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To decipher the sentiments expressed in textual data is one of the most important 

part of natural language processing, known as sentiment analysis. In finance, 

where public opinion matters, and public opinion is greatly influenced by 

sentiments, Twitter and other social media platforms can be an invaluable piece 

of the puzzle for determining public opinion. Sentiment analysis over tweets is 

itself a challenging job since tweets often contain informal language, less context 

and are short. In this study, we propose a novel approach to address these 

challenges to incorporating the ADSO into the framework that leverages the 

adaptive dolphin swarm optimization, and RRNN for sentiment identification in 

stock related tweets. In this synergistic fusion the modeling performance is 

optimized, improving adaptability, scalability, and accuracy of sentiments in 

analysis tasks but especially for large scale data processing. Proposed ADSO-

RRNN framework provides an effective approach to address the immense amount 

of data and provides accuracy by capturing nuanced sentiments from dynamic 

sources such as Twitter. Evaluation of this framework is evaluated on the 'Stock 

Tweets for Sentiment Analysis and Prediction' dataset that comprises a full set of 
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stock related tweets from various sources such as the popular Twitter's API. The 

effectiveness and applicability of the ADSO-RRNN framework are rigorously 

tested across varied market scenarios and the resulting insights can be significant 

for real world financial analysis and decision.  

Keywords: Sentiment analysis, Resilient Recurrent Neural Networks (RRNN), 

Adaptive Dolphin Swarm Optimization (ADSO), Stock tweets, Financial 

analysis. 

 

 

1. Introduction 

Natural Language Processing has a powerful tool in the form of Sentiment analysis, also 

known as opinion mining. It means, extracting, and interpreting the emotions, opinions, and 

attitudes from text data. Using complex algorithms, sentiment analysis can determine if a 

written text is displaying positivity, negativity or neutrality; helping businesses and individuals 

to understand what the general public thinks[1]. Apart from that, this technology has vast 

applications in social media monitoring, customer feedback analysis, and market research, so 

as to help organizations take better data driven decisions. Gauging sentiment accurately has 

become an application of lexicons, machine learning, and deep learning techniques that the 

sentiment analysis algorithms depend on. That’s why it’s such an important part of our data 

driven world today, impacting everything from marketing efforts, to political campaigns[2]. 

Then there are Stock Tweets: The quick bursts of messaging that proliferate on things like 

Twitter give a real time view of the financial world. These 280 character or less brief posts are 

being turned to by traders and investors for instant insights, opinions or reactions to market 

events. Stock Tweets is one of the fascinating things about them democratizing finance. [3] 

Are an open platform that allows both seasoned and interested investors, anyone in the world, 

to share their views on stocks and market trends at the same time. This kind of inclusivity 

entails diverse perspectives as well as market analysis, and hence makes an exciting online 

community. Stock Tweets can also be this rapid fire. Complex financial concepts are usually 

oversimplified when it comes to their brevity. When you receive information from these 

tweets, you should exercise caution and do your proper research before taking action. Stock 

Tweets offers a dynamic, accessible view into the financial world and a forum for any and all 

voices to contribute to the conversation around stocks and investments. 

 

2. Literature Review 

The work titled 'Stock Market Movement Prediction' [30] analyzes the effects of public 

sentiment toward predictability of stock market movements globally during the COVID 19 

pandemic, in particular public sentiment expressed in social media platforms. This paper 

examines whether, and the extent to which, public sentiment (pessimism and optimism) in 

economics news influenced investors’ behavior and stock prices during a time of significant 

uncertainty as to the economy. The analysis of the "Italy Country Reputation and Stock Market 

Performance" [31] used sentiment analysis to analyze the impact of the COVID-19 pandemic 

on the global image of Italy and the corresponding stock market. To find out the impact on 

Italy, as a nation, this investigates public sentiment and perceptions as they are tackled in news 
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articles, social media discussions and online discourse. The 'machine learning classifiers'[32] 

examine the application of machine learning in predicting stock market movement by utilizing 

social media and news data. In this study, we focus on developing predictive 

models/recommendations using sentiment analysis and other features mined from the digital 

platforms to enable us to predict stock price changes. Machine learning classifiers employed 

to mine large volumes of social media posts and news articles to find patterns, trends, and 

sentiment shifts that could possibly influence stock prices.  

