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ABSTRACT
This study evaluates a hybrid model that integrates Long Short-Term Mem-

ory (LSTM) networks and Convolutional Neural Networks (CNN) to predict stock
prices. The model leverages two datasets: historical Google stock data and sen-
timent data from Reddit comments. Sentiment analysis was performed using
VADER from NLTK, which classified comments as negative, neutral, or positive,
while a CNN model was trained to predict sentiment scores. Separately, an LSTM
model was built using ten years of Google stock data from Yahoo Finance, with
features scaled using MinMax normalization to improve learning and a dropout
layer added to prevent overfitting. Model performance was evaluated using Root
Mean Squared Error (RMSE) and Mean Squared Error (MSE). The LSTM model
performed well on test data but showed lower accuracy on unseen data during fore-
casting. The hybrid model successfully combined the outputs of both the CNN and
LSTM, demonstrating superior performance with lower RMSE and higher classi-
fication accuracy compared to the standalone models. This highlights the poten-
tial of integrating sentiment analysis with traditional stock prediction. The study
acknowledges challenges in classifying neutral sentiments, suggesting that more
comprehensive sentiment data is needed for future research.

http://dx.doi.org/ https://doi.org/10.64389/icds.2025.01126
https://sphinxsp.org/journal/index.php/icds/
https://sphinxsp.org/journal/index.php/icds/
https://creativecommons.org/licenses/by/4.0/#CC
https://creativecommons.org/licenses/by/4.0/


33

1. Introduction

The buying and selling of shares takes place electronically, making the stock market a truly volatile and
uncertain field. Accurate prediction is a long-standing challenge for investors and financial experts due to
the non-linear and dynamic nature of the market, a challenge highlighted by [19]. While early mathematical
models, such as linear regression, were used to forecast future price trends, they often struggled to achieve
accuracy because stock price changes are influenced by multiple factors and involve complex, nonlinear
relationships [2]. The advent of Artificial Intelligence (AI) and deep learning has offered new avenues for
more accurate and timely predictions. As noted by [22] and [6], emerging technologies like machine learn-
ing play an important role in forecasting stock prices due to their ability to handle large datasets and capture
intricate patterns. Deep learning, a subset of machine learning, uses multi-layered neural networks to pro-
cess data in a way that is inspired by the human brain [11]. This method has significantly advanced fields
such as speech and visual recognition. Due to its ability to identify patterns in vast datasets, deep learning
is increasingly being applied to the challenging task of stock market prediction, offering a more effective
approach than traditional manual analysis [25, 24, 21]. Among the various deep learning algorithms, Con-
volutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks are prominent. While
CNN models have shown high precision rates, as evidenced by a study achieving 98.92% accuracy, they
have limitations in handling temporal data [16]. This is where LSTM models excel, as they are specifically
designed to retain and leverage temporal relationships and long-term dependencies within data sequences
[3]. The superior ability of LSTMs to capture complex, non-linear patterns has made them a compelling
choice for stock price forecasting [4]. A key trend in this field is the development of hybrid models that
combine the strengths of different architectures. The CNN-LSTM framework is particularly popular, inte-
grating the CNN’s feature extraction capabilities with the LSTM’s proficiency in temporal modeling [15].
Researchers have successfully used these hybrid models with sentiment analysis and technical indicators to
improve prediction accuracy [8]. For example, some studies show that integrating financial data with sen-
timent from social media and news can significantly enhance a model’s performance, achieving accuracy
rates up to 74.3% [1]. Another approach uses weighted and categorized news to further refine predictions,
demonstrating that the relevance of the news to specific stocks is a crucial factor [26].

