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Advanced Strategies for Enhancing Tesla Stock Price  

Prediction  

  Swapnil Pawar  

  X23202530  
  

  

Abstract  

In this paper, a deep learning hybrid model was introduced utilizing both historical 

market data and sentiment signals collected from social media to predict Tesla stock prices. 

The architecture involved a combination of Convolutional Neural Networks (CNN), 

Bidirectional Long Short-Term Memory (Bi-LSTM), and Transformer encoders for 

extracting local, temporal, and global contextual features from the multivariate timeseries 

data. VADER sentiment analyser was employed to extract sentiment features from Kaggle 

datasets of Tesla posts from Twitter and Reddit before processing. The sentiment scores 

were then accumulated on a daily basis, and combined with technical indicators (such as 

Open, High, Low, Close and Volume) to form 15-day lookback sequences to predict next 

day stock prices. The models were trained with MSE and scored with MAE. Individual 

CNN-BiLSTM and Transformer models were developed, producing MSEs of 0.00318 and 

0.02180 while MAEs were 0.04498 and 0.12434 respectively. Based on the insights gained 

from these results, a final hybrid model was formulated and optimized using Bayesian 

hyperparameter tuning. The combined model achieved the lowest MAE of 0.04486, MSE 

of 0.00324 and validation loss of 0.00323 outperforming both baseline models. Sentiment 

data were integrated through an attention mechanism, which was observed to enhance 

predictive accuracy. SHAP and LIME were used to interpret the model’s predictions, 

producing explainable, sentiment aware forecasts for data-driven decision-making. 

          The key terms and acronyms used throughout the paper are listed in Table 1. 

  

 

Table 1: Glossary of Technical Terms and Acronyms 

 

Term / Acronym Full Form / Definition 

CNN Convolutional Neural Network – used to 

extract spatial features from data 

Bi-LSTM Bidirectional Long Short-Term Memory – 

captures temporal dependencies in both 

directions 

MAE Mean Absolute Error – evaluation metric that 

measures average absolute errors 

MSE Mean Squared Error – evaluation metric that 

squares the prediction errors 

SHAP SHapley Additive exPlanations – explains 

model predictions using game theory 

LIME Local Interpretable Model-Agnostic 

Explanations – explains model predictions 

locally 
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VADER Valence Aware Dictionary and sEntiment 

Reasoner – sentiment analysis tool for social 

media 

Transformer Deep learning architecture using attention 

mechanism for sequential data 

Bayesian Optimization A technique to efficiently tune hyperparameters 

using probabilistic models 

 

  

  

1  Introduction  
  

Stock price prediction was an area that had received a lot of attention from experts in 
finance as well as data science since it played an important role in guiding investment 
decisions and the functioning of the market itself. Despite their popularity, conventional 
statistical models like ARIMA and GARCH were often inadequate to represent the 
nonlinear and volatile nature of stock price dynamics.   

On the other end of the spectrum, deep learning techniques, especially paradigms such 
as Long Short-Term Memory, Convolutional Neural Network (CNN)-LSTM, and 
CNN-BiLSTM, had demonstrated remarkable ability to understand sequential 
dependencies and spatial structures in financial data.   

The study focused on stock price predictions for Tesla that used a hybrid deep learning 
approach utilizing various data sources. Technical market data was combined with 
sentiment signals from social media sources like Twitter and Reddit. Additionally, 
explainability frameworks such as SHAP and LIME were applied to improve 
interpretability. The study further explored hyperparameter tuning and its influence on 
optimizing the predictive performance of data modelling.   

  

Predicting stock price was considered a complex problem because many factors were 
found to influence market behaviour. Recent research provided evidence of the benefit 
of including sentiment signals in forecast models. As Churi et al. (2023) and Morrison 
and Young (2024), public sentiment derived from social media sites like Twitter and 
Reddit can meaningfully influence investor behaviour and in turn stock prices. 
Traditional financial models would not be as relevant as deep learning architectures. 
Lopes et al. (2022) proposed CNN-BiLSTM model for parallel processing in various 
forecasting tasks. Moreover, research conducted by Churi et al. (2023) and Ouf et al. 
(2024) found that incorporating sentiment analysis and machine learning models like 
CatBoost and Random Forest enhances predictive accuracy.  

  

In this study, use of hyperparameter tuning, combination of multi-source data was 

investigated and application of explainability frameworks that eventually interpreted 

model predictions. This investigation was guided by the question: How do 

hyperparameter tuning, the design of a specialized hybrid model, and sentiment-data 

integration improve the prediction of Tesla stock prices, and how does the explainability 

framework assist in interpreting the model’s behaviour?   

The study fulfilled three primary goals, which are (1) use of Bayesian optimization on 
deep learning models (2) use of social sentiment signals from Twitter and Reddit 
alongside historical stock indicators (3) evaluate SHAP and LIME for interpretability 
of the model’s output. These are consistent with our hypotheses that optimized tuning 
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(H1), multi-source inputs (H2) and explainability tools (H3) would each improve 
prediction outcomes. This study extends previous studies that had demonstrated that 
hybrid models such as CNN-BiLSTM with attention mechanisms can better capture 
stock market trends (Lu et al., 2020).   

