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Abstract


Sentiment is employed in various fields, such as collecting web-based opinions for the formulation of governmental policies, measuring employee and customer satisfaction levels in business organizations, and measuring the sentiment of the public in political and security matters. The field has recently faced new challenges since algorithms must operate with highly unstructured sentiment data from social media. In this study, the authors present a new stacking ensemble method that combines the lexicon-based approach with machine learning algorithms to improve the sentiment analysis of tweets. Due to the complexity of the text with very ill-defined syntactic and grammatical patterns, using lexicon-based techniques to extract sentiment from the content is proposed. On the same note, the contextual and nuanced aspects of sentiment are inferred through machine learning algorithms. A sophisticated bat algorithm that uses an Elman network as a meta-classifier is then employed to classify the extracted features accurately. Substantial evidence from three datasets that are readily available for public analysis re-affirms the improvements this innovative approach brings to sentiment classification.
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1. Introduction


Twitter, for instance, provides a public and personal space where users can share ideas and opinions and interactively engage in public discourses through brief posts called ‘tweets’, which are limited to 140 characters only. Through status updates and posts, users can share updates as text, photos, or videos, and engage in activities commonly referred to as liking a post, commenting, and sharing, among others. According to Twitter (https://nuoptima.com/23-top-twitter-statistics-2023 (accessed on 3 September 2024)), the platform had more than 259 million daily active users in 2022, which in the company’s context means the number of accounts accessed that the platform could claim with certainty for ad targeting. In the context of analyzing the information within social media participation, the available data insights help in understanding the changes in public perceptions, behaviors, and even psychological trends if the system demographics involve consistent and active users [1]. Consequently, using Twitter data for sentiment analysis has achieved significant appeal. The growing focus on social media analysis has heightened the apprehension surrounding Artificial Intelligence (AI) and Natural Language Processing (NLP) in text analysis.



The study of sentiment analysis has attracted more attention in recent years. The task here is to read and understand the textual content and predict the polarity of sentiments when people comment on other entities like a product, a person, or a specific policy. This could involve, for instance, studying customer feedback or blog articles. There has been a lot of progress in sentiment analysis for both the English and Chinese languages [2], thus contributing to a lot of advancements in the text mining field. However, sentiment analysts still need help with problems like the order of the elements, the different length sequences, and the complex logic flow.



Sentiment analysis techniques primarily fall into two categories: machine learning (ML) and lexicon approaches [3]. Lexicon-based sentiment analysis methods mainly rely on developing a sentiment lexicon, a list of words that bear sentiments or opinions [4]. These sentiment lexicons are then used to classify textual data. Hence, the lexicons should contain as many words relevant to sentiment polarity as possible to improve the classifier’s accuracy. Many prominent approaches to sentiment analysis have been established utilizing sentiment lexicons [5]. More recently, [6] proposed a data-driven approach for building sentiment lexica that achieves high accuracy in classifying microblogs. Their method was to use an improved statistical measure called enhanced mutual information to discover new words for the sentiment lexicon, thus improving both coverage and quality.



The LSTM model and the CNN have been studied extensively for sentiment analysis due to their high accuracy [7]. However, both LSTM and CNN have some limitations and their performance significantly depends on the amount and quality of the labeled data. Usually, the complexity of the neural network implies the need for more extensive training sets for the network to achieve the best results. Moreover, the quality of the word embeddings is another critical factor that determines classification results since it determines the proximity of the word vectors in the vector space.



Despite significant advancements in the sentiment analysis of tweets, mainly through ML-based approaches, challenges still need to be solved to achieve higher accuracy and robustness due to the diverse and informal nature of social media language. Many existing models need adjusting to generalize across the different topics, dialects, and expressions common in tweets [8]. Moreover, the effectiveness of various ML techniques, including deep learning (DL) models, is often limited by the quality and size of the labeled datasets [9]. While ensemble methods have shown promise in improving model performance, the potential for using stacking ensemble techniques in sentiment analysis still needs to be explored [10]. This research aims to address this gap by investigating the application of stacking ensembles to enhance the accuracy and adaptability of sentiment analysis models for tweets, particularly in handling the linguistic variability and contextual nuances that characterize social media content. Various comprehensive techniques have been devised to address the dialect, informal language, and multimodal challenges (including images and emojis) within a stacking ensemble model for Twitter sentiment analysis. Machine learning algorithms deduce the contextual and subtle dimensions of sentiment. An advanced bat technique utilizing an Elman network as a meta-classifier is subsequently applied to precisely classify the retrieved features.



The next section of the article is Section 2, which discusses previous sentiment analysis studies and techniques. Section 3 discusses the approaches and methods, as well as the type of techniques and algorithms that will be employed in the study. Section 4 delineates the dataset and shows the outcome of the sentiment analysis on different models. Finally, Section 5 provides a brief conclusion and a critical discussion of future research opportunities.




2. Literature Review


In their study using lexicon-based, ML, and combination sentiment analysis concerning climate change, lemmatization was proved to increase the efficiency of both the ML and hybrid models, while the TF-IDF feature extraction raised the performance of the LR classifiers [11]. Lexicon-based sentiment analysis involving a sports theme focused on tweets relating to major football matches. They reviewed 10,000 tweets that had been manually and automatically classified into casual categories: ‘positive’, ‘negative’, ‘neutral’, and ‘nonsense’. Through the sentiment analysis via lexicon, they proved that it is helpful for sport-related tweets and can respond to different questions in sports economics. The analysis has also been expanded to other social media platforms besides Twitter [12]. Another study [13] focused on predicting the unemployment rate in Korea using news articles, blogs, and Twitter data; this study was aimed at incorporating social and public sentiments on the unemployment issue. The authors successfully managed to lower the mean absolute error by 27.9% compared with a model based on the Google Index.



The tendency to integrate expert opinions on stock market movements through lexicon-based methods was investigated. Experts’ messages containing information about stocks on StockTwits were retrieved between January 2015 and June 2016. This study adopted sentiment lexicons like VADER, SentiWordNet, and TextBlob to evaluate the views of these leading experts on the stock market. The results suggested that VADER was the most accurate model, outperforming other ML approaches such as support vector machines (SVMs) and Naive Bayes (NB) [14]. In another study [15], DL models were employed instead of lexicon-based models to predict stock market movements using experts’ StockTwits sentiments. The proposed technique was tested using LSTM, doc2vec, and CNNs. The data was collected from January to June 2015. Using feature selection methods like chi-squared, ANOVA, and mutual information improved the results. The outcome of the experiments indicated that the DL models were accurate in predicting stock movements, with CNN yielding the best results compared to other models such as LR LSTM and doc2vec.