Despite these advancements, it is important to acknowledge that there is no perfect model for predicting
stock prices with complete certainty due to the inherent volatility and non-stationary nature of financial
markets [14, 1]. However, the consistent findings from extensive research indicate that hybrid deep learn-
ing approaches, especially those that incorporate sentiment analysis, offer the most dependable option for
analyzing market trends and forecasting future stock prices [5]. Deep learning, a subfield of artificial in-
telligence (AI), has revolutionized data processing by teaching computers to analyze information in a way
inspired by the human brain [11]. As the stock market gains popularity, experts are increasingly exploring
deep learning as a method to improve the accuracy of stock price predictions [25]. Researchers assert that
analyzing historical data through these models allows for the discernment of patterns and the acquisition of
valuable insights more effectively than manual methods [24, 21]. Despite certain constraints, forecasting
techniques offer significant advantages to investors and other market participants [12]. A wide range of ma-
chine learning and deep learning algorithms have been applied to this problem. Common network models
include the Artificial Neural Network (ANN) and the Convolutional Neural Network (CNN), with a study
by [16] showing a CNN model achieving a 98.92% precision rate, slightly outperforming an ANN model at
97.66%. However, while these models are powerful, they have limitations in capturing the temporal char-
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acteristics of financial data. This has led to the rise of models like the Long Short-Term Memory (LSTM)
network, which is highly effective in dealing with time-series data and addressing long-term dependencies
[3]. A comparative study by [20] found that an LSTM model with Principal Component Analysis (PCA)
achieved superior performance metrics (MAE of 0.032) compared to a 1D-CNN model (MAE of 0.039),
despite the CNN’s faster training time. Other research has similarly found LSTMs to be more accurate
than conventional models like ARIMA and moving averages due to their ability to handle the complex and
non-linear nature of stock market data [18].

To further improve accuracy, researchers are turning to hybrid models that combine multiple approaches.
The CNN-LSTM framework has been deployed to forecast the stock market by integrating both sentiment
analysis and technical indicators [15]. The model’s ability to process both types of data led to a mean
squared error of just 0.0011, outperforming other models. The synergy of these approaches is also demon-
strated in a hybrid CNN-LSTM model for big data, which achieved over 85% for the POCID metric [8], and
a Feature Fusion LSTM-CNN model that combines time series data and stock chart images to reduce predic-
tion error [9]. Other hybrid models, such as the Recurrent Convolutional Neural Kernel (RCNK), have been
developed to learn complementary features from historical prices and text data from message boards [13].
The incorporation of sentiment analysis is a major trend, as financial data alone may not be sufficient for
accurate predictions [1]. Research shows that integrating sentiment from social media posts and news can
significantly enhance a model’s performance. For example, a study using Twitter sentiment and financial
data achieved an accuracy rate of 74.3% [1], and a deep neural network framework that processed stock-
related comments improved prediction accuracy for Chinese stocks by 1.25% [23]. The impact of news is
further underscored by the LSTM-based Weighted and Categorized News Stock prediction model (WCN-
LSTM), which improved accuracy by integrating news categories with learned weights [26]. The analysis
of investor sentiment has also been applied to specific markets, showing that it can enhance predictive accu-
racy for Chinese A-share stocks [17]. While different machine learning and deep learning techniques have
been proposed to tackle the complexities of stock market forecasting [10, 27, 7], a comparative analysis
by [5] confirmed that incorporating financial news data into LSTM and GRU models consistently improves
prediction accuracy over using stock features alone. In summary, a diverse array of models exist, but the
most effective solutions tend to be hybrid approaches that leverage the strengths of models like LSTM and
CNN while incorporating external factors like sentiment to better capture the market’s dynamic nature.

This study proposes and evaluates a hybrid deep learning framework that combines the strengths of Long
Short-Term Memory (LSTM) and Convolutional Neural Network (CNN) models for stock trend analysis
and future price prediction. The framework integrates historical Google stock data with sentiment analysis
derived from Reddit discussions. By uniting quantitative time-series data with qualitative sentiment, this
research aims to create a more robust predictive model that captures the full picture of market dynamics.
This approach addresses the limitations of standalone models and seeks to enhance prediction accuracy,
thereby providing a novel, integrative methodology for the field of financial forecasting.