  

This study contributed to the literature on financial forecasting. First, it demonstrated 
the multi-source sentiment and market data integration, then a hybrid deep learning 
framework, which integrated CNN-BiLSTM and Transformer architectures. Second, it 
examined the impact of hyperparameter tuning with Bayesian Optimization. Third, it 
tackled the issue of model explainability by employing SHAP and LIME to explain 
predictions. The results filled an important void, given the disparity between the design 
of theoretical AI models and their real-life usage for financial applications, providing a 
framework that was both accurate and interpretable for financial analysts and investors 
alike.  

  

A limitation of this research was the narrow application to a single stock “Tesla” which 
limited the ability to generalize to other financial instruments. Additionally, the 
sentiment data from Twitter and Reddit were often noisy and unstructured, which may 
have affected the quality and reliability of the sentiment. Dependence on deep learning 
architectures also placed high demands on computational resources, and potentially 
affecting scalability and lead to real-time deployment difficulties.  In general, the study 
was contingent on a few key assumptions. It was based on the idea that social media 
sentiment had a direct impact on stock prices, and that integrating sentiment data with 
traditional market data would improve predictive performance. It was expected that 
hyperparameter optimization methods would achieve significant gains over baseline 
models. Additionally, the study assumed comparable accuracy in predictive 
performance using interpretable surrogate models obtained from explainability 
frameworks.  

  

The report organized its contents in a particular format:  

Related Work: Prior studies on stock price prediction, multimodal combination ability 
and explanatory mechanism were reviewed and gaps in the existing academic pursuits 
were identified.  

Research Methodology: The statement of data acquisition, including data cleaning, 
model structure, parameters tuning methods and implementation of explainability 
methods were described.  

Design Specification: This, a description, details about proposed architecture and 
design rationale of CNN-BiLSTM, Transformer, and combined models.  

Implementation: The development and deployment tools with the infrastructural and 
process-related aspects of model development and deployment were presented. 
Evaluation: Experimental findings, model performance comparison, and visualizes 
prediction outcomes with appropriate metrics and plots were reported.  

Conclusion and Future Work: Summarising the key research findings, discussing 
practical implications and proposing potential future research avenues was concluded.  

Figure 1 provides an overview of the proposed forecasting framework, showing how 
market and sentiment data are processed through a hybrid deep learning model to 
predict Tesla stock prices. 
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Figure 1: Tesla Stock Forecasting Framework.  

  

2  Related Work  

2.1 Deep Learning and Sentiment-Based Stock Forecasting  
  

Churi et al. (2023) examined the predictive power of NIFTY 50 stock prices using deep 
learning integrated with sentiment analysis systems. The data was sourced from Yahoo 
Finance (2017–2022) and also included news sentiment data collected through web 
scraping. LSTM was used in conjunction with CAT Booster and Random Forest models 
in the study, but among those, LSTM showed the best results.   

Deep learning models were then analysed to predict Tesla stock prices via 
Twitter sentiment analysis (Lopes, 2022). The analysis combined Tesla stock data 
(2010–2020) from Yahoo Finance with Tesla tweets about the company. The study 
examined four conFigureurations, starting from the LSTM, then Bi-LSTM and finally 
CNN-LSTM and CNN-BiLSTM. Exceptional results were yielded by the 
CNNBiLSTM model as per the Mean Absolute Error (MAE) evaluation.  

The analysis by Li et al. (2024) examined the effect of investor sentiment from 
online forums on stock price prediction. In their system, (1) XLNET: for sentiment 
analysis; (2) BiLSTM-highway model: with a CRF loss layer (for prediction), were 
built. The researchers' criteria metrics were evaluated in RMSE, MAPE and R². 
Research revealed that adding investor sentiment improved stock price prediction.   

A deep learning system developed by Lee et al. (2024) combined technical 
indicators of stocks with ESG sentiment analysis for predicting the performance of the 
S&P 500 index. FinBERT was used for the sentiment analysis related to ESG on 
LexisNexis news data, and a total of 18 components of technical indicators were 
utilised. The accuracy of the ESG sentiment input was validated with a Mean Absolute 
Percentage Error (MAPE) of 3.05 using a Bi-LSTM architecture.  

Mu et al. (2023) proposed the Multi-source Sentiment Sparrow Search 
algorithm (MS-SSA-LSTM). Hyperparameter optimization of LSTM functions for 
predicting stock prices was performed. The analysis contribution was made by 
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combining sentiment data from stock market forums with technical market signals to 
improve forecasting performance. Based on R² score assessment results, an increase of 
10.74% in model performance was observed.  

Li & Pan (2021) an ensemble deep learning pathway integrated with LSTM was 
designed, GRU and a fully connected neural network for stock price prediction. A 
decrease of 57.55% in the Mean Squared Error (MSE) was observed for the S&P 500 
index dataset. The ensemble models had to be tuned greatly for their parameters during 
implementation.  

Huiyu & Junhua (2024) studied the impact of the popularity of stock forums 
based on investor trading for the price prediction of stocks. XLNET was used for 
sentiment analysis and BiLSTM-highway model analysis. The prediction accuracy 
results were evaluated using the RMSE and R² metrics, and it was found that with 
sentiment data, better prediction accuracy results were achieved.  

