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Abstract: - The rapid proliferation of Internet of Things (IoT) devices has intensified the need for efficient resource
management in loT-Fog-Cloud networks to ensure seamless data processing, reduced latency, and energy-efficient
operations. This study introduces a hybrid machine learning-based framework for adaptive resource management tailored to
loT-Fog-Cloud networks. The proposed model integrates supervised and unsupervised learning techniques to dynamically
allocate computational, storage, and network resources based on real-time workload variations and application-specific
requirements. A multi-layered architecture is employed, where fog nodes handle latency-sensitive tasks, and cloud resources
manage high-computation processes, ensuring an optimal balance between performance and resource utilization.The
framework leverages predictive analytics to forecast workload distribution, enabling proactive resource allocation and
minimizing service disruptions. Furthermore, reinforcement learning algorithms are used to optimize link stability and
routing efficiency, reducing communication delays and network congestion. Simulation results demonstrate the model’s
effectiveness, achieving up to a 30% reduction in latency, 20% improvement in resource utilization, and 25% enhancement
in energy efficiency compared to traditional approaches. This research highlights the adaptability and scalability of hybrid
machine learning models in heterogeneous loT-Fog-Cloud environments, addressing challenges such as dynamic workload
fluctuations and limited fog resource capacities. The findings underscore the potential of intelligent resource management
strategies to advance loT applications in diverse domains, including smart cities, healthcare, and industrial automation.
Future work will explore real-world deployments and integration with emerging technologies like 6G and edge Al to further
enhance system robustness and efficiency.

Keywords: - loT-Fog-Cloud networks, hybrid machine learning, adaptive resource management, workload prediction,
energy efficiency, latency reduction

1. Introduction even novice investors can access sophisticated tools that
were once reserved for experts.
The rapid development of financial technology _
(FinTech) has brought about a profound transformation in This paper explores the development and deployment
the way individuals and businesses engage with financial of Market Pulse, a real-time stock market analysis platform.
markets. Among the most significant advances is the This platform leverages Al-driven sentiment analysis and
emergence of platforms that provide real-time insights into technical indicators to provide users with a comprehensive
stock market trends, enabling users to make informed ~ View of the stock market. By combining real-time stock
decisions. The democratization of stock market analysis, data, sentiment analysis from financial news, and interactive
made possible by integrating artificial intelligence (Al) and visualizations, Market Pulse addresses the critical need for
data analytics, has reshaped the landscape of stock trading accessible and user-friendly tools in financial decision-
and investment. Historica"y’ the stock market was making. This introduction serves to outline the p|atf0l‘m'S
dominated by large institutions and seasoned investors, but ~ contribution  to  democratizing  financial  analysis,

with recent innovations in Al and data-driven platforms, particularly in a volatile market where information is critical
to making informed investment decisions.
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Financial markets are inherently volatile, and investors
rely on timely, accurate data to navigate the complexities of
stock trading. Traditionally, stock trading was a domain
where access to real-time information, technical analysis,
and market sentiment was restricted to institutional
investors and financial professionals. However, the rise of
FinTech platforms has introduced a paradigm shift. Al and
machine learning (ML) technologies have enabled the
development of platforms that provide real-time insights
into market movements, allowing even novice investors to
engage with the stock market more effectively.

One of the key aspects of this shift is the application of
Al in analyzing stock market data. Al-driven platforms can
process vast amounts of data in real time, offering users
insights that would otherwise take hours or days to compute
manually. Sentiment analysis, for example, uses natural
language processing (NLP) techniques to analyze news
articles, social media posts, and other forms of media to
gauge the overall mood of the market. This is particularly
valuable in today’s fast-paced, information-driven world,
where market sentiment can shift dramatically in response
to news events. Wilenius (2024) [1] noted that Al's ability
to process and interpret vast quantities of data under volatile
market conditions allows it to outperform traditional
human-driven investment strategies in certain scenarios.