2. Research Design

This section provides a concise overview of the methodology, model design, and evaluation metrics
used for stock price prediction. This research employs a data-driven, machine learning-based approach to
predict stock prices using a hybrid LSTM-CNN model. This model was chosen for its ability to simulta-
neously process sequential time-series data and text-based sentiment data. The study utilizes two distinct
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datasets. Stock data for Google was sourced from Yahoo Finance, covering August 25, 2014, to August 22,
2024, (https://finance.yahoo.com/quote/GOOG/history/), and was preprocessed using Min-Max normaliza-
tion. Sentiment data was collected by scraping Reddit posts, with text preprocessed and sentiment scores
assigned using tools like VADER. The two datasets were then integrated on a daily basis. The hybrid model
combines two parallel paths. An LSTM model analyzes the time-series stock data, while a CNN model
processes the text-based sentiment data. The outputs of both models are concatenated and fed into a final
set of fully connected layers for the stock price prediction. The models were trained using the Adam opti-
mizer with a learning rate of 0.001, a batch size of 64, and for 200 epochs. Regularization techniques such
as dropout were used to prevent overfitting, and hyperparameters were tuned using Grid Search. Model
performance is evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). The
research will conduct two key comparisons: the performance of the hybrid model against standalone LSTM
and CNN models, and an ablation study to quantify the impact of including sentiment data on the predic-
tions.

3. Implementation and Testing

In this section, we provide an overview of the hybrid LSTM-CNN framework used for stock price pre-
diction and sentiment analysis. The system architecture is designed to process Google stock prices and
sentiment data separately, combining them for a final hybrid model. The choice of using LSTM for time-
series stock prediction and CNN for feature extraction from textual sentiment data is discussed. The Google
stock prices were collected from Yahoo Finance API, spanning a timeframe from [start date] to [end date].
Data preprocessing steps included handling missing values, scaling using Min-Max normalization, and re-
moving any outliers. The sentiment data was sourced from Reddit, using textual information to gauge
market sentiment. The preprocessing involved tokenization, stopword removal, stemming, and converting
the text into vectors using Word2Vec embeddings. Sentiment labels (positive, neutral, negative) were as-
signed using a [sentiment lexicon/model, VADER]. The LSTM model architecture consisted of 2 layers
with 100 units, optimized using the Adam optimizer. The stock price data was fed into the LSTM and for
the sliding window size time steps size of 50 for sequence prediction. Hyperparameter tuning was done
using Random Search to find the optimal learning rate, batch size, and number of epochs. The CNN ar-
chitecture for sentiment analysis involved [number] convolutional layers with 64 filters and kernel sizes of
3. The embedding layer converted words into dense vector representations using [Word2Vec, GloVe, or
FastText]. The final layer used a Softmax activation function for sentiment classification. The outputs of
the LSTM and CNN models were concatenated and passed through additional fully connected layers for
final prediction. The hybrid architecture is illustrated in Figure 1, showing the flow from the LSTM and
CNN models into the combined output layer.

3.1. Testing Strategy

The dataset was split into training, validation, and test sets, using a [70-15-15] split. Cross-validation
with [k] folds was used to ensure robustness. Model training and evaluation were performed on [hardware
specifications], using [TensorFlow/Keras] as the software framework.

The return column is introduced to this data to show the volatility of Alphabet Inc stock. the return
column is the percent change in the closing price of the stock.

The opening and closing stock price of Alphabet inc are plotted against time and displayed in figures 3
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Figure 1. Hybrid CNN-LSTM Architecture for Time-Series and Sentiment Analysis

Figure 2. Google Stock data
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and 4 the volatility of the stock is also shown in figure 5

Figure 3. Opening price of Alphabet inc

Figure 4. Closing price of Alphabet inc over time

The return plot shows the volatility (day to day fluctuation) of Google stock price how it changes over
time, it depicts the spread of their closing price, their big loss and their big gains.

Figure 5. Daily return of Alphabet inc

The summary statistics for the financial indicators is given
The stock data was split into train-test split by using loc method in pandas, we cannot employ the train-

test split method from sklearn to avoid randomness of data.The train data contains 80% of the observation
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Figure 6. Summary Statistics

and the test split the remaining 20%. The MinMaxScalar module from sklearn library was used to scale the
target and feature variables.

3.2. Sentiment Analysis

Top comments related to stock on Reddit was scraped using the scraper PRAW (Python Reddit API
Wrapper). The NLTK library was used to process the comment from the Reddit, other libraries were
employed to remove strings and emojis if available in the data. The Vader module from NLTK library
group these data into positive, neutral or negative which are called sentiment score and we then group them
by the date they were posted. The label column of the sentiment was gotten by aggregating the values of
the compound variable by assigning 1 to values greater than 0.1 and -1 to values less than 0.1 and zero
otherwise.