A lexicon-based method to perform sentiment analysis on text data showed that all the words in the text were compared against a predetermined list of opinion words. However, the approach needs to differentiate between domain- or context-oriented opinions. For example, this issue could be solved via blending with corpus-based analysis, employed to identify the sentiment orientation of opinion words and taking contextual factors into account [16]. A subjective feature lexicon for Hindi adjectives built an annotated corpus for Hindi reviews based on WordNet. However, the focus was only on the adjectives part of speech during the experiment, so the outcomes could have been better. Furthermore, the study only used one sentiment analysis linguistic resource (WordNet), despite the need to use a more elaborate resource like word sense disambiguation [17].



The tone of newspaper headlines was analyzed using the SVM, NB, and DL approaches in conjunction with CNN for sentiment analysis on manually coded headlines. However, as in the case of Sabah, their methods failed to produce positive outcomes, and they needed to use more techniques [18]. On the other hand, the ML approach was employed to examine the sentiments expressed in Malayalam tweets. The authors used NB, SVM, and random forest (RF), with the feature vectors extracted using a bag of words, term frequency, document frequency, unigrams, and SentiWordNet resources. In their experiments, they restricted their results to unigrams while disregarding bigrams and trigrams, and they proved that unigrams with SentiWordNet could do a good job [19].



Moreover, sentiment analysis models were suggested based on the text and emoticons in social media data. In their study, both ML and DL yielded good performance results. They pointed out that when using emoticons, the features significantly influence the sentiment polarity compared to the text alone. However, the current study was conducted in a single domain and language, English, and thus, the generalization of the findings could be limited because of the differences that exist with regard to different languages and domains [20].



The study proposed in [21] analyzed coronavirus tweets and TripAdvisor hotel reviews for sentiment. TF-IDF and prediction-based Word2Vec word embedding were utilized to vectorize the datasets. An ensemble model of transformers and an LLM that uses sentiment analysis to translate foreign languages into English were proposed in [22]. The neural machine translation models Google Translate and LibreTranslate translated Italian, French, Chinese, and Arabic, and the proposed model achieved over 86% sentiment analysis accuracy on the translated sentences, proving that foreign language sentiment analysis is possible using English translation. The ensemble model outperforms independent pre-trained models and LLM. In [23], a new ensemble classifier combined machine learning classifiers (random forest, decision tree, support vector machine) to classify the emotion sentiments of tweets. The researchers extracted features from pre-processed input using a bag of n-grams, word two vectors, and TF-IDF methods. In [24], SemEval-17 and Arabic Sentiment Tweet dataset tweet messages were analyzed for sentiment. They also examined four pre-trained language models and developed two ensemble models. Monolingual models outperform the baseline, ensemble models outperform the baseline, and the majority voting ensemble exceeds English. In [25], Swiggy, Zomato, and UberEats were contrasted. Deep learning-based sentiment analysis was used on R-Studio-retrieved customer tweets concerning all these brands. After pre-processing, the pseudo-inverse learning autoencoder extracted features analytically without many iterations. The authors proposed a CNN-Bi-LSTM framework. The word embedding model ConvBiLSTM represents tweets numerically. CNN outputs lower features from feature implanting. Elephant herd optimization fine-tuned the Bi-LSTM weights. Zomato received the most positive response (29%), followed by UberEats (25%), and Swiggy (26%).



The authors in [26] proposed a Twitter sentiment analysis method. Twitter database pre-processing includes stop word removal, number removal, tokenization, and stemming, etc. The pre-processed words were supplied to the Hadoop Distributed File System (HDFS) for MapReduce to eliminate repeated words. The emoticons and non-emoticons were exported as features. Rated features were based on their intended use. Classification followed using the DLMNN. Compared to other models, the proposed model had the highest accuracy (91.65%), F-Score (95.87%), recall (95.84%), and precision (95.78%).



Ref. [27] sought to generalize Twitter sentiment analysis using flask, which has built-in functions to classify text sentiment as positive, negative, or neutral. It retrieves Twitter data using API calls to the Twitter Developer account. The fraction of good, negative, and neutral tweets about a phrase is displayed in a pie chart on a webpage after data retrieval and analysis. Language analysis for the same sentence appears. The webpage also highlights and details tweets using the phrase. A CNN was utilized to extract attributes from Twitter data, while the authors in [28] developed a conditional generative adversarial network (CGAN) for sentiment analysis. The suggested work was superior to current efforts in terms of the accuracy, recall, precision, and F1-score. The proposed technique had the highest classification accuracy of 93.33%. The authors in [29] examined the public mood for stock market prediction in BIST30, Borsa Istanbul, using lexicon-based and ML-based sentiment analysis in Turkish. The study aimed to analyze Turkish financial tweets using sentiment analysis. They employed Orange’s multilingual sentiment to identify 17,189 samples’ polarity as positive, negative, or neutral for the lexicon-based aspect. Experimental results demonstrated that the SVM and multilayer perceptron achieved a 0.89 and 0.88 accuracy, and 0.8729 and 0.8647 AUC values. Other classifiers averaged 78.5% accuracy.



Bidirectional encoder representations from transformers (BERT) was utilized to analyze Twitter sentiment in [30]. The model was refined using a Kaggle dataset of manually annotated and anonymized COVID-19 tweets. The dataset included location, tweet date, original tweet content, and sentiment labels. BERT outperformed the multinomial Naive Bayes (MNB) baseline with 87% accuracy on the test set. Negative feelings had an accuracy of 0.93, a recall of 0.84, and an F1-score of 0.88; neutral sentiments had an accuracy of 0.86, a recall of 0.78, and an F1-score of 0.82; and positive sentiments had 0.82, 0.94, and 0.88. The authors in [31] analyzed popular mood during the 2024 presidential election. This research used SVM with Word2Vec feature extraction. This research found the optimum performance at a 20:80 ratio with a 90.75% accuracy, an F1-score of 90.43%, a recall of 93.08%, and a precision of 88.94%. The study’s SVM accuracy of 82.3% surpassed previous findings.




3. Methodology


3.1. Pre-Processing


The pre-processing module assists in extracting aspects by encompassing crucial processes such as data cleaning and formatting of the input data. This module removes words that are not meaningful for analysis, such as particular characters, digits, and words that frequently occur within a set of documents. In the NLP context, standard defining features of stop words include those words that are characterized by a low information content [32], which include words such as “the”, “a”, and “by”, which do not hold any aspects of the text. Pre-processing must involve the removal of these stop words because they are noise-generating elements within the features provided for the ML and DL models to analyze. In addition to general data cleansing, the pre-processing pipeline eliminates user mentions and URLs, while hashtags are retained and tokenized to capture significant keywords. To preserve the sentiment of emojis, which is essential for comprehending emotional context, they are transformed into text descriptions.