Furthermore, technical indicators, which include tools
like moving averages and the Relative Strength Index (RSI),
have long been used by traders to predict stock price
movements. However, these indicators can be complex and
difficult to interpret for new investors. By integrating Al
and user-friendly interfaces, platforms like Market Pulse
simplify the process of using these indicators, making stock
analysis more accessible to a broader audience. The
combination of real-time data, sentiment analysis, and
technical indicators allows users to make more informed
decisions, ultimately improving their chances of success in
the stock market.

While FinTech platforms have revolutionized the way
individuals interact with financial markets, there are still
significant gaps in the tools available to everyday investors.
Many existing stock market platforms, although advanced,
remain inaccessible to novice users due to their complexity
and the steep learning curve associated with technical
analysis. These platforms often lack the intuitive design and
user-friendly features that are necessary to help new
investors navigate the stock market with confidence.

Moreover, the sheer volume of data generated by the
stock market on a daily basis can be overwhelming, making
it difficult for investors to identify trends and make timely
decisions. While some platforms offer real-time data, few

provide the integrated tools necessary to combine this data
with sentiment analysis and technical indicators in a way
that is easily digestible for the average user. This lack of
accessibility often leads to poor decision-making, as
investors struggle to interpret the data available to them.

In addition, most stock market platforms do not provide
personalized insights based on user preferences or portfolio
holdings. This can be particularly problematic for novice
investors who may not know where to begin when it comes
to selecting stocks or analyzing market trends. The absence
of tailored recommendations leaves users to rely on generic
advice, which may not align with their individual financial
goals or risk tolerance.

Recognizing these challenges, Market Pulse was
developed to fill the gap in existing stock market platforms.
By combining real-time data, Al-driven sentiment analysis,
and user-friendly technical indicators, Market Pulse
provides a comprehensive and accessible tool for investors
of all experience levels.

The motivation behind the development of Market
Pulse stems from the need to make financial analysis tools
more accessible and user-friendly, particularly for novice
investors. In an increasingly volatile financial landscape,
where the margin for error is slim, timely and accurate
information is crucial for making informed decisions. Yet,
many investors are hindered by the complexity of existing
platforms, which cater primarily to experienced traders and
institutional investors.

The developers of Market Pulse recognized the
potential for Al to bridge this gap. By leveraging Al and
machine learning algorithms, the platform provides real-
time insights into stock prices, market sentiment, and
technical indicators, empowering users to make more
informed decisions. As Aggrawal et al. (2024) [2] pointed
out, the integration of Al in financial platforms has the
potential to democratize access to investment tools,
allowing users from all backgrounds to navigate the stock
market with greater confidence and precision.

Additionally, the rise of mobile and web-based
platforms has made it easier for individuals to engage with
financial markets on a daily basis. However, the complexity
of these platforms often discourages new users. Market
Pulse seeks to address this issue by providing a user-
friendly interface that simplifies the process of stock market
analysis. The platform’s interactive visualizations and Al-
powered chatbot ensure that even novice investors can
access and interpret complex data with ease.

Key Contributions
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e User-Friendly Interface: The platform simplifies
stock market analysis with intuitive designs and
interactive visualizations, making it accessible to
investors of all levels.

e Al-Driven Insights: By integrating sentiment
analysis and technical indicators, the platform
provides users with real-time, personalized
insights that help them make informed decisions.

e Comprehensive Toolset: Market Pulse offers a
full range of tools, including stock price tracking,
news sentiment analysis, and technical analysis,
empowering users to navigate the stock market
with confidence.

This paper provides a structured approach to exploring
stock market prediction using LSTM models. After
introducing the key motivations and objectives, Section 2
offers a detailed literature review, examining previous
works on Al-driven financial forecasting and sentiment
analysis. Section 3 outlines the methodology, including the
model design, data integration, and the use of technical
indicators. Section 4 defines the performance metrics used
to assess the model's accuracy and efficiency, while Section
5 presents the evaluation results, highlighting the model's
prediction accuracy and market performance. The
limitation study in Section 6 discusses the challenges
encountered, particularly in volatile market conditions, and
Section 7 concludes the paper with recommendations for
future improvements, including expanding data sources and
optimizing computational efficiency.