Ouf et al. (2024) used LSTM and XGBoost models to analyze how Twitter 
sentiment influenced stock prices. Analyses of the Apple, Google, and Tesla data were 
provided, combined with sentiment scores obtained through sentiment analysis 
methods based on Natural Language Processing (NLP). The superiority of XGBoost 
over LSTM was justified as better prediction was provided for RMSE and R² with MAE 
metrics. Satellite Models performed better with high-quality sentiment data.   

Omar et al. (2024) stated that LSTM and 1D CNN were compared when stock 
price was predicted based on Twitter sentiment analysis. An analysis was performed on 
five companies, scoring each one using TextBlob sentiment. LSTM yielded better 
performance than 1D CNN regarding stock volatility for Tesla and others, R² scores 
showed. Improvement in NLP was needed to identify sentiment more accurately.  

The study explored different deep learning techniques that could predict Tesla 
stock (Lopes et al., 2023). Stock price prediction and analysis were performed using 
Yahoo Finance data by implementing LSTM, CNN-LSTM and CNN-BI-LSTM hybrid 
models. Maximum accuracy mean absolute error (MAE) was achieved by the CNN-BI-
LSTM model, which was found to be optimal.   

  

2.2 Broader Advances in Hybrid Architectures and Explainability  
  

Akyuz et al. (2024) proposed a hybrid model of CNN-LSTM for stock prediction, was 

reported better pattern recognition and sequential learning. Despite this, the high 

computational overhead and sensitivity to hyperparameter tuning were a challenge. 

Similarly, Jin et al. (2024) introduced an LSTM model with sentimental analysis, which 

was used to represent the market trends by using news sentiment and stock prices. It 

was noted that the model’s performance was strongly dependent on accurate sentiment 

classification and thus made it susceptible to misinformation in financial news.  

Authors Kim and Shin (2024) proposed a hybrid Long Short-Term 

MemoryConvolutional Neural Network (LSTM-CNN) model, combined multiple 

representations of features to increase predictive accuracy. CNNs, although great for 

capturing high-level patterns in the data, suffered from long-term dependencies; hence, 

they were not very useful for time-series prediction. Similarly, Lu et al. (2024) proposed 

a deep CNN architecture for financial forecasting and achieved powerful results over 

short time horizons, but they demonstrated a lack of long-range dependence.   
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Stock prediction models greatly benefited from the integration of sentiment 

analysis. Xu et al. (2024) combined investor sentiment analysis with a BiLSTM model 

to improve market trend predictions but were limited to certain languages and made 

cross-domain analysis difficult to perform.  

Deep learning models were investigated to improve stock market forecasting. 

Huynh et al. (2017) developed a framework based on BGRU, introduced financial news 

sentiment (FNS) to enhance prediction accuracy on Asian markets. For instance, 

Hoseinzade and Haratizadeh (2019) developed a convolutional model, CNNpred, which 

extracted features from the various financial input through a 3D tensor structure. Hu et 

al. (2018) proposed a hybrid attention network in a relevant work, who processed 

financial news through attention mechanisms and self-paced learning to minimize the 

effect of inaccurate information.  

Recent studies were explored for the integration of both sentiment and ESG 

indicators along with deep learning. A multilayer perceptron with sentiment inputs was 

used by Arauco Ballesteros and Martínez Miranda (2024), producing better S&P 500 

forecasts, while Martínez Thanki and Jiang (2023) used a transformers model with 

mixed data for improved S&P 500 price forecasting.  

Model explainability and hybrid architectures was emphasized. Muhammad et 

al. (2024) achieved high accuracy with explainable outputs using SHAP and LIME. 

Shahbandari et al. (2024) used a CNN-LSTM hybrid with sentiment and candlestick 

data, leading to good results in capturing short- and long-term trends.  

Models augmented with sentiment were created. Mamillapalli et. al. (2023) 

proposed GRUvader and an improved performance. Zeng and Jiang (2024) developed 

a FinBERT-LSTM model. Shobayo et al. (2024) GPT-4 vs. Efficient Logistic 

Regression, for example, demonstrated that logistic regression could match GPT-4 on 

several financial tasks, and with greater efficiency.  

Some previous work have emphasized market foresight in a more general 

manner. Mehta et al. (2021), integrated social media sentiment and news with deep 

learning models, which showed enhanced prediction accuracy through the analysis of 

public opinion. Shobayo et al. (2025) proposed a hybrid framework, where adaptive 

deep learning was blended with sentiment analysis for modelling real-time prediction. 

Chang et al. (2024) compared the performance of deep learning algorithms with 

traditional models, GRU models showed better performance than conventional 

approaches. Wang et. Al. (2025) created a multifactor model that included 

macroeconomic, sentiment, and geopolitical indicators in improving forecasts during 

turbulent times.  

2.3 Summary  
The results showed the most progress in stock prediction using LSTM, CNN, hybrid models 

and sentiment analysis. While technical indicators, numerical data and sentiment were 

combined, leading to better results — data noise, difficulty in tuning the hyperparameters, and 

high computational cost remained. Although CNN successfully extracted features, it was 

incapable to capture long term dependencies. Models based on sentiment were affected by 

misleading information and classification biases. While LSTMs and GRUs worked for 
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temporal patterns, the sensitivity to outliers and slow training made this infeasible. These 

limitations suggested that a better hybrid model would be beneficial, with improvements in 

sentiment filtering, computational efficiency and prediction accuracy.  