Thus, the pre-processing module helps to improve the quality of the data by eliminating such components and making the analysis more accurate. Apart from noise removal, this module also reduces the variability within the textual data by converting all letters to lowercase. This step is equally essential to ensure uniformity in the data as this is important for the next step in the analysis. Figure 1 below shows an example of how the pre-processing module affects several input texts.



In a stacking ensemble model for Twitter sentiment analysis, multiple comprehensive methods are developed to handle dialect, informal language, and multimodal difficulties (such as photos and emojis). First, tweet-specific normalization is used for language adaptation. This includes creating a bespoke vocabulary to capture regional dialects and slang variations and using NLP methods to handle informal language. For example, translating “u” to “you” and “gr8” to “great” can improve the model accuracy. Second, contextual embeddings from models like BERT or RoBERTa better capture language nuances than traditional embeddings, improving the contextual understanding. Attention methods allow the model to focus on the most critical aspects of a tweet when determining sentiment. A paradigm that blends textual and visual data addresses multimodal challenges. This entails employing convolutional neural networks (CNNs) to evaluate tweet photos, extract sentiment-related characteristics, and build an emoji sentiment lexicon for the stacking model. Model optimization also involves regularization to prevent overfitting and k-fold cross-validation during training to ensure generalizability across data subsets. Finally, a feedback method to continuously evaluate the model’s predictions identified dialect, informal language, and multimodal misclassifications, informing additional adjustments. Integrating these solutions successfully handles social media interactions, improving the tweet sentiment analysis.




3.2. Lexicon-Based Method


Lexicon-based approaches rely on the concept that a document’s sentiment is determined by the existence of its dominant sentiment terms. To simplify, the term “word” in our context might refer to either a single word or a phrase in a linguistic situation. There are two methods to compute such supremacy.



3.2.1. Simple Word Count (SWC)


Assuming we have a sentiment lexicon called “ l ” and a document called “ d ” consisting of words    {   w 1  ,    w 2  ,   ⋯ ,  w n   }    where    w i   (  1 ≤ i ≤ n  )    denotes the    i  t h     word in the text. Let   p o s  (  l , d  )    represent the frequency of positive words in  d , and   n e g  (  l , d  )    represent the negative words in  d . The sentiment word total of the document   s u m  (  l , d  )    is computed as the overall sum of sentiment words using Equation (1).


  s u m  (  l ,   d  )  = p o s  (  l ,   d  )  − n e g  (  l ,   d  )   



(1)







To define the sentiment orientation of  d  as follows:


   s  s w c    (  l ,   d  )  =  {      1 ,   s u m  (  l , d  )  > 0 ,       − 1 ,   s u m  (  l ,   d  )  < 0 ,       R C  ( d )  ,   o t h e r w i s e        



(2)







To address our difficulty, we allocate a random label to  d  when the total of emotion words equals 0.




3.2.2. Feature Scoring (FS)


Given a  l , the scoring function of a feature,   f ,   assigns a real-value number to the feature:


  s c o r e  (  l ,   f  )   {      > 0 ,   i f   p o s i t i v e ,       = 0 ,   i f   n e u t r a l ,       < 0 ,   i f   n e g i t i v e        



(3)







The scoring function determines the polarity (positive or negative) and the magnitude of the emotion polarity. This is predicated on the notion that emotional traits possess varying levels or degrees. Assuming we extract emotion words as features, terms such as nice, fantastic, and outstanding may indicate varying degrees of positivity. In contrast, words like terrible, awful, and dreadful can indicate varying degrees of negativity.



To compute the overall sentiment, the sum of a given   d =  {   f 1  ,  f 2  ,   ⋯ ,    f n   }   , where    f i   (  1 ≤ i ≤ n  )    represents the    i  t h     feature in  d , follow the equation given below:


  s u m  (  l , d  )  =   ∑   i = 1  n  s c o r e  (  l , f  )   



(4)







The emotion orientation of  d  can be specified by picking a threshold of 0.


   s  f c    ( d )  =  {      1 ,   s u m  (  l , d  )  > 𝓉       R C  ( d )  , −  | 𝓉 |  ≤ s u m  (  l , d  )  ≤  | 𝓉 |        − 1 ,   s u m  (  l , d  )  < 𝓉        



(5)







To address our issue, we randomly allocate a label to  d  when the aggregate value falls inside the threshold period. Simple word count is a specific instance of feature scoring in which the word is identified as a characteristic. Each positive word is assigned a score of 1. Each negative word is assigned a score of −1. The word “ 𝓉 ” is chosen as 0.



The essential aspect of the simple word count technique is constructing a lexicon that includes the polarity associated with each word entry. The crucial element of the feature scoring approach involves extracting features, defining a highly effective scoring function, and identifying a precise threshold.





3.3. Basic Lexicon Based Method


3.3.1. MPQA Subjectivity Lexicon (MPQA)


There are two instances of MPQA entries for the terms “furious” and “relieved” that can be found included in Table 1, which illustrates that the MPQA lexicon provides annotations for words, including their type, length, string, part-of-speech, and other properties. Out of all the attributes, we focus on preceding polarity and polarity. The former refers to the sentiment orientation of words within a particular context, whereas the latter refers to the polarity of words that is not influenced by context.



We created a polarized lexicon by combining the MPQA lexicon. A word’s polarity is determined by its polarity in use; otherwise, it is determined by its former polarity.



General Inquirer (GI): The General Inquirer annotates a maximum of 186 properties for each entry, making it an ideal tool for extracting rich linguistic features. We constructed a lexicon for our assignment by utilizing the positive and negative attributes.



Bing Liu’s Lexicon: Bing Liu’s lexicon already divides words into positive and negative categories. The vocabulary was transferred directly, with just a minor amount of encoding conversion performed.




3.3.2. SentiWordNet (SWN)


SentiWordNet offers users pre-arranged groups of words with similar meanings that may be readily used for sentiment analysis. Table 2 contains examples of entries.



It is clear from looking at Table 2 that SentiWordNet offers a real-value positive score and a negative score (referred to as PosScore and NegScore) for each specific word. It is important to note that SentiWordNet includes unigram words and multiword expressions (n pounds). One of the functions of SentiWordNet is to group words with a similar emotion orientation into distinct groups. For instance, “run dry” and “dry out” are included in the same collection. Through our observations, these traits may be used to ascertain the polarity of words, extract n-gram features, and devise a scoring algorithm.