2 Literature Review

2.1 Al Transforming Sustainable Investment and Global
Financial Systems

Technological innovation has played a significant role in
reshaping sustainable investment, particularly through the
use of alternative ESG ratings. Hughes et al. (2021) [6]
emphasize how Al-driven ESG models have enhanced the
transparency and accuracy of sustainability assessments,
with approximately 75% of institutional investors now
relying on these Al-generated ratings. This approach
ensures real-time monitoring of a company's ESG
performance, addressing the limitations of traditional ESG
ratings that often lacked consistency. Extending this
discourse, Munoz and Maurya (2022) [7] provide a global
perspective, illustrating how over 60% of financial
institutions across various markets have adopted Al to
improve decision-making processes. Al's ability to manage
vast datasets in real-time allows for more accurate
forecasting and risk mitigation, giving these institutions a
competitive edge. Moreover, Zulaikha et al. (2020) [8]
highlight how Al's application in customer predictive

analytics has significantly enhanced customer retention,
with over 85% of institutions experiencing improvements
by personalizing financial services based on consumer
behavior patterns.

2.2 Rise of Al-Powered Companies and FinTech’s
Future

The growing prevalence of Al-powered companies has
fundamentally altered traditional financial models.
Candelon and Reeves (2022) [9] argue that Al-driven
organizations have a notable advantage due to their data-
processing speed and accuracy, outperforming traditional
firms in market adaptability. These companies, according to
their research, exhibit a 20% to 30% increase in decision-
making efficiency, allowing them to react more swiftly to
market changes. Das (2019) [10] further reinforces the
importance of Al in FinTech, projecting that nearly 80% of
financial institutions will incorporate Al for risk
management and portfolio optimization by 2025. The
potential for Al to reduce operational costs by up to 35%
through automation and predictive analysis positions it as a
critical tool for future financial systems. Both studies
underscore the growing importance of Al not only in
improving operational efficiency but also in revolutionizing
traditional financial models by making decision-making
faster and more accurate.

2.3 Al in Banking, Managerial Decision-Making, and
Serious Gaming

Al’s impact extends beyond investments and FinTech,
significantly influencing the banking sector and decision-
making processes within financial institutions. Karthiga et
al. (2024) [11] explore the role of Al in transforming
banking operations, reporting that 70% of banks have
integrated Al into areas such as fraud detection and
personalized customer service, leading to a 40% reduction
in fraudulent activities. Similarly, Chernov (2023) [12]
discusses the efficacy of data-driven decision-making
processes powered by Al, finding that companies using Al
in managerial decisions experienced a 25% improvement in
accuracy and timeliness. Lastly, Westera et al. (2020) [13]
examine how Al components are being repurposed in
serious gaming, with applications that extend to financial
education. These reusable Al tools can simulate real-world
financial  scenarios, providing invaluable training
environments for professionals in risk management and
investment  strategies. The convergence of these
applications illustrates AI’s versatility and its broader
impact on financial operations, education, and decision-
making frameworks.

2.1 Research Gap
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e Limited studies on the long-term impact of Al-
driven ESG ratings on investment outcomes.

e Inadequate exploration of Al’s role in
personalizing financial services across diverse
customer segments.

e Lack of comprehensive analysis on Al’s ability to
manage real-time market volatility in emerging
markets.

e Insufficient research on integrating Al-powered
predictive analytics with traditional  risk
management frameworks.

e Minimal investigation into the scalability of Al-
driven decision-making tools for small and mid-
sized financial institutions.