First, the 'Machine Learning Approach'[33] takes an advanced machine learning approach on 

how to read and predict Indian stock market trends. This research uses historical stock price 

history, economic indicators, and additional features to derive predictive models predicting 

future stock price movement. The study leads to social media sentiments in the Indian Stock 

Market through a study to identify patterns, associations, and predictors of the sentiment that 

could influence the Indian Stock Market[34]. 

The study on Indian Stock Market through a study using machine learning algorithm where 

we use patterns, correlations, and predictors that could affect the Indian Stock Market Social 

Media Sentiment[34]. It studies how social media discussions on Twitter and Reddit posts, 

tweets shape and influence investor sentiment, trader opinions, and trading decisions. 

Quantifying and analyzing the correlation between social media sentiment and stock price 

movements through sentiment analysis techniques is the work of this research.  

The “Donald Trump’s Tweets,”[35] assesses former President Donald Trump’s tweets on 

economic policies and their effect on stock market uncertainty. The content, sentiment and 

timing of Trump’s tweets regarding economic policies are studied, and the extent to which 

these tweets are correlated with variations in stock market volatility and investor sentiment are 

evaluated. The "Hybrid Approach"[36] fuses two data sources and analytical techniques to 

produce a more accurate stock price trend prediction. Natural language processing and 

sentiment analysis are used to embed tweet information as stock sentiment and context 

information on specific stocks. It uses historical price data to understand the patterns and trends 

in the movement of stocks with respect to period of time. "Predicting the Unpredictable"[37], 

takes a look at how they can employ advanced machine learning algorithms to cope with the 

unpredictability of movements on the stock markets in India. The objective of this research is 

to train predictive models on historical market data and some economic indicators, as well as 

other relevant features, to forecast stock price fluctutations.  

The "Blockchain Ventures"[38] examines how the success of blockchain startups in 

crowdfunded funding can be influenced by how blockchain startups behave on Twitter. Using 

engagement metrics, content type, how often they post on social media, as well as sentiments 

expressed through tweets, this research aims to observe relationships and patterns between 

social media activity and funding outcomes. The "Automated Approach"[39] takes an 

automatic way to investigate the effect of social sentiment on the US equity market behaviour. 

In this thesis, I use these techniques and algorithms aided with natural language processing to 

analyze sentiments on social media by correlations to stock market movements.  

In the "SocialMediaSentimentStockPrediction"[40] framework, sentiment analysis of social 

media data is integrated into refining stock market predictions, with a focus on LSTM (Long 

Short-Term Memory) models being supreme models in handling sequential data and capturing 
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subtle sentiment trends. The framework takes advantage of the wealth of real time sentiment 

markers that are contained in financial social media content, by systematically collecting and 

preprocessing financial social media content. Also, one vital constraint may be the presence 

of noise in social media sentiment data such as unrelated or irrelevant data [16], bots as well 

as even intentional centralized effort that might contaminate the predictions with inaccuracies 

[53]. The “TwitterOpinionStockPrediction” framework [41] leverages customer sentiments 

extracted from Twitter data for stock prediction using a SBRNM based on an optimized 

Strawberry model. Data is read and preprocessed, deep learning analysis is done on it and 

inference is made on the result. This approach accesses Twitter data relevant to financial 

markets or to individual stocks, while attempting to understand the customer opinions. Where 

the SBRNM model shines is in its ability to capture nuanced temporal dependencies, and 

consequently produce more accurate stock predications. Indeed, a few challenges exist with 

this approach: first, there may be noise in the Twitter data, such as spam, unnecessary content, 

or emotional expressions otherwise not related to financial markets, contaminating prediction 

accuracy and introducing the need for handling the noise in Twitter data. 

