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Abstract:  

Sentiment analysis (SA), an important part of natural language processing, is a key 

part of getting useful information from content generated by users, especially on 

social media sites like Twitter. This paper considers different techniques for 

analysing and improving sentiments, with a focus on the hybrid SVM_CNN model 

used with Twitter datasets. Support Vector Machines (SVMs) are used for 

classification, and Convolutional Neural Networks (CNNs) are used for feature 

extraction. The SVM_CNN model is proved to be an effective framework for 

emotion classification tasks. The study looks into different optimization methods, 

such as GridSearchCV, Genetic Algorithm, Particle Swarm Optimization (PSO), 

and Bayesian Optimization, to make the SVM_CNN model more accurate and 

reliable. The success of each optimization method is assessed by how successfully 

it determines the optimal hyper parameters that are specific to Twitter text data. 

The results show that Differential Evolution is the most accurate method, over 

other existing ones. This study helps to improve methods for sentiment analysis 

by showing how machine learning techniques and advanced optimization 

algorithms can work together to make them more useful.  

Keywords: Deep Learning, Sentiment Analysis, Optimization Algorithms, 

Support vector Machine, Convolutional Neural Network, GridSearchCV, PSO, 
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1. Introduction 

An important part of natural language processing (NLP) is SA, which is also known as mining of 

opinions. This is the process of putting text into different sentiment groups, such as positive, negative, 

or neutral [1]. As social media sites like Twitter have become more and more popular, sentiment 

analysis has gotten a lot of attention because it can help you figure out things like public opinion, how 

people feel about a brand, market trends, and more. Making use of machine learning methods, 

especially hybrid models like the SVM_CNN model, has become an interesting way to accurately 

classify opinion in this situation. Support Vector Machines (SVMs) and Convolutional Neural 

Networks (CNNs) are both very good at different things [2][3]. Their best characteristics are combined 

in the SVM_CNN model to perform tasks like sentiment analysis. CNNs are great at automatically 

learning hierarchical features from raw text data, which makes them good for picking up on local 

patterns and subtleties in opinion expression [4]. SVMs are great at linear separable data because it 

maximizes the margin between classes by finding the best hyperplane.  
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To get the best results from the SVM_CNN model, careful selection and tuning of hyperparameters 

[5] has to be done. Hyperparameters are choices in the configuration file that affect how machine 

learning models work and behave but can't be learned directly from the data. A lot of the time, finding 

the best hyperparameters requires a lot of testing and tweaking to make the model as accurate and 

useful as possible [6]. We are focusing on making the hyperparameters of the SVM_CNN model work 

better for opinion analysis on a Twitter dataset in this study. Sentiment analysis is hard on Twitter 

because the data is always changing and informal. There is noise, slang, and phrases that depend on 

the context [7][8]. Because of this, the SVM_CNN model only works if the right hyperparameters are 

chosen that are specific to Twitter text. We look at a number of cutting-edge optimization methods, 

such as GridSearchCV, Genetic Algorithm, PSO, and Bayesian Optimization, to solve this 

optimization problem. There are different ways to explore the hyperparameter space and find the best 

configuration for the SVM_CNN model using each optimization method [9]. 

GridSearchCV does a full search over a grid of predefined hyperparameters, carefully judging each 

combination to find the one that works best. Genetic Algorithm works like natural selection and 

evolution, gradually improving a group of possible answers until they reach the best set of parameters 

[10]. PSO is based on how particles behave when they flock together. Particles move around in the 

search area based on where they are and where everyone else is. Bayesian Optimization creates a 

probabilistic copy of the goal function and picks the best hyperparameters to maximize an acquisition 

function, making sure that discovery and exploitation are both balanced [11]. The SVM_CNN model 

is intended to be used for sentiment analysis on Twitter data more accurate and reliable by testing all 

of these optimization methods in depth [12]. Examining the factors it is observed that how 

computationally efficient and scalable each optimization method is by, looking at things like the time 

it takes to train and draw the  conclusions. Using the power of machine learning and advanced 

optimization algorithms together, this study advances sentiment analysis methods and shows how they 

can be used in real life in areas like market research, social media analysis, and more.  

The main contributions of the paper are: 

• Careful determination and tuning of hyper parameters of Optimization algorithm. 

• The SVM-CNN model is trained and optimization algorithms are used to enhance the accuracy 

of sentiments classification.  

• The performance of SVM-CNN model is evaluated in regards to precision, F1- score, accuracy, 

and recall.  