Using the PosScore and NegScore numerical values assigned to each item, we can ascertain the polarity and degree of emotion associated with specific phrases. To identify the polarity of a given input word, w, in SentiWordNet, the method is as follows:


  p o  l  s u m    ( w )  =  {      1 ,   i f   P o s S c o r e  ( w )  > N e g S c o r e  ( w )  ,       − 1 ,   i f   P o s S c o r e  ( w )  < N e g S c o r e  ( w )  ,       0 ,   o t h e r w i s e        



(6)







We removed terms having a polarity of 0 from our dictionary. We developed a straightforward scoring method, which utilizes the scores directly from SentiWordNet. The scoring function for a given word, w, is as follows:


  s c o r  e  s u m    (  w ,   l  )  = P o s S c o r e  ( w )  − N e g S c o r e  ( w )   



(7)







In addition, SentiWordNet can be utilized for n-gram feature extraction. This approach effectively handles sentimental words and addresses the crucial phrases that play a key role in expressing opinions.




3.3.3. Vader Sentiment Lexicon (VSL)


VADER is a vocabulary that contains polarity and intensity information for each item. The fundamental framework is shown in Table 3.



The intensity of each word is determined by computing the average of human rating vectors collected from 10 expert annotations. The lexicon only includes items with a standard deviation of 2.5 or less. We can ascertain the polarity of each word input,   w ,   from the data we have gathered.


  p o  l  v a d e r    ( w )  =  {      1 ,   i f   I n t e n s i t y  ( w )  > 0 ,       − 1 ,   i f   I n t e n s i t y  ( w )  < 0        



(8)







As mentioned before, we have eliminated terms having an intensity of 0. VADER offers individual word submissions as a feature, namely using unigrams. Two scoring functions may be devised using the VADER lexicon for the feature scoring algorithm. The first method directly utilizes the intensity of the feeling as the sentiment score.


  s c o r  e  v a d e r 0    (  w ,   l  )  = I n t e n s i t y  ( w )   



(9)







The alternative scoring algorithm uses a normalized intensity.


  s c o r  e  v a d e r 1    (  w ,   l  )  =    I n t e n s i t y  ( w )   d    



(10)







The variable  d  represents the range of intensity values in the lexicon’s column. Let  W  be a string consisting of the characters    w 1    and    w 2   , where 1 is a positive integer, and n is the size of the VADER vocabulary. The value of d may be determined using the following calculation:


  d =   max  j   (  I n t e n s i t y  ( W )   )  −   min  j   (  I n t e n s i t y  ( W )   )   



(11)







By following this approach, VADER can be used in sentiment classification tasks that rely on lexicons.





3.4. Machine Learning Models


3.4.1. Decision Tree


A decision tree (DT) is one of the most significant and widely used algorithms in supervised learning. The analysis phenomenon has been the subject of substantial research in previous studies [33,34,35,36,37] since it has been recognized as an efficient method for enhancing convolutional neural networks’ (CNNs) representation capabilities in multiple domains. CNNs are also used for object recognition [38], detection of human movement [39,40], target detection [41], and person identification [42]. Many investigations indicate that tree-based ensemble models, such as RF or gradient boosting, are preferred for numerous problems. A DT has a basic premise based on creating a model that estimates the value of a dependent variable using decision rules derived from the whole dataset. The structure of the decision tree resembles a tree diagram where every node may either be a leaf node related to a class label or a decision node required to make decisions. Decision trees are easy to understand and explain in terms of decision-making and arriving at predictions. One of the disadvantages of a DT is that it is a weak learner and, therefore, may produce inferior results when used on small datasets.



The primary learning progress in DTs amount to choosing the most appropriate attribute. Different trees use different measures to overcome this challenge, including information gain in the ID3 algorithm and the gain ratio used in the C4.5 algorithm. Let    D i    be the subset of samples in the training dataset,   D ,   with the discrete attribute  A  having the  i -th value. The information gain and gain ratio for attribute  A  can be computed as follows:


  G a i n  (  A , D  )  = E n t r o p y  ( D )  −   ∑   i = 1  n      |   D i   |     | D |     E n t r o p y  (   D i   )   



(12)






  G a i n R a t i o  (  A , D  )  =    G a i n  (  D ,   A  )    I V  ( A )      



(13)




where the intrinsic value of attribute  A  can be calculated as:


  I V  ( A )  = −   ∑   i = 1  n      |   D i   |     | D |     l o g 2     |   D i   |     | D |      



(14)








3.4.2. Random Forest


Random forest (RF) is another technique involving multiple unpruned decision trees connected using the bagging method, where a random sample of predictors is chosen when splitting the data for each tree. The result of a RF is obtained after each tree in the forest has made its prediction, which comes to a majority decision. The no free lunch theorem tells us that no single algorithm can always perform better than all other algorithms, and, in all circumstances, this may be why the RF is better and more stable than a single classifier most of the time.


  F  ( x )  = a r g m a x  {    ∑   i = 1  z  T  (  A  (  B ,  θ k   )   )   }   



(15)







In the case of RF,   F  ( x )    is the prediction function where  i  represents the target categorical variable and  F  is the characteristic function. To ensure that the trees contributing to the RF model are unique, randomness is included in the sampling procedure and the selection of the splitting variables.




3.4.3. Support Vector Machine


A support vector machine (SVM) is among the most basic and frequently applied models for analyzing binary and multi-class problems, as demonstrated in previous research. CNNs using SVMs have recently achieved tremendous success [43,44,45,46,47]. Recently, researchers have employed CNNs in human action recognition [48,49,50], statistical models [51,52,53,54], and other medical imaging domains [55,56,57]. An SVM is a supervised ML classifier that researchers use to solve binary and multi-class classification problems. In a binomial classification context, an SVM draws a boundary line in space with the equation    w T  x + b = 0  , known as the hyperplane;  w  is a weight vector perpendicular to the boundary, and  x  represents the instances. The term  b  is the bias, which measures the correction from the specified origin. In an SVM, the principal objective is to find the values of  w  and  b . When the level of internet use is linear, there is a possibility of  w  being computed by the Lagrangian function. The data points nearer to the hyperplane in the direction of the farthest away class are known as support vectors. As such, the solution to  w  can be described mathematically and is presented in Equation (16).


  w =   ∑   i = 1  n   α i   Y i   X i   



(16)