List of earlier reported methods with research gaps are listed in Table 2. 

  

Table 2: List of Earlier Reported Methods with Research Gaps  

No.  Researcher  Dataset Used  Model(s) Used  Metric/Accuracy  Research Gap  

1  

Ouf et al. (2024)  

Twitter sentiment +  
Yahoo Finance (Apple,  
Google, Tesla)  LSTM, XGBoost  

XGBoost 

outperformed in  
RMSE & R²  

Performance 

dropped with short-

term sentiment 

fluctuations  

2  

Churi et al.  
(2023)  

NIFTY 50 (2017-2022) 

+ scraped news 

sentiment  

LSTM, CAT 

Booster,  
Random Forest  

LSTM best in  
MAE, RMSE  

Poor real-time 

performance, 

historical-only 

strength  

3  

Lopes (2022)  

Tesla stock (20102020) 

+ Twitter sentiment  
LSTM, Bi-LSTM,  
CNN-LSTM, CNN- 
BiLSTM  

CNN-BiLSTM 

best in MAE  

Outlier handling 

and data type 

limitations  

4  

Li et al. (2024)  

Online forum 

sentiment + stock price  
XLNet, BiLSTM- 
Highway  

Improved RMSE,  
MAPE, R²  

Forum noise 

introduced 

instability  

5  

Lee et al. (2024)  
S&P 500 + ESG 

sentiment (LexisNexis)  
FinBERT + 

BiLSTM  MAPE = 3.05%  

Did not reflect 

broader market 

dynamics  

6  

Mu et al. (2023)  
Stock forums + 

technical indicators  

MS-SSA-LSTM  
(LSTM + Sparrow  
Search)  

10.74% R² 

improvement  

Model destabilized 

by temporary 

sentiment spikes  

7  

Li & Pan (2021)  S&P 500  
LSTM, GRU, FCN  
(Ensemble)  

MSE reduced by  
57.55%  

Required extensive 

parameter tuning  

8  

Li et al. (2024)  
CSI300 & CSI800 

index  
MASTER  
(Transformer)  

Outperformed  
on IC, RankIC, IR  

High 

computational 

requirements  

9  

Huiyu & Junhua  
(2024)  

Forum sentiment + 

stock data  
XLNet + BiLSTM- 
Highway  

Better RMSE, R² 

with sentiment  

Challenged by 

misinformation 

bias in social data  

10  

Omar et. al.  
(2024)  

Twitter sentiment 

(TextBlob) + 5 

companies stock data  LSTM, 1D CNN  
LSTM better for 

volatility (R²)  

NLP limitations in 

detecting sentiment 

accuracy  

11  

Ouf et al. (2024)  

Twitter sentiment +  
Yahoo Finance (Apple,  
Google, Tesla)  LSTM, XGBoost  

XGBoost 

outperformed in  
RMSE & R²  

Performance 

dropped with short-

term sentiment 

fluctuations  
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3  Research Methodology  
  

This research was mainly oriented to improve the prediction of Tesla stock price movements, 
through a hybrid deep learning framework where technical stock data, multi-source sentiment 
analysis and explainability techniques were implemented. A quantitative experimental design 
methodology was adopted and the workflow was divided into stages of data collection, 
preprocessing, model construction, hyperparameter tuning, evaluation, and explainability 
integration.  

  

3.1 Research Design  

The evaluation process of combining financial time-series data together with sentiment inputs 

was based on a structured, experimental design to derive the effect on the overall model 

accuracy and interpretability. These data were subsequently used for supervised learning to 

train and evaluate deep learning models.  

3.2 Data Collection  

Historical stock price data for Tesla Inc (TSLA) were obtained from Yahoo Finance through 

the yfinance API, from the date January 2021 to December 2023. The data consisted of daily 

entries of opening price, closing price, high, low and volume. While inputting financial data, 

social sentiment data including tweets and Reddit posts were also included. Instead of 

performing independent data collection, pre-existing datasets were sourced from Kaggle 

containing tweets surrounding Tesla and posts from Reddit, subreddits including r/TSLA, 

r/WallStreetBets and r/investing. These datasets contained pre-processed and structured text 

data corresponding to Tesla's stock activity. The VADER sentiment analyser was used to 

compute sentiment scores for Twitter data and Reddit discussions. These tools were selected 

for their proven ability to analyse short-form social media content (Lopes et al., 2022; and 

Churi et al.,2023).  