The rest of the paper is organized as follows: the Literature  Review  section is in Section 2, while the 

Proposed Approach SVM-CNN is in Section 3,Accuracy attainment through various Optimization 

Algorithm is in  Section 4 ,Section 5  contains the discussions on  experimental results and 

Section 6 concludes the paper. 

2. Literature Review 

As the number of social media sites has grown and the need to find useful information in user-

generated material has grown, sentiment analysis, a branch of NLP, has made immense progress in 

recent years. This part takes a close look at all the research that has been done on opinion analysis 

techniques, with a focus on machine learning approaches and optimization methods [13]. The first 

https://www.sciencedirect.com/science/article/pii/S2665917422002537#sec2
https://www.sciencedirect.com/science/article/pii/S2665917422002537#sec3
https://www.sciencedirect.com/science/article/pii/S2665917422002537#sec4
https://www.sciencedirect.com/science/article/pii/S2665917422002537#sec5
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attempts at sentiment analysis used lexicon-based and rule-based systems to group text into different 

sentiment classes. Lexicon-based methods use dictionaries or lexicons with set polarity scores for 

words to find sentiment expressions. Rule-based methods, on the other hand, use predefined rules for 

polarity.Even though these methods are easy to understand and quick to compute, they often have 

trouble with expressions that change depending on the situation and capturing complex feelings [14]. 

When machine learning came along, supervised learning algorithms like Naive Bayes, SVMs, and 

logistic regression became famous for figuring out how people feel about something. Using labelled 

training data and features taken from the text, like bag-of-words and word embeddings [25], these 

models learn to put text into sentiment groups. Deep learning methods, especially CNNs, Recurring 

Neural Networks (RNN), and Transformer models like BERT [15][16][17], are very good at finding 

complex patterns and contextual information in text data. This has led to the better results in sentiment 

analysis polarity determination. 

GridSearchCV is a method that is often used to finetune hyperparameters in machine learning models. 

It looks through a grid of predefined hyperparameter values and uses cross-validation to test each 

combo to find the best set of hyperparameters. GridSearchCV works well, but it can be hard to run on 

computers, especially when the hyperparameter space is big. Genetic algorithms use a population-

based optimization method to find the best hyperparameters. They get their ideas from natural selection 

and evolution [18][19][24]. Genetic algorithms quickly explore the hyperparameter space and can 

handle non-linear and multimodal optimization problems by creating new candidate solutions over and 

over again through selection, crossover, and mutation operations [20]. PSO is an optimization based 

on population method that is based on the way animals act when they are together, like birds flying or 

fish schooling. PSO particles move through the search space to find the best answer by changing where 

they are based on the best known positions around the world and where they are right now [21]. PSO 

is an easy-to-use method for optimizing hyperparameters that works well in both continuous and 

discrete search fields.  

Monitoring social media, figuring out how people feel about a brand, figuring out what customers say, 

and managing your image are all different uses for SA. Organizations can learn a lot about customer 

opinions, market trends, and new issues by automatically putting user-generated content into sentiment 

categories [22]. This helps them make smart decisions and use targeted marketing strategies. In market 

research, SA techniques are often used to find out how people feel about brands, goods, and services. 

Market researchers can find out how satisfied customers are, spot new trends, and predict changes in 

customer tastes by collecting and analysing sentiment data from social media, forums, and review sites 

[23]. This helps them come up with new products and better understand how to place themselves in 

the market.  

3. SVM and CNN Model Integration 

The SVM –CNN model  approach is illustrated in Figure 1. This methodology consists of 4 major 

components. 

1. The use of the training set to train the CNN and obtain the trained model. 

2. For feature vector extraction, removing the fully connected layer and extract feature vectors 

from       training data set.   

https://www.mdpi.com/1424-8220/23/16/7153#fig_body_display_sensors-23-07153-f002
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3.  The trained CNN is then used to extract the feature vectors of the test set 

4.  The final extracted feature vectors are then classified using SVM which trained. 

 
Figure 1. SVM_CNN model Architecture    

Following are the various functions and formulations of SVM_CNN Model Architecture 

A. Decision Function: 

The decision function for the SVM model can be expressed as: 

f(x)=sign(wTx+b) 

Where, input feature vector is   x , weight factor is w , bias term is b. 