 

3. ADAPTIVE DOLPHIN SWARM OPTIMIZATION-BASED RESILIENT 

RECURRENT NEURAL NETWORKS (ADSO-RRNN) 

ADSO-RRNN consists of an intelligent fusion of two powerful frameworks for solving 

sophisticated optimization and prediction problems. ADSO RRNN follows the principle of 

Dolphin Swarm Optimization (DSO), which is influenced by the cooperative hunting behavior 

of dolphins for dynamic tuning and fine tuning of parameters of Recurrent Neural Networks 

(RNNs). Like dolphin pods that collaborate and communicate with each other to figure out the 

best way of moving themselves around in order to improve their hunting success, the DSO 

algorithm works in this fashion. Similarly, in the ADSO-RRNN, a group of virtual dolphins 

live in the solution space and move their positions according to the fitness evaluation. This 

adaptive approach enables search space exploration and exploitation efficiently and leads the 

network to seek optimal solutions. The system has a layer of robustness via imposing 

integrating Resilient Recurrent Neural Networks (RRNNs). RRNNs are specifically devised 

to deal with sequential data, robust to noisy or missing input, as such they are applicable to 

time series prediction and other dynamic tasks. Adaptive optimization and resilience can be 

combined by DSO as well as RRNNs to offer ADSO-RRNN that can effectively transcend the 

difficulties of moving around in complex optimization landscape and provide reliable 

prediction in difficult conditions. 

3.1. Resilient Recurrent Neural Network 

Due to their ability to process sequences retaining contextual information, Sentiment analysis 

uses Recurrent Neural Networks (RNNs). In any attempt to understand text context, RNNs 

must retain what previous inputs were while processing the current inputs, which is enabled 

by the fact that RNNs have loops due to its architecture. Traditional RNNs do not work with 

long range dependencies since vanishing gradients. In order to cope up with this, LSTM and 

GRU variants are used with the idea of selective remembering or forgetting of information 

with aim of increasing the accuracy of sentiment analysis. In many applications, RNNs can be 

adapted as models that can utilize the dynamics of text sequence to improve the sentiment 
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classification. In RRNNs, the disadvantages in RNNs get obviated and are elaborated in the 

below mentioned sub sections. 

3.1.1. Data Preparation 

Data preparation for RRNNs involves four key components: Sequence representation, 

padding, one-hot encoding and data splitting. 

(a). Sequence Representation 

Initially, the data are represented as sequences. If the dataset hasN sequences, each sequence 

can be defined as Eq.(1). 

Sequence 1: {x₁₁, x₁₂, . . . , x₁ₜ₁} 

Sequence 2: {x₂₁, x₂₂, . . . , x₂ₜ₂} 

... 

Sequence N: {xₙ₁, xₙ₂, . . . , xₙₜₙ} 

(1) 

where t1, t2, … . , tn represent the time steps in each sequence and xijrepresents the value at 

time step j in sequence i. 

(b). Padding 

For uniformity in sequence length (necessary for batch processing in deep learning 

frameworks), you may pad shorter sequences with zeros or a unique padding token. Let T be 

the maximum sequence length, andthis research represents each sequence as a matrix, and 

Eq.(2) expresses the same. 

Sequence 1: [x11, x12, … … x1T] 

Sequence 2: [x21, x22, … … x2T] ... 

Sequence N: [xn1, xn2, … … xnT] 

(2) 

where each sequence is a row vector of length T. 

3.1.2. Architecture of RRNN 

The architecture of an RRNN can be expressed as a sequence of computations for each time 

step. At time step t, given the input xit (which can be a one-hot encoded vector, continuous 

value, or any suitable representation), the hidden state hit of the RRNN unit can be calculated 

using Eq.(3). 