3.3 Data Preprocessing  

Data from the three sources were merged by a common daily timestamp. Missing values were 

addressed by replacing them with zeros after merging and sentiment scores were aggregated 

by computing the daily average. The time-aligned dataset obtained was normalised by the 

Min-Max scaling technique. These preprocessing steps followed best practices established in 

the existing literature to more effectively model temporal relations (Mu et al., 2023; Ouf et 

al., 2024). In the preprocessing stage, it was found that Reddit sentiment data was thin and 

displayed little variation over time. This limitation resulted from lower engagement levels or 

decreased sentiment extraction from Reddit posts. Consequently, more weight was given to 

Twitter sentiment since it appeared to exhibit more distinct temporal patterns and coherence 

with changes in stock prices (Figure 3.3).  
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Figure 3.3: Sentiment Over Time  

3.4 Model Architecture  

A hybrid deep learning model was proposed, incorporating Convolutional Neural Network 

(CNN), Bidirectional Long Short-Term Memory (BI-LSTM) networks, and Transformer 

encoder layers. The CNN layer was used to extract local spatial patterns from the time-series 

sequence. Then, time dependencies were learned in both forward and backward direction by 

the BI-LSTM layers. To enhance the model's capability to focus on long-term dependencies, 

transformer encoder blocks were integrated with supervised self-attention mechanisms. The 

architectural design was inspired by recent studies demonstrating the complementary 

strengths of these components in financial prediction tasks (Li et al., 2024; Lopes et al., 

2022).  

3.5 Hyperparameter Tuning  

Hyperparameter optimization was performed using Bayesian Optimization to enhance model 

performance. This tuning was applied to parameters such as learning rate, dropout rate, 

number of LSTM units, CNN filter size, batch size, and number of attention heads. These 

optimization methods were chosen for their ability to search complex parameter spaces 

efficiently, requiring fewer evaluations than grid or random search (Mu et al., 2023).  

3.6 Model Training and Evaluation  

The entirety of the dataset was split into training and testing subsets with an 80:20 ratio, with 

10% of the training set further allocated for validation in model training. To prevent leakage 

of future data points into training samples, a rolling-window split approach was applied. The 

model was implemented using TensorFlow and Keras. The Adam optimizer was applied and  

the loss function was defined using Mean Squared Error (MSE). Performance was assessed 

based on traditional metrics including Mean Absolute Error (MAE). These metrics were 

selected due to their standard utilization in the assessment of regression-based forecasting 

models in financial research (Churi et al., 2023; Ouf et al., 2024).  
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3.7 Explainability Techniques  

SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic 

Explanations) were implemented to demonstrate the interpretability of the model. For local 

and global feature attributions SHAP values were computed, and as individual prediction 

linear approximations LIME contributions was generated. The explainability methods 

provided insight into how inputs like sentiment scores and trading volume contributed to the 

final prediction. This is in line with previous literature which has advocated for explainable 

AI in forecasting systems in Finance (Lee et al., 2024, Ouf et al., 2024).  

3.8 Summary  

In this study, a methodology was adopted to develop a reliable, explainable, and accurate 

model for forecasting the stock price of Tesla. The proposed model addressed several 

challenges identified in previous studies by integrating multi-source sentiment with technical 

indicators, as well as deep learning and Transformer-based architectures. The inclusion of 

explainability tools in the prediction framework ensured its transparency and trustworthiness, 

thereby enhancing its potential applicability in real-world financial contexts.  

  

4  Design Specification  

4.1 Architecture and Techniques   

The proposed implementation leveraged a hybrid deep learning architecture that combined  

Convolutional Neural Networks (CNN) followed by Bidirectional Long Short-Term Memory 

(Bi-LSTM) networks and Transformer encoder layers. The architecture was designed to 

facilitate the learning of spatial features, sequential dependencies, and long-range contextual 

relationships from both financial and sentiment datasets. CNN layer was initially applied to 

extract short-term patterns from multivariate time-series inputs. The output from this layer 

was fed into a Bi-LSTM layer, so the data was processed in both time directions to maintain 

contextual memory. Concurrently, the original input was passed into a Transformer encoder, 

wherein attention mechanism was applied across time steps to capture long-term patterns in 

the data. For the final output, fully connected layers were used with hidden layers activated 

by ReLU, while the output layer used linear activation for regression. This architecture 

allowed prediction of the next day’s closing price based on the previous 15 days of stock and 

sentiment data (as shown in Figure:4.1).  
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Figure 4.1: Combined model architecture  

4.2 Implementation Requirements  

This system was built in Python using TensorFlow and Keras as major frameworks. Twitter 

and Reddit data were fetched from Kaggle and additional libraries such as pandas, NumPy, 

and scikit-learn were employed to facilitate data preprocessing. Sentiment analysis was 

performed using VADER model. Development and training were conducted on a local 

machine with Intel Core i5 CPU, and integrated Intel Iris Xe graphics. To work with the 

available computational resources, model training was optimized through batch processing 

and early stopping. The input data were normalized and organized into fixed length sequences 

of 15 days, containing both technical stock indicators and sentiment scores. These were 

separated into a training, validation, and test set using a rolling-window approach. The 

implementation prioritised computational efficiency and modularity to represent a large 

number of different data sources in a single pipeline for forecasting.  

5  Implementation  
  

In this section, the complete implementation of the deep learning framework to predict Tesla 
stock price from financial and sentiment-based time-series data was described. The 
implementation involved data preparation, model development, training, optimisation, and 
explainability integration. All tasks were performed using Python in Jupyter Notebook, in 
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which the essential libraries used were TensorFlow, Keras, pandas, NumPy, scikit-learn, SHAP 
and LIME. This project was executed on a local machine with Intel Core i5 and Intel Iris Xe 
integrated graphics, which were capable of training the deep learning models.  