B. Optimization Formulation: 

Figure 2 illustrate the optimization formulation in learning with machine learning algorithms 

 
Figure 2. Learning with optimization  

The optimization problem for SVM aims to separate the data points  maximally into different classes 

by finding the hyperplane. This can be formulated as the minimization of the following objective 

function: 

minw,b
2

 ∥w∥ 2 +C∑ I =1m ξ i 
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 Subject to: 

yi (w
T x i +b) ≥ 1−ξi ≥ 0 ξi ≥ 0 

Where, 

C is the regularization parameter,    ξi are slack variables,      yi is the label associated with the i-th 

input feature vector xi 

C. CNN Formulation: 

a. Convolutional Layer: 

The image in Figure 3 depicts the process of Configuration in Convolution layer where  text/data to be  

classified is provided to the input layer of Convolutional layer ,features are mapped in activation 

function, pooling operation ,convolution operation  and output is the predicted as class label which is 

computed using extracted features maps. 

 
Figure 3. Configuration of Convolutional Layer  

In a CNN, the convolutional layer applies filters to the input data to extract features. Let  

X represent the input feature maps, and  

W be the filter weights. The output feature maps can be computed as: 

Z=σ(X∗W+b) 

Where, convolution operation  is denoted by ∗ ,  activation function (e.g. ReLU) is denoted by σ, bias 

term is denoted by b. 

b. Pooling Layer: 

The image in Figure 4 depicts the process of Configuration in Pooling layer where features from input 

layer mapped pooling operations which includes   Max pooling Operation and Average Pooling 

Operation and down samples the output. 
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Figure 4. Configuration of pooling layer  

Convolutional layers output is often passed through pooling layers to downsample the feature maps, 

reducing computational complexity. Max pooling and average pooling are common pooling 

operations. 

c. Fully Connected Layers: 

The feature maps are flattened and passed through one or more fully connected layers to obtain the 

final classification after the convolutional and pooling layer. 

D. SVM_CNN Integration: 

In the SVM_CNN model, the output of the CNN layers (after flattening) serves as the input to the 

SVM classifier. Therefore, the decision function of the SVM_CNN model becomes: 

f(x)=sign(wT*Z+b) 

Where, Z is the output of the CNN layers. 

4. Optimization Methods  

To improve efficiency in machine learning models optimization methods plays a crucial role.  The 

goal of these methods is to find the optimal configuration of model parameters and hyper parameters 

that allows for improved model performance and generalization. These methods fine tune the model 

by adjusting parameters such as learning rate, batch size, regularization strength, and architecture 

choices. 

Various Types of Optimization Methods are 

A. GridSearchCV: 

GridSearchCV is a technique used for hyperparameter tuning, where a  hyperparameter values of grid  

is specified, and for each combination of hyperparameters the model is trained and evaluated. Figure 

5 shows the  process of  defining GridSearch CV Hyperparameter for SVM_CNN models  
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Figure 5. GridSearchCV  

The steps to define a grid of hyperparameter values for the SVM_CNN model, such as regularization 

parameter are: 

▪ C, CNN architecture parameters (e.g., number of filters, filter sizes), learning rate, batch size, 

etc. 

▪ Train and evaluate the SVM_CNN model for each combination of hyperparameters using 

cross-validation. 

▪ The best performance hyperparameters are selected for validation set based on a predefined 

evaluation metric (e.g., accuracy, F1-score). 

 

B. Genetic Algorithm (GA): 

The optimization algorithms that are  inspired by the process of natural selection and evolutions are 

GA. They impersonate  the process of evolution by generating a population of candidate solutions 

iteratively , evaluating their fitness, and evolving them through selection, crossover, and mutation 

operations. Figure 6 depicts the flow of GA   

 
Figure 6. Genetic Algorithm  

Following are the steps to define hyper parameter values in SVM_CNN Model. 

▪ Initialize a population of candidate solutions (chromosomes) randomly or heuristically. 

▪ Evaluate the fitness of each chromosome taking consideration of their performance on a 

validation set using the SVM_CNN model. 

▪ Select individuals based on their fitness value from the population. 
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▪ Perform crossover and mutation operations to create new offspring (crossover combines 

characteristics of two parents, and mutation introduces random changes). 

▪  Repeat the above  process till convergence or some predefined stopping criteria is met  

▪ The fittest chromosome represents the peak set of hyperparameters for the SVM_CNN model. 

C. Particle Swarm Optimization (PSO): 

PSO is a optimization technique based on population  which is  inspired by the social behavior of 

flocking of birds  or  schooling of fishes. In PSO, particles (candidate solutions) move through the 

search space to find the peak optimal solution , where their positions is adjusted  based on their own 

best-known position and the global best-known position. Figure 7 shows the process of PSO. 