In Equation (16),  n  symbolizes the sum of support vectors, and the target class label,    Y i   , refers to the samples,  x . Next, the details about the bias term,   b ,   is    y i   (   w T   x i  + b  )  − 1 = 0  . In the nonlinear case, the kernel trick is used, and the decision function, which is represented in Equation (17) involving  w  and the array  b , is given by:


  f  ( x )  = s g n  (    ∑   i = 1  n   α i   y i  K  (   x i  , x  )  + b  )   



(17)







The positive semi-definite functions adhere to Mercer’s condition and are similar to kernel functions [58]. Equation (18) can be used to represent the polynomial kernel as:


  K  (  x ,  x i   )  =    (   (   x T   x i   )  + 1  )   d   



(18)







The Gaussian kernel is expressed in Equation (19) as:


  K  (  x ,  x i   )  = e x p  (  − γ | | x −  x i    | |  2   )   



(19)









3.5. Meta Classifier


The selected features are then inputted into the proposed improved bat algorithm based on the Elman network (IBA-ENet) classifier, mainly designed for sequence classification after the feature selection is made. The ENet, which is a typical categorization of a recurrent neural network (RNN), is trained in the supervised learning mode and optimized by the backpropagation neural network. ENets are backpropagation systems with an added level of persistent connections and delay details. ENets with one or more hidden layers require adequate connections within the units; they can then approximate input and output mapping with acceptable accuracy. However, these networks incorporate basic correlation equations to provide the training output and may need to be more accurate.



This network has four layers: the input layer, the hidden layer, the context layer, and the output layer. The input layer takes its source from external nodes and internal sources or may re-feed the output layer as input. The hidden layer can adapt to a stable structure by varying the design variables, which can be analyzed and optimized. In this process, the selections were made and the models with the highest average improvement were chosen. Furthermore, in the test input matrix, the output layer can be used to evaluate the rationalization of the network and complete the training process with improvements in simplification.



The context layer helps in retaining the output of the hidden layer of the RNN, which works like a delay of one step. Because of this design, the network shows great dynamic information processing capacity and a fast convergence rate, making it well-suited for prediction and classification problems. Yet, like other traditional models, it also has a flaw in the weight updating method; that is, the gradient descent is sensitive to local optima. To overcome this challenge, the current work utilizes an IBA that optimizes the initial weights of the network to prevent entrapment in local minima. The ENet quickly stabilizes by utilizing IBA’s inherent parallel search in the system. The ENet optimized for IBA is called IBA-ENet. The structure of the proposed method is indicated in Figure 2.



Corresponding to the ENet’s structure diagram, the k-th receiving or context layer unit’s output at iteration t is articulated as,


   y  c k  t  = g ×  y  c k   t − 1   +  y j  t − 1   ,   k , j = 1 , 2 , ⋯ n  



(20)







Here,    y  c k  t    is the  k -th context layer unit output at the  t -th iteration;    y j  t − 1     is the output of the  j -th hidden layer unit at the  t -th iteration; and  g  is a feedback gain factor.


   y t  = f  (   w 2  .  y c t  +  w 2  .  s  t − 1    )   



(21)






   y c t  = g ×  y c  t − 1   +  y  t − 1    



(22)






   z t  = q .  (   w 3  ×  y  t − 1    )   



(23)







In this regard,    y c t    expresses the feedback state vector;    s t    depicts the input vector;    z t    illustrates the output vector;    w 1    identifies the connection weight between the input layer and hidden layer;    w 2    signifies the connection weight between the receiving layer and hidden layer;    w 3    represents the connection weight between the hidden layer and output layer; and, lastly,  g  represents the transfer function of the output layer, which is usually a linear function as shown in Equation (25). Of these, the general excitation function,    q y  ,   is the transfer function of the hidden layer, which may be the sigmoid activation function.


   q y  =   1  1 +  e  − y       



(24)






  g  ( y )  = y  



(25)







The network error employed here is termed the cross-entropy loss function and is calculated as,


    E →  L C  =   ∑   k = 1  m   [   t k  × log  (   z k   )   ]   



(26)







Here,    t k    implies the targeted value;    z k    signifies the output predicted value.




3.6. Stacking Ensemble


To improve the performance of the sentiment analysis, we introduced a stacking ensemble method that comprehensively incorporates and strengthens lexicon-based and ML-based approaches. The MPQA-SWC, SWN-SWC, and VSL-SWC techniques are lexicon-based approaches whereby sentiment incorporation depends on the sentiment words’ frequency and a set of positive and negative sentiment lists. They effectively identify raw sentiment expressions since the methods implement rule-based analytical paradigms. Furthermore, lexicon-based techniques and machine learning classifiers function as foundational models. We have incorporated machine learning techniques like DT, RF, and SVM, which have been trained on annotated datasets for sentiment analysis because of their capacity to detect complex patterns in the data. The strength of this approach is that it emphasizes the strengths of the two methodologies, which strengthens the overall sentiment classification. In a stacking ensemble model, the meta-classifier learns how to combine base classifier predictions to optimize classifier weights. Consider the stacking ensemble with DT, SVM, and RF base classifiers. These base classifiers predict the validation dataset after training. DT, SVM, and RF predictions [0.8, 0.4, 0.9] are employed as meta-classifier input features. The meta-classifier, possibly a logistic regression model, learns the best prediction combination from these outputs. During training, the logistic regression meta-classifier may weigh the DT 0.6, SVM 0.2, and RF 0.2. As the model minimizes training data error, these weights are learned automatically. Since the DT may be the most accurate on the dataset, it contributes more to the final prediction than the other two classifiers, with a weight of 0.6. Cross-validation, regularization, and limiting base classifiers have been implemented to reduce overfitting in the stacking ensemble model for Twitter sentiment analysis. To avoid overfitting, k-fold cross-validation has been used to evaluate the model’s performance across several data subsets. L1 and L2 regularization have been used to control model complexity, notably in base classifiers, to focus on valuable features and patterns rather than noise. Finally, the ensemble’s basic classifiers have been carefully constrained to balance model diversity and avoid overfitting the training data. The proposed stacking technique is shown in Figure 3.