Figure 7. Sentiment data concerning stock from Reddit
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Figure 8. Sentiment value

We also deployed stop words from the world cloud library to see some of the stop word available in our
data.

Figure 9. 150 stop words in our text

3.3. LSTM model training

The keras library is imported from the tensorflow module. For the LSTM, some parameters to be used
for the prediction are defined. First, the time steps is defined as as the number of days the model will look
back and then make the next prediction. In the model, the timesteps is taken as 50 days so the model will

Innovation in Computer and Data Sciences Volume 1, Issue 1, 32–50



40

look at the previous 50 days to make the next prediction. The stacked model is built of two layers of 100
units each, so the LSTM model has 100 neurons each in each layer. The dropout is also assigned as 0.2.
The drop out is to ensure that the model is not over-fitting the data. It simply means fraction of the unit to
drop for the linear transformation of the inputs. The dropout is a float between 0 and 1. Similarly, the dense
layer is defined to be 25 and 1 these dense layer are also known as fully connected layer, which means how
the layers are interconnected with each other. For the target vector, the closing price is utilized, and all other
columns are used as the features except the return column. During the feature selection, other columns are
used to as independent variables to predict the target vector since the return column added little or nothing
in the prediction. The data is scaled by using MinMax scaler this is to ensure uniformity between the data
and no huge outlier. This also makes the model to train faster. The model is fitted by using an epoch size
of 200. One epoch is when the entire dataset is passed forward and backward through the neural network
only once. Multiple epochs help the model generalize better. The dataset might contain a lot of example,
passing it at once might be difficult so the dataset are divided into batches. In the model, a batch size of 64
is chosen and they are fed into the neural network. Iteration is the number to complete one epoch and 35
iterations are required. Activation function essentially introduce non-linearity to the neural network. For
the activation function, the default activation function is used in LSTM, that is the hyberbolic tangent(tanh.
There are other popular activation functions in keras that can be used which include RELU, Leaky RELU,
sigmoid and Linear. The Mean squared error is utilized as the loss function to calculate the loss. For the
optimizer, the ADAM (Adaptive Moment Estimation) is chosen. They are other popular optimizer like
stochastic gradient descent, Adagrad, and RMSprop. The aim of these optimizers is to minimize the loss
function. After the prediction, the RMSE is used to find the difference between our actual value and the
predicted value. After the prediction, we forecast the value for the next day.

Figure 10. Actual Data vs Predicted Data

The hyperparameter values need to be carefully selected to ensure the model does not overfit or underfit
the predictions. As seen in Figure 12, the predicted value follows the actual value and performs well in
prediction; however, it does not perform as well when forecasting. It performed effectively on the test data
but less so on unseen data during forecasting.
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Figure 11. An example of over-fitted model

Figure 12. Predicted close and actual close price
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Calculating the RMSE yielded a value of 4.2971, indicating that the prediction might deviate by this
amount. Figure 13 presents the forecast for the next day. While using this forecast, it is important to
consider that the RMSE suggests a potential deviation of 4.2971. Since only the closing price was predicted,
the NAN values represent variables that were not forecasted. To predict other variables, a Multistep LSTM
can be utilised.

Figure 13. Forecast value for the next day

For the sentiment stock, sentiment data is concatenated, involving both stock and investment aspects.
Initially, a tokenizer is employed on the text, facilitating the preprocessing of the text and converting it into
a format that machines can better comprehend. Subsequently, the data is split into training and test sets,
with 80% allocated for training and 20% for testing. As evidenced in Figure 8, the data is imbalanced;
thus, class weights are utilised to address this imbalance. Alternative methods for handling imbalanced data
include using random sampling, which allows for either over-sampling or under-sampling to resample the
available data. The model is defined as sequential. The embedding layer transforms text into continuous
dense vectors, with the input dimension representing the number of different embeddings to be learned and
the output dimension set to 128, corresponding to the number of embedding vectors. An additional layer is
incorporated into the model: a one-dimensional convolutional layer with 64 filters, representing the number
of features to be learned. The kernel size is set to 3 for the first layer and 5 for the second layer, indicating
the number of features being analysed. The activation function employed is the ReLU activation function,
introducing non-linearity into the model. A max pooling layer, with a pool size of 2, is utilised to reduce the
dimensionality of the data, making it less susceptible to overfitting. L2 regularisation (Ridge regulariser) is
implemented to mitigate over-fitting, ensuring that the influence of correlated features is evenly distributed
among the coefficients and preventing any single feature from dominating the model’s predictions. During
model compilation, the ADAM optimizer is applied with a learning rate of 0.001, and categorical cross-
entropy is designated as the loss function, while accuracy serves as the performance metric. The model is
fitted with an epoch size of 10 and a batch size of 32, resulting in 46 iterations for each epoch. Additionally,
a classification report is utilised as a performance metric, with F1-score, precision, and recall serving as key
metrics for evaluating the performance of a classification model, particularly in the context of imbalanced
data.

