiently classifies. The results show that with the proposed model, there is a good balance 

with the complexity of the calculations and the performance of classifying. 

6. Conclusion 

This paper is proposing a detailed sentiment classification framework which combines classical machine 

learning and high-level ensemble learning to tackle problems in the field of sentiment analysis. With the 

construction of an XGBoost classifier with SVM-based similarity modeling, the study improves the efficiency in the 

computational resources and the discrimination of the semantics of the different classes of sentiment. The design of 

the study and result analysis prove that in a learning-paradigm dominated by hybrids, the units with classifier 

models in isolation can achieve a unbounded improvement in the classifier's ability to deal with the dimensionality 

and the data in context - ambiguous description. The contribution of the study is in the innovative combination of 

similarity learning and gradient boosting in a cohesive and structured manner. In effect, SVM-based similarity 

mapping is a filter to assist with the semantics of a given text and enhances the discriminative space in which the 

features exist, which then reduces the contextual data to be separated into lesser classes before the classification 

step. This pre-classification step enhances the ability of the XGBoost model to concentrate on the classification data 

that have not been accounted for and the details of the sentiment that the residual data possesses. The comparative 

assessments and numerical analyses consistently show improvement in all the measures - of accuracy, precision, 

recall, F1-score - in contrast to conventional classifiers such as Naive Bayes, Logistic Regression, standalone SVM, 

and basic boosting models. Additionally, there is nothing that contradicts the analysis of the training time that states 

that the framework in use prefers to be easy on the resources to achieve results of the same quality as the alternatives 

that can be used for high volume sentiment analysis. From a wider research point of view, this paper strengthens the 

significance of hybrid machine learning architectures for sentiment analysis, especially for the case of social media 

surveillance, opinion mining, and decision-support systems. The survey-based discussions position the proposed 

strategy within the periphery of literature and trends on similarity-aware and ensemble-based classification of texts, 

elucidating some of the trends in the literature. The proposed framework may be extended in future research, for 

instance, with contextual embeddings from transformer-based language models, adaptive feature selection, and 

multilingual sentiment datasets. The proposed framework, XGBoost-SVM, for instance, facilitates a contribution 

that is practically relevant and thematically comprehensive to the current theme within text analytics research: 

sentiment analysis. 
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