Hidden State Update hit = f(Whh ∗ hit−1 + Whx ∗ xit + bh) (3) 

where for each time step t, there exists a weight matrix, denoted byWhh, which links the hidden 

state at time t − 1 to the hidden state at time t.The weight matrix Whxrepresents the mapping 

between the input at time t and the hidden state at time t. The hidden state's bias vector is 

denoted by bh.f is the activation function (e.g., tanh or sigmoid). 
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The output at the ith time instant, t, yit, may be computed from the secret state as : 

Output Calculation: yit = Woy ∗ hit + bo (4) 

where the weight matrix Woy is what links the secret state to the final result. The output bias 

vector, denoted bo, is the one used.These equations represent the core computations of a 

simple RNN unit. For more complex architectures like LSTM or GRU, additional equations 

govern the flow of information through the cell state. The architecture also includes multiple 

such units stacked in layers, and it can mathematically extend the equations accordingly for 

deeper networks. 

3.1.3. Forward Propagation 

When an RRNN is in forward propagation, its hidden state and output are constantly 

calculated. Using the input x and the current hidden state h, a new hidden state htmay be 

calculated at each time step t using Eq.(5). 

ht = activation(Wth ∗ ht−1 + Wtx ∗ xt + bth) (5) 

where the concealed state at time t is denoted by ht, activation refers to the particular 

activation function (tanh, sigmoid, etc.) that has been selected, the weight matrix Wth is the 

link between the hidden states ht−1 and ht. Wtx is the weight matrix that connects the input xt 

to the current hidden state ht. bth is the bias vector for the hidden state. 

When processing sequential data, it is critical to represent how the hidden state is updated at 

each time step, and Eq.(5) does just that. 

3.1.4. Recurrent Activation Function 

In anRRNN, the 'activation' function regulates the input flow and is crucial in deciding what 

goes into the updated hidden state. Two standard activation functions for recurrent layers are 

the hyperbolic tangent (tanh) and the sigmoid function. Mathematically, Eq.(6) expresses the 

Tanh (Hyperbolic Tangent) and Eq.(7) express the sigmoid. 

Tanh activation(x) = (e(2x) − 1)/(e(2x) + 1) (6) 

sigmoid activation(x) = 1/(1 + e(−x)) (7) 

For different RRNN tasks and properties, a certain can be chosen for activation function. 

However, is preferred because the network can capture a wider range of values, for instance 

negative values, and reduces the vanishing gradient problem. Sigmoid is used in simples 

RRNNs but less common in modern RRNN architectures. To keep the RRNN's computations 

from being purely linear, these activation functions introduce non linearity in the computations 

made by RRNN, and therefore spread the RRNN to learn complex patterns in above sequence 

data. 
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3.1.5. Output Generation 

The major principle in producing output in the RRNN is the production of predictions or 

classifications on the network's hidden state. Using Eq.(8), the RRNN gets output at every 

time stept yit. 

yit = Wo ∗ hit + bo (8) 

The value at time step t for the i - th sequence, the driven state, linked to the output by the 

weight matrx Wo and the bias vectorbo, the goal is to predit or classify for yit for each time 

step in the sequence. 

3.1.6. Threshold Time-based Backpropagation 

The Threshold Time based Backpropagation (TTBP) is a training algorithm for RNNs, meant 

for RNN learning from sequential data. It is proposed that the traditional backpropagation 

algorithm is extended to handle sequences. The basic sequence training with backpropagation 

computes gradients at each time step for every one of the neural network’s parameters (weights 

and biases) and accumulates these gradients over the entire sequence and finally uses it to 

update weights. At each time step t gradient of loss L w.r.t. the model parameters θ are 

calculated in BPTT (Eq. (9)). 