A trade-off exists when choosing between precision and recall. Recall measures the proportion of actual
positive instances correctly identified by the model, while precision indicates the proportion of positive
predictions made by the model that were accurate, reflecting the model’s ability to correctly identify obser-
vations belonging to the positive class without incurring false positives.

The predicted sentiment is compared alongside the actual sentiment and the actual text where 0 is neutral
1 is positive and -1 is negative. With accuracy of classification of 59%, the CNN sentiment model perform
fairly good.

For the hybrid model, data preprocessing involves the use of a tokenizer on the sentiment data and a
scaler on the stock data. The dataset is split using a train-test split for the sentiment data and a slicing
method for the stock data. A CNN model is employed for the sentiment data and an LSTM model for
the stock data. The CNN model is defined as a sequential model, comprising an embedding layer, a one-
dimensional convolutional layer, a max pooling layer, a flatten layer, and a dense layer with 64 units. The
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Figure 14. Classification Report

Figure 15. Comparison of actual sentiment and predicted sentiment on our test data
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Figure 16. Value count on the three classes based on the test data

dense layer indicates the degree of connectivity within the network, with the ReLU activation function
applied. The LSTM model is defined with 150 units, including a dropout layer and a dense layer. The
outputs from the CNN and LSTM models are concatenated, forming a parallel architecture where both
models are trained independently before building the hybrid model. This hybrid model utilises inputs from
both the CNN and LSTM, and is compiled using the ADAM optimizer with mean squared error (MSE) as
the loss function. The model is then fitted on the input sentiment and stock data, with the target being the
closing price of the stock. The dataset is trimmed to ensure that the time-series data aligns with the length
of the sentiment data, preventing the potential issue of jumpy data. The hybrid model is then employed to
predict the target. The predicted and actual data are plotted alongside each other, illustrating the relationship
between sentiment data and stock prices, as news events shape investor expectations. The hybrid model
facilitates the network’s learning from both stock trends (LSTM) and sentiment data (CNN). The graph
suggests that while the predicted values did not capture minor fluctuations in the actual data, the overall
trend was identified. This may indicate that the sentiment data was not sufficiently comprehensive, as only
top comments can be extracted from Reddit, omitting the full spectrum of user comments.

The performance of these models are compared using the performance metric MSE (Mean Squared
Error). From the MSE, it is observed that the LSTM has a smaller value when compared to the hybrid
model containing the time Series data and sentiment data.

Further, another hybrid model is built where CNN and LSTM takes in the time series data as the input
using the same timesteps 50 and dataset split in the same ratio as the LSTM model, that is 90:10 ratio. It is
observed that the hybrid model has less MSE when compared to the three different model. One can decide
to tweak the parameters for better result but also be careful not to under-fit or over-fit the model.

The performance of the three models is compared using the mean squared error, as illustrated in Figure
22 and it is observed that the hybrid model from the concatenation of CNN-LSTM has the least MSE
followed by the standalone LSTM model but the Hybrid sentiment has the highest MSE. These indicate
that the CNN-LSTM model is the best.
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Figure 17. Actual vs predicted

Figure 18. Actual test price vs predicted test price
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Figure 19. MSE of the two different model

Figure 20. Actual vs predicted

Figure 21. Actual closing price vs predicted closing price

Figure 22. Mean Squared Error of the three models
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4. Evaluation and Findings