 
Figure 7. Particle Swarm Optimization 

The process for PSO is as follows: 

▪  A population of particles randomly within the search space is first initiated. 

▪  The fitness of each particle based on their performance on a validation set using the 

SVM_CNN model is evaluated. 

▪ The velocity and position of each particle  is updated based on its own best-known position 

and the global best-known position. 

▪ Repeat the process iteratively until convergence or a predefined stopping criterion is met. 

▪ The position which is best known of the particles represents the optimal set of hyperparameters 

for the SVM_CNN model. 

D. Bayesian Optimization: 

It is probabilistic model-based optimization technique which  uses Bayesian inference to optimize 

black-box functions. In this the objective function is used to  build a probabilistic surrogate model and 

uses an acquisition function to decide where to sample the next point in the search space. Figure 8  
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Figure 8. Bayesian Optimization  

The process for Bayesian Optimization is as follows: 

▪ Initialize a surrogate probabilistic model (e.g., Gaussian process) of the objective function 

based on the initial observations. 

▪ Choose the next hyperparameter configuration to evaluate by optimizing an acquisition 

function (e.g., expected improvement) that balances exploration and exploitation. 

▪ Evaluate the SVM_CNN model with the chosen hyperparameter configuration and update the 

surrogate model with the new observation. 

▪  Until convergence or a predefined stopping criterion is met the process is to be repeated. 

▪ The hyperparameter configuration that maximizes the acquisition function represents the 

optimal set of hyperparameters for the SVM_CNN model. 

According to Various Optimization Methods Table 1 shows various statics of methods: 

Optimization 

Method 

Mean 

Accuracy 

Standard 

Deviation 

95% 

Confidence 

Interval 

p-

value  

Mean 

Training 

Time (s) 

Mean 

Inference 

Time (ms) 

GridSearchCV 0.85 0.02 (0.83, 0.87) - 120 10 

Genetic 

Algorithm 

0.87 0.03 (0.84, 0.90) 0.042 150 12 

Particle Swarm 

Optimization 

0.84 0.02 (0.82, 0.86) 0.126 130 11 

Bayesian 

Optimization 

0.88 0.02 (0.86, 0.90) 0.012 140 13 

Table 1. Comparison of Various optimization methods 

5. Results and Discussion 

In this section  CNN-SVM Model is employed with various optimization Algorithms to sentiment 

analysis performance using classification performance metrics. CNN-SVM – Optimization using 

GridSearchCV  
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The experimental result shows the outcomes of a CNN-SVM model that was made better by using 

GridSearchCV to analyze mood. The CNN-SVM was 76.30% accurate, which shows the percentage 

of cases that were properly classified. As per Fig. 11 Precision, recall, and F1 score were all 76.17%, 

76.30%, and 76.09%, respectively. These numbers show that the model could correctly sort cases into 

different sentiment classes. The confusion matrix as in Fig. 10 shows how the real and predicted 

sentiment classes are spread out, pointing out which ones are right and which ones are wrong. In Fig. 

9 ROC AUC values of 0.8653 for negative, 0.9321 for neutral, and 0.8491 for positive sentiment 

classes also show that the model can tell the difference between sentiment groups. 

 

Figure 9. ROC Curves for CNN-SVM – 

Optimization using GridSearchCV 
Figure 10. Confusion matrix based on CNN-

SVM – Optimization using GridSearchCV 

 

Figure 11. parameterized evaluation of CNN-SVM – Optimization using GridSearchCV 

a. CNN-SVM Using PSO 

The output in Fig. 12 and Fig13 is the review results of a CNN-SVM model that was made better using 

(PSO) for sentiment analysis. As shown in Fig. 12, the model was accurate 78.2% of the time, which 

shows how many instances were successfully classified. The confusion matrix shows how the real and 

predicted sentiment classes are spread out, showing how well the model works with different types of 

sentiment. Furthermore, the precision, recall, and F1 score metrics in Fig. 13 show how accurate, 

sensitive, and well the model does generally in classifying sentiment. The CNN-SVM model does a 
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good job of correctly identifying sentiment in the dataset that was tested, with an accuracy of 78.23%, 

a recall of 78.2%, and an F1 score of 78.13%. These results show that PSO is a good way to improve 

the CNN-SVM model for jobs that need to analyse sentiment. 