∂L
∂θ⁄ = ∑ (

∂Lt
∂θ

⁄ ) (9) 

The time step t is θ, the loss Lt and the loss gradient 
∂Lt

∂θ
⁄ . Most pertinently, the summation 

over time is also what permits gradients to flow across the whole sequence, helping the model 

learn temporal data dependencies. Then standard optimization algorithms (e.g. gradient 

descent) update the model parameters to do better on the task (i.e. the gradients are computed 

on all steps in time). 

3.1.7. Training and Optimization 

RRNN can be trained to find optima in optimization problem to minimize a given loss function 

L to data. Therefore, this optimization process aims to have closest predictions to the truth. 

Training is in fact achieved by applying the key equation the update rule for model parameters 

using the optimization algorithms, that is stochastic gradient descent (SGD). 

θt+1 = θt − η ∗ ∇L (10) 

The learning rate via which θt+1 = θt − η ∗ ∇L. This equation offers a characterization of a 

training process where we update parameters along a direction which minimizes loss 

recursively. The training process continues until some convergence criterion is met; typically 

some validation dataset is used to measure this, to ensure that the training did not become 

overfitted. 

3.1.8. Overcoming Long-Term Dependencies 

Training RNNs can be tricky in particular, since in order to account for long term 
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dependencies, you need to have parts of the network retain information from far in the past of 

the input sequence, which could result in too much information being lost later on. Solug 

vigllef sok xef Svid umou voda raa cdrivij vira s raa dbyii nraa scepiq s tarra jaa. 

Nra')[5]valdivy xruek ojiv sjaa y sunid sata, so tujil xrieq yttakvas ivla siva se zery nra' 

uejvirokla socnomu s veda scepe nsiii jaq nomvec. To solve this problem complex RNN 

designs such as LSTM and GRU are often used.[5] These architectures introduce gating 

mechanisms allowing these networks to selectively remember what it has seen in past time 

steps. Simple RNNs have key equations more complex than LSTM and GRU, which are 

described next. 

(a). LSTM 

LSTM introduces cell states C and hidden states h, and uses gates (input, forget, and output) 

to regulate data flow; its operations are expressed by Eq.(11) to Eq.(15). 

Input Gate:it = σ(Wi ∗ [ht−1, xt] + bi) (11) 

Forget Gate: ft = σ(Wf ∗ [ht−1, xt] + bt) (12) 

Output Gate: ot = σ(Wo ∗ [ht−1, xt] + bo) (13) 

Cell State Update: Ct = ft ∗ Ct−1 + it ∗ tanh(Wc ∗ [ht−1, xt] + bc) (14) 

Hidden State Update: ht = ot ∗ tanh(Ct) (15) 

(b). GRU 

GRU uses update and reset gates to control information flow. Eq.(16) to Eq.(19) describes 

operations of GRU. 

Update Gate: zt = σ(Wz ∗ [ht−1, xt] + bz) (16) 

Reset Gate: rt = σ(Wr ∗ [ht−1, xt] + br) (17) 

Candidate Hidden State:h̃t = tanh(W̃[rt ∗ ht−1, xt] + b̃) (18) 

Hidden State Update: ht = (1 − zt) ∗ ht−1 + zt ∗ h̃t (19) 

Equations proposed for reinforcing LSTM and GRU units to capture long term dependencies 

better by controlling information flow through different gates. The improved architecture we’d 
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come up with allowed us to break free from the shackles of traditional Recurrent neural 

networks. 

3.1.9. Hyperparameter Tuning 

Optimal best hyperparameters for training RNNs are very important factor. Some settings are 

called hyperparameters, they are not learned from the data, but you need to set them before 

training, and a lot of the model’s behavior depends on the selection. Among the RNNs, the 

hyperparameters most purely impacting the use of those tools are the learning rate, batch size, 

number of hidden units, number of layers and dropout rates. With hyperparameters what you 

are doing is just varying them to see what values are the best values for your application. 