This chapter evaluates several machine learning and deep learning models for predicting stock prices
and market sentiment. The sentiment analysis model, a Convolutional Neural Network (CNN), processed
Reddit comments to classify sentiment as negative, neutral, or positive, achieving a 59% accuracy. Due to
a class imbalance, class weights were applied to improve predictions for the minority classes. For stock
price prediction, a Long Short-Term Memory (LSTM) model was trained on ten years of Google stock data
from Yahoo Finance. The data was scaled using MinMax normalization to prevent features like trading
volume from dominating the model’s learning. The LSTM model had two stacked layers and a dropout
layer to prevent overfitting. It performed well on test data, with an RMSE of 4.2971, but was less effective
at forecasting unseen data. Two hybrid models were also developed. The first concatenated a CNN’s
sentiment data with an LSTM’s stock data, but this model had a higher Mean Squared Error (MSE) than
the standalone LSTM, possibly due to incomplete sentiment data. The second hybrid model, a CNN-LSTM
that processed stock data through both layers, showed the best performance, with the lowest MSE among
all models, demonstrating its superior ability to predict stock price trends.

This study successfully utilized a hybrid CNN-LSTM model to predict Google stock prices by integrat-
ing historical price data with sentiment analysis from Reddit. The CNN model, while accurately classifying
sentiment, did not perfectly match the rule-based Vader system, suggesting that machine learning mod-
els can outperform rule-based methods in this context. A weighting system was also applied to address
class imbalances and improve the model’s performance on minority classes. For stock price prediction,
the LSTM model proved robust, accurately predicting closing prices even after redundant features were
dropped. Data scaling was crucial to prevent features like trade volume from causing overfitting. The hy-
brid model, combining both sentiment and stock data, consistently outperformed the standalone models in
prediction accuracy. This research aligns with several studies on hybrid models for stock market predic-
tion. The use of LSTM for time-series data and CNN for sentiment analysis is consistent with the work of
[15] and [9], who also used hybrid models to combine different data types. However, this study’s specific
focus on integrating real-time sentiment data from Reddit distinguishes it from approaches that rely solely
on technical indicators or historical prices, such as those by [24] and [8]. The evaluation metrics (RMSE,
MSE) are standard, mirroring those used by [20] and [15]. The finding that a hybrid model outperforms
standalone models is also a common conclusion in the literature, as noted by [14] and [9]. The inclu-
sion of sentiment analysis proved beneficial, which contrasts with [23]’s finding that sentiment data had a
negative effect on predictions for some markets. The model’s reliance on LSTM for handling time-series
dependencies is well-supported by studies from [10] and [18].

The hybrid LSTM-CNN approach is a key strength, leveraging the best of both models to capture com-
plex patterns. However, a major weakness is the model’s dependence on the quality and potential ambiguity
of sentiment data, which can lead to misclassifications. Future research could explore more advanced mod-
els like Transformers (e.g., BERT) for more nuanced sentiment analysis. The approach could also be ex-
panded to predict a broader range of financial assets, like cryptocurrencies or commodities, and incorporate
additional data sources, such as news articles, to further enrich the sentiment analysis framework.
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5. Conclusion

This study investigated stock price prediction and sentiment analysis using two datasets: Google stock
prices and Reddit comments. We developed a hybrid model that integrates an LSTM for time-series stock
data and a CNN for sentiment data, and compared its performance to that of standalone models. Our
findings show that the hybrid CNN-LSTM model outperformed individual models, highlighting the benefit
of combining diverse datasets for improved forecasting. The results confirm that incorporating sentiment
analysis enhances stock market predictions, as the hybrid model demonstrated superior performance (lower
RMSE and MSE) compared to standalone models. This suggests that sentiment data provides valuable
context for predicting market movements.

However, the study faced several limitations. The sentiment data was imbalanced, with a dispropor-
tionately high number of neutral comments, which required class weighting to improve the CNN model’s
performance on minority classes. The sentiment analysis was also based on a narrow scope of data (only top
Reddit comments), which may not be comprehensive. Additionally, the LSTM model had difficulty captur-
ing minor fluctuations in stock prices, and the large scale of trade volume data posed a challenge, though
this was addressed with proper scaling. The hybrid CNN-LSTM model showed significant promise by
outperforming standalone models in both stock prediction and sentiment classification. This research pro-
vides a strong case for integrating AI in financial analysis, specifically by combining diverse data streams.
Future work should focus on expanding the sentiment dataset to include more comprehensive sources and
fine-tuning model parameters to further enhance prediction accuracy.
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