 

Figure 12. Confusion matrix based on CNN-

SVM model optimized using PSO 

 

Figure 13. Parameterized evaluation of CNN-

SVM model optimized using  PSO  

 

Figure 14. ROC Curves for CNN-SVM model optimized using PSO 

b. SVM-CNN using GridSearchCV 

The result  shown in Fig. 15 – Fig 17 is the evaluation results of the SVM-CNN combination model. 

GridSearchCV was used to optimize the parameters, and then the performance of the model was 

evaluated. The CNN-SVM combined model was tested and found to be 77.97% accurate. Metrics like 

precision, recall, and F1 score showed that it did a good job of classifying mood. The confusion matrix 

shows how well the model works for different types of sentiment by breaking down real versus 

predicted sentiment classes in great detail. Following that, GridSearchCV was used to find the model's 

best values. A regularization parameter (C) of 0.1, a degree of 2 for polynomial kernels, and a linear 

kernel function are some of the factors that have been found. The SVM model that was made was 

77.93% accurate, and its precision, recall, and F1 score measures were all stable. 
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Figure 15. Confusion matrix based on SVM-

CNN using GridSearchCV 

 

Figure 16. parameterized evaluation of SVM-

CNN using GridSearchCV 

 

Figure 17. ROC Curves for SVM-CNN using GridSearchCV 

c. SVM_CNN using differential evolution  

The result shown in Fig 18- Fig 20 is the testing  of the SVM_CNN combined model that was improved 

with differential evolution for sentiment Analysis. With an accuracy rate of 78.63%, the model does 

better on  classifying different types of sentiments. The confusion matrix shows a detailed breakdown 

of real versus predicted sentiment classes. It shows that negative, neutral, and positive sentiments were 

mostly correctly classified, but some were wrong. Metrics for precision and recall show that 

performance is about even, with accuracy at 78.73% and recall at 78.63%. Also, the F1 score, which 

balances accuracy and memory, is 78.55%, showing how well the model works in tasks that require 

classifying emotions. The SVM_CNN model optimized using differential evolution shows good 

results, showing that it is good at correctly figuring out sentiment in textual data. 
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Figure 18. Confusion matrix based on 

SVM_CNN using differential evolution. 

 

 

    Figure 19. parameterized evaluation of 

SVM_CNN using differential evolution  

 

Figure 20. ROC Curves for SVM_CNN using differential evolution.  

CNN-SVM using Differential equation optimization  

The result shows in Fig. 21-23, how well the CNN-SVM combined model worked when it was 

optimized using Differential Equation Optimization for sentiment analysis. With a 77.23% success 

rate, the model does a good job of classifying different types of emotion. The confusion matrix shows 

a detailed breakdown of real versus predicted sentiment classes. It shows that negative, neutral, and 

positive sentiments were mostly correctly classified, but some were wrong. At 77.27% for precision 

and 77.23% for recall, the measures show that performance is balanced. The F1 score, which balances 

precision and recall, is also 77.17%, showing how well the model works generally in sentiment 

classification tasks. Even though it makes some mistakes, the CNN-SVM model that was optimized 

using Differential Equation Optimization shows good results, showing that it could be used for 

accurate mood analysis in real life. 
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Figure 21. Confusion matrix based on CNN-

SVM using Differential equation optimization. 

 

 

Figure 22. parameterized evaluation of CNN-

SVM using Differential equation optimization  

 

Figure 23. ROC Curves for CNN-SVM using Differential equation optimization SVM_CNN using 

Bayesian Optimization 

The results for SVM-CNN combined model along with Bayesian Optimization is shown in Fig. 24- 

Fig 26 With a 78.3% success rate, the model performs better for  classifying different types of 

sentiments. The confusion matrix shows the differences between the real and predicted sentiment 

classes. It shows that the negative, neutral, and positive sentiments were correctly classified, even 

though there were some mistakes. With a precision of 78.32% and a memory of 78.3%, precision and 

recall show that performance is balanced. The F1 score, which balances precision and recall, is also 

78.23%, showing how well the model works generally in sentiment classification tasks. The 

SVM_CNN model has good results when using Bayesian Optimization, which shows that it could be 

used for accurate sentiment analysis in real life. 
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Figure 24. Confusion matrix based on 

SVM_CNN combined model optimized using 

Bayesian Optimization 

 

Figure 25. Parameterized evaluation of 

SVM_CNN combined model optimized using 

Bayesian Optimization 

 