The stacking ensemble model is developed using the resultant outputs of the lexicon-based and the ML-based approaches, which are used to create a meta-level classifier. Let    f 1   ( x )  ,  f 2   ( x )  , … ,    f n   ( x )    be the individual classifiers in the ensemble, where  x  represents the feature vector and  n  is the number of base models. The meta-classifier   I B A − E N e t  ( x )    then aggregates these predictions as follows:


  I B A − E N e t  ( x )  = h  (   w 1   f 1   ( x )  +  w 2   f 2   ( x )  + … +  w n   f n   ( x )   )   



(27)




where   h  ( . )    is the meta-learning function and    w 1  ,  w  2 ,     … ,    w n    are the weights of the base classifier’s predictions. The weights are selected by cross validation to achieve the best weight for the best overall performance. This approach also enables the acquisition of as many sentiment nuances as possible while maintaining high levels of precision due to the rule-based lexicon method and the powerful predictive abilities of the ML classifiers, resulting in better sentiment analysis outcomes.





4. Experimental Results


4.1. Dataset


The Sentiment140 (https://www.kaggle.com/datasets/kazanova/sentiment140 (accessed on 24 July 2024)) dataset comprises 1.6 million tweets collected via the Twitter API, specifically curated for sentiment analysis tasks. Each tweet is annotated with a sentiment label where 0 represents a negative sentiment, 2 denotes neutrality, and 4 indicates a positive sentiment. It includes six fields: target (sentiment label), ids (tweet ID), date (timestamp), flag (query status), user (Twitter handle), and text (tweet content). This dataset provides a comprehensive resource for training and evaluating sentiment analysis models using real-world social media data.



The X-News Dataset consists of 10,000 news headlines (short text) from specific channels like CNN, BBC, NBC, ABS-CBN, and Sky Sports that describe the global events occurring between 2022 and 2023. These headlines are grouped to suit their relevance concerning the human brain category. To begin with, approximately 10,000 ‘headlines’ with random documents were compressed. The X-News dataset can be divided into 48 types of classes. To measure the effects of news headlines on the human brain, the impact of the headlines was determined, whether they were positive, negative, or informative.



Twitter Financial News (https://www.kaggle.com/datasets/borhanitrash/twitter-financial-news-sentiment-dataset?select=sent_train.csv (accessed on 24 July 2024)) is an English-language dataset specifically for financial news that contains 11,932 tweets tagged and annotated for sentiment analysis. Each tweet is labeled with one of three sentiments that could be bearish (negative outlook), bullish (positive outlook), or neutral (not classified as positive or negative). This work is crucial for creating models for analyzing the sentiment of the financial markets using the content of social media as the source of information, which is helpful in forecasting market shifts and in identifying ways in which public sentiments can affect the financial markets.




4.2. Experimental Setup


All experiments were performed on a dedicated server with an i9 9900K CPU with eight cores and 16 threads, NVIDIA RTX2080Ti as GPU, and 64GB RAM. The competition’s dataset was divided with 90% for training, 10% for validation purposes, and 1000 data points set aside for testing. We employed Grid Search for hyperparameter optimization to ensure optimal performance, allowing us to systematically explore various configurations. The hyperparameter configuration details are shown in Table 4.




4.3. Results of Comparison with ML-Based Methods


The performance metrics in Table 5 reveal a clear advantage for the proposed stacking ensemble method on the Sentiment140 dataset, which integrates both lexicon-based and ML techniques. The proposed method excels across all metrics, achieving an impressive accuracy of 97.93%, a precision of 99.95%, a recall of 97.98%, and an F1-score of 95.97%. In contrast, individual ML models such as RF, SVM, and DT show lower metrics, with RF leading among them with an accuracy of 71.83% and an F1-score of 71.22%. The NB and K-Nearest Neighbor (KNN) models perform the worst, highlighting the superior performance of the proposed ensemble approach, effectively capturing the strengths of both lexicon-based and ML methods and leading to significant improvements in the sentiment analysis.



The results in Table 6 illustrate the performance of various sentiment analysis models on the X-News dataset, highlighting that the proposed model significantly outperforms all traditional methods. The SVM and NB models demonstrate lower accuracy, precision, recall, and F1-scores than the more advanced models. RF and DT models show improved performance, with DT achieving the highest metrics among the traditional approaches. However, the proposed model excels with an accuracy of 89.57%, a precision of 93.12%, a recall of 87.38%, and an F1-score of 88.82%, indicating its superior capability in correctly classifying sentiment and balancing precision with recall. This suggests that the proposed model provides a highly effective solution for sentiment analysis, surpassing the existing methods in overall performance.



The results in Table 7 highlight a striking advancement in sentiment analysis with the proposed stacking ensemble model on the Twitter Financial News dataset, which combines lexicon-based and ML techniques. The SVM achieves a solid performance with an accuracy of 72.18% and a precision of 73.27%, but the proposed model’s remarkable results overshadow these metrics. NB shows relatively lower efficacy across all metrics, while RF and DT offer robust performance but still fall behind the proposed model’s superior accuracy of 93.85% and impressive F1-score of 90.42%. KNN lags further behind, particularly in the F1-score, demonstrating the proposed model’s exceptional capability to optimize precision and recall.




4.4. Results of Comparison with Lexicon-Based Methods


Table 8 compares various sentiment analysis models on the Sentiment140 dataset, highlighting their performance across accuracy, precision, recall, and F1-score metrics. Among the lexicon-based methods, the VSL-SWC model demonstrates the highest performance, with an accuracy of 83.45%, a precision of 83.44%, a recall of 82.16%, and an F1-score of 82.22%, outperforming other models such as MPQA-SWC and SWN-SWC. However, the proposed model significantly surpasses all others, achieving an outstanding accuracy of 97.93%, a precision of 99.95%, a recall of 97.98%, and an F1-score of 95.97%. This comparison underscores the superior effectiveness of the proposed model, which not only excels in accuracy but also maintains a strong balance across precision, recall, and F1-score, thereby setting a new benchmark in sentiment analysis performance.



Table 9 provides a comparative overview of various sentiment analysis techniques on the X-News dataset, with the proposed model being the most effective. It achieves the highest accuracy of 89.57%, with a precision of 93.12%, a recall of 87.38%, and an F1-score of 88.82, indicating a well-rounded and high-performing approach. In contrast, the VSL-BFS model is the best among the lexicon-based methods, showing an accuracy of 80.25% and an F1-score of 78.98, outperforming other models like MPQA-BFS and SWN-NFS, which exhibit lower performance across these metrics. While the MPQA-SWC model achieves a respectable accuracy of 77.39%, it does not match the efficacy of the proposed model. The data demonstrates that the proposed model offers superior precision and reliability, making it the preferred choice for sentiment analysis tasks.