5.1 Data Preprocessing and Feature Engineering  

The first data preparation was conducted with careful attention to detail. Tesla stock price data 

were sourced from Kaggle and included key features such as Open, High, Low, Close, 

Volume. Missing and invalid values were dropped in order to maintain the quality of dataset. 

Simultaneously, sentiment data was retrieved from Twitter and Reddit using pre-obtained 

datasets. These posts were cleaned, date-aligned, and analysed using the VADER sentiment 

analyser to create daily compound scores as shown in Figure 5.1.  

  

Figure 5.1: Merged Data   

Additional features were derived such as scikit-learn MinMaxScaler to normalise all 

numerical features such as price, volume, sentiment, and technical indicators. The normalised 

data were transformed into supervised time-series sequences by using a sliding window 

approach, where the input was a 15-day window and the output corresponded to the closing 

price of the following day.  

  

5.2 CNN-BiLSTM Model  

A hybrid Convolutional Neural Networks and a Bidirectional Long Short-Term Memory 

(CNN-BiLSTM) model was implemented. The Sequential API of Keras was used to build this 

model. These data (input sequences) were passed through a Convolutional 1D (Conv1D) 

layer to learn local features in a spatial and temporal fashion, followed by a Bidirectional 

Long Short-Term memory network (Bi-LSTM) layer for understanding time dimension 

bidirectional dependencies. This model included dropout layers to prevent overfitting and had 

an output dense layer to predict the stock price. The CNN-BiLSTM model was trained for 10 

epochs using the Adam optimiser and the Mean Squared Error (MSE) loss function. After 

testing, the model achieved a Mean Squared Error (MSE) of 0.00318 and a Mean Absolute 

Error (MAE) of 0.04498. As the prediction plots illustrate, in predicting stock prices, the 

model was closely aligned with the actual prices, suggesting that it was able to identify short-

run dependencies and movements influenced by sentiment.  
 

5.3 Transformer Model  

The second model was designed based on the Transformer architecture using the Keras 

Functional API. This model had Layer Normalisation and Multi-Head Attention layers to 
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extract long-term dependencies for each 15-day time-series inputs. The outputs were pooled 

via Global Average Pooling layer and passed through dense layers for regression. The same 

hyperparameters as the CNN-BiLSTM model were used to train the Transformer model. This 

returned a lower predictive accuracy at a mean squared error (MSE) of 0.02180and a mean 

absolute error (MAE) of 0.12434. The model was effective in approximating price behaviour 

during sentiment-driven price shifts, but when it came to modelling short-term outcomes 

especially in periods of low volatility, it struggled due to noise in the data.  

5.4 Combined CNN-BiLSTM + Transformer Model  

A two-stream hybrid model was constructed to utilize the strengths of both CNN-BiLSTM 

and Transformer architectures. The same input sequence was processed through two parallel 

branches, with a CNN-BiLSTM in one branch and a Transformer encoder in the other. The 

outputs from both branches were concatenated and passed through dense layers to generate 

the final prediction. This architecture captured both short-term local patterns as well as long 

range dependencies all within the same model. The MSE of the combined model achieved 

was 0.00324, and MAE achieved was 0.04486 after training, which was marginally better 

than both individual models in both accuracy and consistency. It demonstrated the best 

overall performance with an appropriate amount of interpretability, complexity, and 

performance.  

5.5 Hyperparameter Optimization using Bayesian Tuning  

Hyperparameter tuning of the combined model was performed using Bayesian Optimization 

to obtain the optimal model accuracy. Keras Tuner was conFigureured to search over a 

defined space consisting of the number of CNN filters, LSTM units, number of units in dense 

layers, and the number of attention heads in the Transformer block. With a probabilistic 

model, this process effectively reduced validation loss. This process, through multiple trials, 

resulted in the best conFigureuration and a validation loss of 0.0039, highlighting the 

importance of hyperparameter tuning in financial time-series modelling.   

5.6 Model Explainability using SHAP and LIME  

For the post-hoc interpretability of model predictions and for the transparency of model 

behaviour, SHAP and LIME were applied to the dataset. The various techniques were applied 

to CNN-BiLSTM, Transformer and Combined models to gain insights into how input features 

influenced each prediction. SHAP was leveraged to create waterfall plots that depicted the 

most impactful features affecting each prediction. These plots showed that, along with 

traditional technical factors like previous day’s closing price and trading volume, sentiment 

scores from both platforms were frequently among the leading factors in prediction results. 

SHAP offered global and local interpretability by assigning Shapley values to each input. 

LIME served as complementary approach to explainability by perturbing input data and 

building local surrogate models around predictions.   

These models focused on the sign and magnitude of the influence of each input feature. 