Usually hyperparameter tuning is a systematic search like grid or random search and use the 

hyperparameters with a validation dataset for each combination of hyperparameters. In order 

to choose a final model, we use a hyperparameter one that will deliver the best performance 

w.r.t. some evaluation metric (e.g. accuracy, mean square error). 

3.1.10. Regularization 

As a solution to avoid overfitting in RNNs regularization is proposed. It’s termed overfitting 

if a given model gets very detailed and works perfectly with training data but gets too confused 

in unfamiliar territory. But because RNNs have a knack for learning fine temporal patterns, 

they are very prone to overfit. Dropout and L2 regularization are two ways of regularizing two 

popular ways. Drop out is a mathematical technique, which is used to prevent an over reliance 

of a small number of units (a subs t of hidden units) over training, by randomly set tng t a subs 

t of hidden units having a value of zero. Motivated by the above observation, we introduce a 

binary mask m at each time step t, at each hidden unit j taking values in {0, 1}, and express 

the Eq.(20) in term of regularization process. 

hit.j = mit.j ∗ hit.j (20) 

Its parameter is the dropout rate, meaning the likelihood of sampling a mask m from a 

Bernoulli distribution. Second, by adding the penalty term in the loss function, the function to 

minimize, Eq.(21), L2 regularization also discourages the model from assigning large weights 

to features. 

Regularized Loss =  Loss +  λ ∗  ∑(θi
2) (21) 

Note for clarity, the notation θi  are the parameters of the model, and λ is the regularzation 

strength. The regularization applied by these techniques, by which RNNs tend to win, helps 

better generalize RNNs on unseen data and suppress overfitting, while hyperparameter λ 

decides the extent to which the regularization is applied on the model. 

Algorithm 1: ADSO 

Input: 

• Population size N 
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• Maximum number of iterations MaxIterations 

• Termination criterion 

• Fitness function f(x) 

• Initial solution space 

• Neighbourhood size 

• Social interaction parameters 

• Local search parameters 

• Adaptation mechanisms 

• Post-processing criteria 

Output: 

• Refined solutions 

• Optimization metrics (e.g., best fitness value, convergence behaviour) 

Procedure: 

1. Initialization: 

• Generate an initial population of dolphin individuals within the solution space. 

• Initialize social interaction parameters, local search parameters, and adaptation 

mechanisms. 

2. Repeat: 

• Perform the following steps iteratively until the termination criterion is met: 

a) Movement: Update the dolphin individual position according to movement 

strategies together with exploration and social interaction rate. 

b) Social Interaction: Such individuals are allowed to interact with one another, 

give each other information, and learn from the neighbours. 

c) Local Search: Local search operations are performed to refine solutions in the 

neighbourhoods of dolphin individuals. 

d) Adaptation: Using such knowledge, create dynamically algorithmic parameters, 

movement patterns and exploration exploitation balance, depending on both 

environmental feedback and problem characteristics. 

3. Solution Extraction: 

• Choose candidate solutions from the final population based upon their fitness 

value, diversity measure or Pareto dominance. 

4. Post-processing: 
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• The extracted solutions are then refined and optimized by means of constraint 

handling, refinement and validation and interpretation techniques. 

5. Quality Assessment: 

• They measure the quality of their refined solutions with respect to the objective 

function values, performance measures or with respect to domain specific criteria. 

6. Output Generation: 

• Put the refined solutions in such a form that they can be further analysed, 

decision made or implemented. Increasing the way in which output performance metric 

(best fitness, solution characteristics and convergence behaviour) is included. 

• Best fitness value, convergence behaviour, solution characteristicstion. 

Including output optimization metric such as best fitness value, convergence behaviour 

and solution characteristics. 

7. Termination: 

• Make sure that the termination criterion is satisfied (e.g., maximum number of 

iterations, convergence threshold). 

• If not, then terminate optimisation if termination criterion is met; otherwise, 

repeat from steps 2 to 6. 