The comparative analysis in Table 10 reveals a clear progression in the performance metrics across different sentiment analysis models on the Twitter Financial News dataset. The MPQA, SWN, and VSL models, particularly in their standard forms, show moderate accuracy ranging from 60.78% to 64.67%, with corresponding F1-scores below 63.14%. However, using enhancements such as SWC, BFS, and NFS bring noticeable improvements. For instance, the MPQA-BFS model achieves a substantial F1-score of 76.41%, and the SWN-SWC model reaches a precision of 78.87%. The VSL-NFS model is robust, with a recall of 82.34% and an F1-score of 76.98%. Nevertheless, the proposed model eclipses all with an impressive 93.85% accuracy, 91.63% precision, 92.74% recall, and 90.42% F1-score, underscoring its superior capability in sentiment classification.




4.5. State-of-the-Art Comparisons


Table 11 illustrates the recent proposals of several strategies for detecting fake news and their corresponding accuracy levels. The initial entry is K Shu et al. [59], who employed the TextCNN methodology and attained an accuracy of 88.50% on the FakeNewsNet dataset. Choudhury et al. [60] stated that an SVM with TF-IDF features achieved an accuracy of 89.20% on the LIAR dataset, demonstrating the efficacy of classical machine-learning approaches in this context. Bahad et al. [61] employed an LSTM model with Word2Vec embeddings, attaining an accuracy of 87.60% on the PolitiFact dataset; this is comprehensible given the complexity of maintaining long-term dependencies in textual data. Logistic regression applied to the Kaggle Fake News dataset in Jiang et al. [62] attained an accuracy of 88.10%, underscoring that simpler models can occasionally perform competitively. Pratiwi et al. [63] utilized a Naïve Bayes classifier with n-grams on the BuzzFeed Fake News dataset, with an accuracy of 89.50%. Nasir et al. [64] integrated CNN and LSTM inside an ensemble framework, achieving 90.25% accuracy on the Twitter Fake News dataset, demonstrating the efficacy of hybrid methodologies. The methodology above clearly contrasts with the previous one, employing an ensemble of both lexicon-based and machine-learning techniques, and achieving a significantly greater accuracy of 97.93% on the Sentiment140 dataset. This substantial enhancement reinforces the efficacy and reliability of the suggested method for fake news detection, signifying a significant advancement in the domain.



The proposed methodology can use a dynamic system to monitor and process tweets in real time. This system will use the Twitter API to obtain real-time sentiment data on topics, brands, events, and people. The lexicon-based component swiftly analyzes tweets by matching terms to sentiment dictionaries. The sentiment of a tweet would be calculated by summing the sentiment scores of each word. This strategy works well for simple sentiments but may struggle with complicated or sarcastic wording. This approach uses machine learning models trained using massive datasets of labeled tweets to capture more sophisticated language patterns including slang, context-specific idioms, and ironic or caustic utterances.



The stacking ensemble method uses lexicon-based and machine learning models to supply a meta-classifier for sentiment categorization. By combining both methods, the system is more accurate and robust. Lexicon-based analysis makes rapid, rule-based conclusions, while machine learning models adapt to language usage evolution. This stacked ensemble can monitor business reputation, customer feedback, political mood, and live event reactions in real time. Dashboards provide sentiment information from tweets, allowing decision-makers to move quickly regarding trends or emergencies. Businesses can respond to product criticism, while political analysts can assess election sentiment. Organizations looking to quickly comprehend and respond to public mood can benefit from the system’s real-time operation and its ability to handle massive and ever-changing Twitter data.





5. Conclusions


Sentiment analysis and opinion mining are becoming increasingly important in the digital world; however, there are significant challenges encountered because numerous interactions on the internet are still not structured. This research describes and illustrates a new method that can be used to address these challenges. The research shows that combining lexicon-based feature extraction with machine learning-based feature extraction significantly enhances social media text analysis. This strategy outperforms several state-of-the-art techniques when used with the most appropriate classifier. First, the study achieves the intended improvement in accuracy as elucidated in the aim of the study. Twitter sentiment analysis using ensemble models has many real-world applications. Brand monitoring and reputation management use tweets to assess public opinion toward their products and services, enabling quick replies to negative comments and marketing strategy changes. Also used in political sentiment analysis, these models allow campaign managers to adjust their messaging based on voter reactions to candidates and policies. Stacking ensembles can also be used for market research and consumer insights, examining tweets about their sector or competitors to uncover consumer preferences and upcoming trends to inform product development and marketing. Stacking ensemble models for tweet sentiment analysis has various drawbacks. Due to domain dependency, these models are frequently trained using specific datasets, limiting their generalizability. Stacking models often use numerous base learners, increasing computational complexity. This complexity can increase processing power and training time, rendering them unsuitable for real-time applications that require fast predictions. Future work will focus on extending the method to multilingual and code-mixed texts, adopting more complex pre-processing methods to deal with diverse types of written language, and exploring DL methods to improve classification accuracy. This adaptation necessitates adjustments, including integrating multilingual embeddings and formulating mechanisms for properly managing code-switching. Furthermore, training using varied linguistic datasets is essential to guarantee a strong performance across distinct language situations. Moreover, real-time capability for sentiment analysis will also be considered to address the dynamic use of social media in business and personal communication.
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Figure 1. Text samples before and after the pre-processing on the Twitter Financial News Sentiment Dataset. 
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Figure 2. The proposed architecture of IBA-ENet. 
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Figure 3. The architecture of the proposed stacking technique. 
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Table 1. Illustration of MPQA lexicon for sample words along with its annotations.
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	Word
	Annotation





	furious
	type = weaksubj

len = 1

word = abandoned

pos = adj

stemmed = n

priorpolarity = negative



	relieved
	type = weaksubj

len = 1

word = relieved

pos = adj

stemmed = n

polarity = positive

priorpolarity = weakpos










 





Table 2. Examples of entries after applying SentiWordNet.
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	POS
	ID
	PosScore
	NegScore
	SynsetTerms
	Gloss





	a
	00035750
	0.75
	0.125
	brilliant#1, bright#1
	full of light; shining intensely; a brilliant idea or performance



	n
	09238547
	0.25
	0
	happiness#1, felicity#1
	state of well-being characterized by emotions ranging from contentment to intense joy



	v
	00312643
	0.125
	0.375
	struggle#1, fight#3
	to exert oneself physically or mentally; to make a great effort



	a
	00104321
	0
	0.625
	gloomy#1, morose#1
	characterized by or producing a dark and cheerless atmosphere



	n
	05204831
	0.5
	0
	hope#1, optimism#1
	a feeling of expectation and desire for a certain thing to happen



	v
	00193425
	0
	0.75
	criticize#1, knock#1
	to express disapproval of someone or something; to find fault with



	v
	02771756
	0
	0
	run_dry#1,

dry_out#2
	become empty of water; the river runs dry in the summer










 