The SHAP outputs indicated that sentiment changes influenced predictions in a way 

corresponding to observed price movements, which were confirmed through LIME. With 

SHAP and LIME, the interpretability of models was provided and support for financial 

forecasting tasks integrating sentiment data.  
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5.7 Output Summary  
  

Table 5.7: Model Comparison  

Model  MSE  MAE  Notes  

CNN-BiLSTM  0.00318  0.04498  Strong for short-term pattern modeling  

Transformer  0.02180  0.12434  Better at capturing global sentiment shifts  

Combined (Hybrid)  0.00324  0.04486  Best val_loss: 0.00323(via optimization)  

  

Beyond model training, this implementation produced multiple primary outputs including 
actual vs. predicted price plots, sentiment time-series visualisations, and interpretability plots 
from SHAP and LIME. These findings illustrate how the hybrid model formed through 
hyperparameter tuning with the addition of explainability methods was not only able to achieve 
high levels of predictive performance but also provided interpretability and robustness which 
are key factors for applying this model in real-world financial decision making. 

Table 5.7 compares the performance metrics of the CNN-BiLSTM, Transformer, and the final 
hybrid model, summarizing their Mean Squared Error (MSE), Mean Absolute Error (MAE), 
and key characteristics.  

  

6  Evaluation  
  

In this section, the experiment results were critically and comprehensively discussed. The 
section presented several key findings, the relevance of these results from both academic and 
practitioner points of view, and the correctness of the performance regarding relevant metrics. 
Explainability tools and visual insights were also discussed to validate the models’ decisions 
and to support real-world interpretability.  

6.1 Experiment 1: CNN-BiLSTM Model  

The first experiment involved testing a CNN-BiLSTM model. Training involved 15-day time-

series sequences to detect short-term market behaviour and sentiment-based fluctuations. The 

model was trained with the Adam optimiser and Mean Squared Error (MSE) as the loss 

function, resulting in an MSE of 0. 00318 and Mean Absolute Error (MAE) of 0.04498. The 

prediction plots showed a strong overlap between actual and predicted closing prices, this is 

accurately reflected in the graph between 0-50 and 100-140, as illustrated in Figure 6.1. The 

model exhibited some performance limitation during sharp deviation, such as steps 50 and 

near 175-200, but still demonstrated strong trend prediction. Overall, this model performed 

effectively on short-term prediction tasks with local patterns, suggesting its applicability in 

contexts when accurate but fast stock trend tracking is required.  



15  

  

  

  

   Figure 6.1: Actual vs Predicted Tesla Stock Prices Using CNN-BiLSTM Model  

6.2 Experiment 2: Transformer-based Model  
  

The second experiment investigated a Transformer-based model, designed to capture 

multivariate stock and sentiment sequences and account for long-range dependencies. It used 

the same 10-day sequences and implemented multi-head attention mechanisms. This model 

did not outperform CNN-BiLSTM. Overall performance showed a higher prediction error 

with MSE 0.02180 and MAE 0.1234. Visually, it predicted slightly further from actual prices, 

especially when in steady trends, although it sometimes caught sentiment-driven price spikes.  

The performances showed overfitting and generalization remained poor, due to a 

limited number of samples and absence of regularisation as shown in Figure 6.2. In financial 

time series applications, Transformers might not reach their full potential without greater 

scalability in the data and advanced tuning procedures.  

    
 Figure 6.2: Actual vs Predicted Tesla Stock Prices Using Transformer Model  
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6.3 Experiment 3: Combined Model  
  

The third experiment involved a hybrid model comprising CNN-BiLSTM and Transformer 

branches in parallel. The dual-path approach was specifically designed to account for local 

variabilities while still being able to describe global behaviour.  

Neither individual component surpassed the hybrid model, nor did they achieve the lowest 

error metrics, recorded as 0.00324 for MSE and 0.04486 for MAE. After Bayesian 

hyperparameter tuning was applied, a validation loss of 0.0033 was achieved, showing the 

stability and generalization across the training and testing phases.  

When comparing predictions against actual stock prices in line plots in Figure: 6.3, it 

was confirmed that the hybrid model demonstrated highest ability to track both structured 

price movements, in stable market conditions, and noise, in volatile market conditions. The 

architecture combined the best features of its two constituent models, confirming the research 

hypothesis about the advantages of hybrid designs.  
  

  
  

    Figure 6.3: Actual vs Predicted Tesla Stock Prices Using Combined Model  

6.4 Experiment 4: SHAP and LIME Explainability  
  

This case focused on the interpretability of the three models, using SHAP and LIME. 

Interpretability was demonstrated by displaying attributions at both individual and global 

level for the two input features (e.g. sentiment scores and historical price components) 

responsible for the predictions. Aggregate importance derived from SHAP summary plots 

showed that High_3, High_5, and High_6 as shown in the Figureure had the highest positive 

contributions to predictions (around +0.07 each). The local prediction produced by LIME was 

0.527, while the actual prediction was 0.635, demonstrating close alignment with minor 

deviation of the model.  

Figure 6.4 demonstrates SHAP explanations highlighting the influence of sentiment 

and price features, these visual explanations enhanced the transparency of the predictive 

process thereby increasing the model’s reliability and hence suitable for analyst-facing tools 

within financial settings.  
  