3.2. Fusion of RNN and ADSO 

The integration of Recurrent Neural Networks (RNNs) with improved Dolphin Swarm 

Optimization (DSO) is a viable method for addressing challenging sequential data analysis 

and optimization tasks. This work proposes a novel architecture that integrates the learning 

and memory ability of RNNs with the swarm intelligence and adaptive search of ADSO to 

better solve a number of problems including time series forecast, language translation, and 

dynamic system optimization. 

Algorithm 2: ADSO-RRNN 

Input: 

• Sequential data for RNN 

• RNN architecture parameters 

• ADSO parameters 

• Termination criterion for ADSO 

• Fitness function for ADSO 

 

Output: 

• Refined solutions from ADSO 
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• Trained RNN model 

Procedure: 

1. Data Preparation: Since the data we will be getting is sequential in nature, 

preprocess it to make it acceptable for creating a RNN input. 

2. Initialize Parameters: Selection of values for parameters before the first interation 

of the RNN and ADSO algorithms. 

3. RNN Initialization: Like the CNNs there are varieties of RNNs that should be 

initialized with the described parameters. 

4. ADSO Initialization: Define the criterions for the initial start of the ADSO 

algorithm. 

5. Repeat: The approach described above for solving the considered optimization 

problem can be realized in a number of manners one of which is the use of ADSO and 

performing the iteration optimisation. 

6. RNN Training: We use the RNN model to train the values which ADSO produces 

after refining and they are the solutions. 

7. Evaluation: To see how effectively or ineffectively the model is working, after 

training the RNN model, apply the model on a particular validation data set. 

8. Fine-tuning (Optional): Additional optimization or beyond optimization of the 

chosen RNN model can be performed if needed or wanted. 

9. Deployment: Train a new RNN model and then predict more of new data sets which 

have not been processed before. 

10. Performance Evaluation: Give an evaluation of the used RNN model based on the 

accuracy achieved of the test data. 

11. Iterative Optimization (ADSO): Do ADSO again if the further refinement is needed 

in continuing the steps with the optimality of the model. 

12. Termination: When two of the convergence thresholds have been reached or the 

algorithm is at one of such predefined stops. 

Thus, this fusion of the strong points in RNNs for temporal dependence capturing and ADSO 

for adaptive search results in a powerful and flexible solution for a vast number of applications, 

which requires sequential data analysis and optimization. 

 

4. RESULTS AND DISCUSSION 

4.1. Precision Analysis 

Sentiment Analysis is one of the fields that also examines the precision of the model’s 

sentiment classifications. Precision quantifies the proportion of positive sentiment instances 

that the model successfully predicts correctly comparing the true positive predictions to the 
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total positive predictions made by the model as shown in Figure 1; this allows direct 

comparison of the precision performance among different models (LSTM, SBRNM, and 

ADSO-RRNN). The percentages of precision values achieved by each model on the yaxis 

gives a quantitative measurement of how well models are adapted to sentiment classification. 

 

Figure 1. Precision 

The highest value for precision (95.04%) is obtained with ADSO-RRNN beating performance 

of LSTM and SBRNM. ADSO-RRNN achieves this superior performance by the novel fusion 

of adaptive optimization capabilities with resilient recurrent neural networks. ADSO-RRNN 

capitalizes on the adaptive optimization mechanism of ADSO to dynamically adjust its 

parameters and adapt well to the change of sentiment patterns in stock tweets. ADSO-RRNN’s 

adaptability causes it to sustain a high precision rate, as it is able to categorize positive and 

negative sentiment instances with an extremely low rate of false positives, therefore improving 

its effectiveness in sentiment analysis. 