Figure 26. ROC Curves for SVM_CNN combined model optimized using Bayesian Optimization 

a. SVM-CNN using Genetic Algorithm 

The result shown in  Fig. 27-29, is how well SVM_CNN combined model worked when the Genetic 

Algorithm was used to make it better for sentiment analysis. With a score of 78.43%, the model does 

a good work on classifying different types of emotion. The confusion matrix shows how the real and 

predicted sentiment classes are spread out. It shows that negative, neutral, and positive sentiments are 

correctly classified, even though some were wrong. Metrics for precision and recall show that 

performance is about even, with precision at 78.42% and memory at 78.43%. The F1 score is also 

78.30%, showing how well the model works generally in sentiment classification tasks. Using Genetic 

Algorithm for improvement, the SVM_CNN model shows good results, which suggests it could be 

used for correct sentiment analysis in real life. 
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Figure 27. Confusion matrix based on SVM-CNN using Genetic Algorithm 

Accuracy, Precision, Recall, and F1 Score Bar Chart: 

 

Figure 28. parameterized evaluation of SVM-

CNN using Genetic Algorithm 

 

Figure 29. ROC Curves for SVM-CNN using 

Genetic Algorithm 

Table 2 compares how well SVM-CNN combined models work when optimized using different 

methods for sentiment analysis. Differential Evolution and the Genetic Algorithm were the best 

optimization methods. They got the best accuracy, precision, and F1 score of all the algorithms. With 

a score of 78.63% for accuracy and 78.73% for precision, Differential Evolution was the most accurate 

method. Genetic Algorithm came in second, with scores of 78.43% for accuracy and 78.42% for 

precision. All of the algorithms, though, had recall rates that were about the same, ranging from 

76.30% to 78.63%. The results show that Differential Evolution and the Genetic Algorithm can 

improve the performance of the SVM-CNN model for jobs involving sentiment analysis. However, 

other optimization algorithms like PSO, GridSearchCV (with improved parameters), and Bayesian 

Optimization also showed good results, providing good options for optimizing sentiment analysis 

models based on certain needs and limits. 
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Optimization Algorithm Accuracy Precision Recall F1 Score 

GridSearchCV 76.30% 76.17% 76.30% 76.09% 

PSO (Particle Swarm Optimization) 78.20% 78.23% 78.20% 78.13% 

GridSearchCV (Optimized Parameters) 77.93% 78.00% 77.93% 77.93% 

Differential Evolution 78.63% 78.73% 78.63% 78.55% 

Differential Equation Optimization 77.23% 77.27% 77.23% 77.17% 

Bayesian Optimization 78.30% 78.32% 78.30% 78.23% 

Genetic Algorithm 78.43% 78.42% 78.43% 78.30% 

Table 2. Comparison of the SVM-CNN combined models optimized using different optimization 

algorithms 

 
Figure 30. Comparison of the SVM-CNN combined models optimized using different optimization 

algorithms 

6. Conclusion 

As observed it is estimated that how well  optimization methods work at improving the SVM_CNN 

model's ability to analyze sentiment on Twitter datasets in this study. A full review that showed how 

important it is to choose the right hyperparameters for sentiment classification tasks in order to get the 

best accuracy and robustness. The results show that traditional methods of sentiment analysis and 

machine learning are good starting points. However, hybrid models like the SVM_CNN model do a 

better job by using the best features of both SVMs and CNNs. The SVM_CNN model is great at getting 

complex feelings and reactions that change depending on the situation in Twitter text data because it 

combines the ability to extract features with the ability to discriminate.  

Differential Evolution   turns out to be the best method, beating GridSearchCV, Genetic Algorithm, 

Bayesian Optimization and PSO to get the best results. Its smart exploration of the hyperparameter 

space while balancing exploration and exploitation is a key part of making the SVM_CNN model work 

best for mood analysis tasks. When choosing optimization methods, we made sure that they were as 

computationally efficient as possible. Even though it takes more time to run, Bayesian Optimization 

strikes a good mix between accuracy and efficiency, which makes it a good choice for real-world 

situations. This study shows how important optimization is for getting the most out of mood analysis 

models. It's possible to understand and use user-generated content on social media sites in new ways 

by using advanced machine learning techniques and optimization algorithms. Researchers and 
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professionals can use the study's findings to help them set up sentiment analysis tools that work well 

for social media analytics, market research, and other uses. Future study can look into new optimization 

techniques and hybrid model architectures to make sentiment classification tasks even more accurate 

and time-effective as sentiment analysis continues to change. 
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