Table 3. Extracted polarity and intensity information using VADER.
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	POS
	ID
	PosScore
	NegScore





	fantastic
	2.3
	0.5
	[3, 3, 4, 3, 2, 3, 4, 3, 3, 3]



	awful
	−2.5
	0.7
	[−3, −3, −4, −2, −3, −3, −2, −3, −4, −3]



	meh
	−0.2
	1.0
	[0, 1, −1, 0, 0, 1, 0, 0, 1, −1]



	yay
	2.1
	0.4
	[3, 2, 3, 3, 2, 3, 3, 2, 3, 3]



	terrible
	−2.7
	0.9
	[−3, −4, −3, −3, −3, −4, −3, −3, −3, −4]



	awesome
	2.5
	0.6
	[3, 3, 4, 2, 3, 3, 4, 3, 3, 3]










 





Table 4. Hyperparameter configuration details to train the proposed model.
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	Configuration
	Value





	Optimization Function
	Adam



	Batch Size
	8



	Learning Rate
	10-3



	Epochs
	50



	EarlyStopping
	Monitor = ’val_loss’, patience = 5










 





Table 5. Comparison of different classifiers with proposed architecture on the Sentiment140 dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	SVM
	68.56
	70.12
	65.33
	67.64



	NB
	51.23
	54.77
	49.51
	50.24



	RF
	71.83
	73.10
	70.28
	71.22



	DT
	65.76
	66.00
	63.14
	64.38



	KNN
	61.33
	63.45
	60.02
	59.98



	BERT
	84.23
	85.98
	83.22
	83.13



	RoBERTa
	89.17
	91.67
	87.46
	88.06



	Proposed
	97.93
	99.95
	97.98
	95.97










 





Table 6. Comparison of different classifiers with proposed architecture on the X-News dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	SVM
	52.78
	54.22
	49.87
	50.99



	NB
	54.32
	55.38
	51.65
	53.17



	RF
	61.64
	62.57
	60.13
	59.84



	DT
	66.75
	67.00
	64.57
	63.12



	KNN
	54.23
	55.16
	52.83
	53.98



	BERT
	67.78
	69.33
	65.25
	66.12



	RoBERTa
	72.33
	75.57
	71.32
	70.98



	Proposed
	89.57
	93.12
	87.38
	88.82










 





Table 7. Comparison of different classifiers with proposed architecture on the Twitter Financial News dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	SVM
	72.18
	73.27
	71.89
	71.17



	NB
	53.47
	54.15
	52.67
	51.89



	RF
	63.35
	64.56
	62.04
	62.76



	DT
	67.51
	68.03
	66.46
	66.45



	KNN
	59.76
	60.77
	60.24
	55.23



	Proposed
	93.85
	91.63
	92.74
	90.42










 





Table 8. Comparative analysis of various sentiment analysis techniques on the Sentiment140 dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	MPQA
	64.34
	65.00
	63.50
	64.24



	SWN
	57.16
	59.64
	55.34
	56.21



	VSL
	62.89
	63.25
	59.23
	61.33



	MPQA-SWC
	81.23
	81.99
	81.02
	80.42



	MPQA-BFS
	66.45
	68.12
	64.67
	64.44



	MPQA-NFS
	51.22
	52.56
	49.89
	50.37



	SWN-SWC
	78.67
	80.02
	78.04
	77.12



	SWN-BFS
	63.33
	64.55
	61.99
	61.45



	SWN-NFS
	71.98
	71.23
	70.45
	70.23



	VSL-SWC
	83.45
	83.44
	82.16
	82.22



	VSL-BFS
	81.92
	82.76
	80.87
	81.04



	VSL-NFS
	75.50
	73.41
	75.01
	74.32



	Proposed
	97.93
	99.95
	97.98
	95.97










 





Table 9. Comparative analysis of various sentiment analysis techniques on the X-News dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	MPQA
	64.12
	65.74
	63.04
	62.92



	SWN
	61.54
	62.29
	61.00
	59.99



	VSL
	68.78
	68.33
	65.73
	67.48



	MPQA-SWC
	77.39
	78.48
	76.45
	76.23



	MPQA-BFS
	67.65
	69.62
	62.89
	66.01



	MPQA-NFS
	70.59
	71.81
	72.63
	68.44



	SWN-SWC
	74.43
	76.87
	71.28
	73.69



	SWN-BFS
	71.92
	73.35
	68.65
	70.42



	SWN-NFS
	65.88
	67.29
	67.14
	63.39



	VSL-SWC
	76.47
	79.63
	77.32
	74.54



	VSL-BFS
	80.25
	81.18
	79.57
	78.98



	VSL-NFS
	73.16
	72.54
	70.93
	72.27



	Proposed
	89.57
	93.12
	87.38
	88.82










 





Table 10. Comparative analysis of various sentiment analysis techniques on the Twitter Financial News dataset.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)





	MPQA
	60.78
	63.12
	62.32
	58.72



	SWN
	64.67
	66.49
	60.54
	63.14



	VSL
	63.19
	65.12
	61.78
	62.01



	MPQA-SWC
	71.45
	72.41
	70.51
	69.98



	MPQA-BFS
	75.39
	76.98
	77.47
	76.41



	MPQA-NFS
	73.24
	77.45
	70.63
	72.56



	SWN-SWC
	77.66
	78.87
	73.89
	76.28



	SWN-BFS
	71.89
	73.05
	72.70
	70.77



	SWN-NFS
	74.35
	76.11
	71.58
	73.11



	VSL-SWC
	79.42
	80.35
	78.22
	78.21



	VSL-BFS
	76.60
	78.14
	72.19
	75.84



	VSL-NFS
	79.19
	81.00
	82.34
	76.98



	Proposed
	93.85
	91.63
	92.74
	90.42










 





Table 11. Comparison of the proposed methodology with state-of-the-art methods.
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	Reference
	Methodology
	Accuracy (%)





	K Shu et al. [59]
	TextCNN
	88.50



	Choudhury et al. [60]
	SVM with TF-IDF
	89.20



	Bahad et al. [61]
	LSTM with Word2Vec
	87.60



	Jiang et al. [62]
	Logistic Regression
	88.10



	Pratiwi et al. [63]
	Naïve Bayes with n-grams
	89.50



	Nasir et al. [64]
	CNN + LSTM Ensemble
	90.25



	Proposed
	Ensemble with Lexicon + ML Approach
	97.93
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