17  

  

  

  
        Figure 6.4: Shap Explainability  

  

  

6.5 Discussion  
  

Experimental results showed that, out of the three models tested, the Combined CNNBiLSTM 
+ Transformer architecture was more effective than the CNN-BiLSTM and Transformer 
models used separately. It outperformed both individual models with a minimum MSE 
(0.00324) and MAE (0.04486) and validating that incorporation of both input sequence local 
and global features provides the model with better insight. The CNNBiLSTM model had the 
lowest MSE (0.00318) and MAE (0.04498), but this tendency to overfit was useful for tracking 
short-term trends and sentiment stability, while the Transformer model had higher errors 
(0.02180 MSE, 0.12434 MAE), was more unstable, but captured sudden sentiment changes. 
Explainability tools such as SHAP and LIME confirmed the features like closing price, volume, 
and social sentiment from Reddit and Twitter were significant. The results confirm that the 
incorporation of sentiment materially improves forecasting ability, and that the combination of 
attention based and sequential models leads to better predictive power.  
  

However, several design limitations were identified with the experiments. First, the 
models were trained on single asset Tesla stock, limiting generalizability. Different stocks often 
react disparately to sentiment and technical patterns, and this model was not tested across other 
equities. Second, the size of the dataset was relatively small, especially in the context of training 
a Transformer which is data-hungry by design. This likely contributed to instability and 
overfitting on this dataset. Third, no statistical significance tests (e.g., paired t-tests or 
confidence intervals) were used, which restricted the empirical robustness of the performance 
comparisons. Also, including technical indicators such as RSI and MACD could have provided 
deeper context to gain insights into the price movements than simply OHLC and volume data. 
Finally, the lack of live deployment testing or real time evaluation limited the understanding of 
how the model would perform in production settings.  

  

There are a number of adjustments that could help improve the study in future iterations. 
The model could initially be tested on a variety of stocks or indices (e.g. Apple or S&P 500) to 
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see if it generalizes or not. Second, the dataset could be augmented by extending the time 
horizon or by incorporating more granular intraday data. Third, additional technical indicators 
(MACD, RSI, Bollinger Bands, etc.) could be included to improve the feature set to reduce the 
risk of overlooking. Fourth, statistical tests (e.g., paired t-tests, ANOVA) could be used to 
provide more rigorous validation of performance differences. Fifth, time-series specific cross-
validation strategies (such as rolling windows) could also be explored to get more robust 
performance estimates. Finally, the model could be exposed to time-dependent datasets and 
implemented in a simulated or real environment could evaluate the latency and practical 
applicability of the model in real-time market conditions.   

  

These results align with previous studies highlighting the importance of hybrid 
architecture and sentiment integration. Lopes et al. (2022) and Li et al. (2024) reported 
improved predictive accuracy when sentiment features were incorporated into CNN-BiLSTM 
models. The current study builds upon their findings by introducing a Transformer component, 
and showing that a hybrid of both approaches works even better. Additionally, Churi et al. 
(2023) and Ouf et al. (2024) demonstrated that social sentiment analysis on forecasting tasks 
can significantly impact the performance, the finding is consistent with the present study, as 
SHAP and LIME explanations consistently ranked the sentiment score as one of the most 
influential features. Unlike some previous research though, this study did not include statistical 
testing and broader asset validation and limitations could be addressed in future research. The 
results overall reinforce known principles, but further demonstrate the promise of explainability 
and hybrid architectures to support practical, scalable forecasting frameworks.  
  

  

7  Conclusion and Future Work  
  

This study investigated, how do hyperparameter tuning, the design of a specialized hybrid 
model, and sentiment-data integration contribute to improving predictive accuracy, and how 
does the explainability framework assist in interpreting model behaviour? The main goals were 
to preprocess financial and sentiment data, deploy individual and hybrid models, evaluate the 
performance, and use SHAP and LIME for interpretability. This project encapsulated the 
process of gathering Tesla stock and social media data, processing it, building and optimizing 
models on the data, and finally, visual and explainable outputs to analyse the model behaviour.  

  

This methodology yielded the outcomes desired by the research. Results indicated that 
the integrated hybrid model offered significant predictive accuracy improvements over the 
standalone CNN-BiLSTM and Transformer models, confirming that merging local and global-
sequence learning with sentiment helped improve accuracy. Explainability tools also confirmed 
that the input features were relevant,  satisfying the performance and transparency objectives.   

  

The CNN-BiLSTM model was shown to achieve stable quality, with an MSE equalling 
0.00318, while the performance of the transformer model was lower, with MSE 0.02180. The 
hybrid scale model generated the best results with MSE 0. 00324 and MAE 0.04486. Features 
such as closing price, volume and social sentiment were highly influential on prediction results, 
as demonstrated in SHAP and LIME studies.  
The importance of the combination of deep learning with sentiment analysis was found to be 
in forecasting financial returns. It provided both academic and practical contributions by 
producing a more accurate and interpretable model. However, the dataset was on Tesla stock, 
and being a small dataset limited the performance of the Transformer. Statistical testing and 
real-time evaluation were also limited in terms of broader assessment.  
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In the future, case studies should implement the model on various stocks and broaden the 
sentiment source beyond social media platforms to news or earnings. Generalizability and 
robustness could be improved with more features and live deployment testing. In terms of 
commercial applications, the hybrid model could serve as a forecasting engine for trading tools, 
could be considered transparent and explainable (through SHAP and LIME).  
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