4.2. Recall Analysis 

Another important metric for sentiment analysis is Recall which measures how good your 

model is at finding all the positive and negative sentiment in your dataset. Finally, in Figure 

2, we plot the recall, as measured by the ratio of true positives predicted to actual positive 

instances, and the resulting insights for the models (LSTM, SBRNM, and ADSO-RRNN) 

show how they perform compared to each other, invariably, leveraging the x-axis to show 

which models were being compared or a more direct comparison in terms of recall 

performance. Each model is ranked by the recall values (%) they achieved on the y-axis 

meaning the recall which these models achieved in being able to capture positive and negative 

sentiment instances. 
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Figure 2. Recall 

4.3. Classification Accuracy Analysis 

However, for such sentiment analysis task we need a metric to tell us how good or bad our 

models do i.e. classification accuracy. This measures how well the model knowns to surf the 

entire instance. Figure 3 directly shows the comparison of the classification accuracy of these 

models where x-axis represents models (LSTM, SBRNM, ADSO-RRNN). They also show 

how accurate (num.; y-axis) each model is in classifying (sentiment) for stock tweets. 

 

Figure 3. Classification Accuracy 
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LSTM’s performance for aberrant classification is thus within the range given above, since 

LSTM is known to capture temporal dependencies in sequential data. But there is a major 

problem in the fact that LSTM is susceptible to the vanishing gradient problem, chiefly in long 

sequences. However, since the LSTM is limited by their limitation, they cannot extract subtlety 

sentiment patterns out of stock tweets, which will definitely have an effect on the accuracy of 

final sentiment regression. LSTM is powerful for handling sequential data; however, in order 

for LSTM to excel in sentiment analysis tasks, we need to solve the problem of gradient 

vanishing. Firstly, I would leverage LSTM by doing things that would reportedly solve this 

problem and unlock the potential of LSTM to offer decent accuracy in sentiment analysis on 

stock tweets. 

Despite this, SBRNM's structure seems to be different and quite possibly more efficient than 

SBBRNN in capturing contextual information than its predecessor from past and future data 

in a bi-directional way, which might further improve its performance on various tasks in 

sentiment analysis. Nevertheless, SBRNM is complex and computationallly demanding 

because of bidirectional connections, rendering it unlikely to be deployed in practice. The 

intricacy however hinders its accuracy in real time or resource constrained environments. In 

order to reap the full potential of SBRNM for sentiment analysis, it is of the essence to hit the 

balance between innovation and practical feasibility. That being said, the performance of 

SBRNM can be further improved in applying and the effectiveness of the analysis on sentiment 

in stock tweets with better architecture and better computational efficiency. 

4.4. F-Measure Analysis 

F-measure, commonly used in sentiment analysis, is a good measure to have a trade off 

between precision and recall of a model. It arranges these two metrics into a composite metric 

in order to evaluate how effectively the model classifies both positive and negative sentiment 

examples. The x-axis in Figure 4 is the models that are being compared (LSTM, SBRNM, and 

ADSO-RRNN) and as such, directly compares their F-measure values. Results on RHSA are 

represented by the F measure values (%) of each model on the y axis. 

 

Figure 4. F-Measure 
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5. CONCLUSION 

This work describes a pioneering approach to sentiment analysis in the financial domain, 

specifically on sentiments embedded in stock related tweets from social media (Twitter). The 

contribution of the study includes the introduction of an intricate framework through the 

integration of Resilient Recurrent Neural Networks (RRNN) with Adaptive Dolphin Swarm 

Optimization (ADSO) to tackle with inherent complexities in informal language and limited 

context in microblogging, as well as improving accuracy and scalability of sentiment 

identification tasks. In this manner, the proposed framework takes advantage of adaptive 

optimization capabilities of ADSO integrated with the temporal modeling capabilities of 

RRNN to achieve a robust solution for processing the huge amount of data with the precision 

required for the actionable insights found in the financial analysis and decision making. From 

a practical perspective, we evaluated this framework by applying to the "Stock Tweets for 

Sentiment Analysis and Prediction" dataset, which demonstrates its efficacy to various 

markets and thus its potential benefits in enhancing our insights on market sentiment trend, 

and supporting the decision making regarding the financial domain. 
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