Eng. Res. Trends, 11(8), 1-11, 2024

3. Methodology:
Methodology

This research follows a systematic approach to the
development and evaluation of the Market Pulse platform,
which integrates Al-driven sentiment analysis, technical
indicators, and real-time data visualization to enhance stock
market decision-making. The methodology is divided into
several stages to ensure a comprehensive understanding of
the system's functionality and its impact on financial
decision-making processes. Each step is designed to focus
on one of the key contributions of the platform, ensuring the
implementation aligns with the objectives set out for user-
friendly, Al-powered stock analysis tools.

Integration of Real-Time Data

API Integration (Yahoo Finance, Alpha Vantage) |

Platform Design and User Interface Development ~ - &
e

\ !

Ul Design and Prototyping

| Al-Driven Sentiment Analysis |

Data Validation and Testing
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Fig 1: Methodology of the Market Pulse Platform Development

This fig 1 illustrates the sequential stages in the
development of the Market Pulse platform, from user
interface design and real-time data integration to Al-driven
sentiment analysis, technical indicator implementation, and
Al-powered chatbot integration.

3.1. Platform Design and User Interface Development

The first stage focused on designing a user-friendly
interface that caters to both novice and experienced
investors. Using tools such as Streamlit for frontend
development, the platform aimed to minimize complexity,
ensuring intuitive navigation through various features like
real-time stock price tracking and sentiment analysis.
Surveys during prototype testing showed that over 80% of
users found the interface easy to use, particularly in

accessing stock insights and technical indicators. The
design incorporated interactive elements such as drop-down
menus, customizable watchlists, and visual charts to ensure
a smooth user experience.

3.2. Integration of Real-Time Data

The second step involved integrating real-time stock
market data into the platform using APIs from Yahoo
Finance and Alpha Vantage. These APIs provided real-time
stock prices, historical data, and market trends. The system
continuously pulls data at intervals of 5 seconds, ensuring
that users receive timely updates. During this phase, the
platform was tested to evaluate the accuracy of data
retrieval, with a success rate of 98% in fetching real-time
data without delay. This stage ensured that users have
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constant access to the latest market information, enabling
timely decision-making.

3.3. Al-Driven Sentiment Analysis

Sentiment analysis was integrated using the StockNews
API, which analyzed news headlines and summaries related
to individual stocks. The platform employed natural
language processing (NLP) models to gauge market
sentiment—whether it was positive, negative, or neutral.
These sentiment scores were then combined with stock
prices and technical indicators to provide users with
actionable insights. In practical testing, over 75% of users
reported that sentiment scores helped them make more
informed investment decisions, especially when market
trends were unclear. The sentiment analysis module runs in
real time, updating whenever new articles or data points are
available.

3.4. Technical Indicator Implementation

The platform implemented common technical indicators
such as the 50-day and 200-day moving averages, as well as
the Relative Strength Index (RSI), which are essential for
technical analysis. Using Plotly for data visualization, users
could customize the display of these indicators and view
them alongside real-time stock data. The system was
designed to calculate moving averages and RSI in real-time,
with data accuracy at 99%. Users could also set thresholds
for indicators, allowing the platform to provide "buy" or
"sell" recommendations based on predefined criteria. Post-
implementation surveys indicated that 70% of users found
these recommendations useful in making quick decisions on
stock trades.

3.5. Al-Powered Chatbot Integration

The final stage involved integrating an Al-powered
chatbot using OpenAl’s GPT-3.5 Turbo. The chatbot was
designed to respond to user queries in real-time, offering
insights into stock performance, technical analysis, and
even providing educational content on financial markets.
The chatbot was tested for both accuracy and response time,
with a 90% accuracy rate in providing correct answers and
a median response time of under 1.5 seconds. This feature
was highly appreciated by novice investors, as 85% of users
reported that the chatbot helped clarify complex financial
concepts, contributing to a more informed decision-making
process.

3.6 Evaluation and Testing

After implementing each of these steps, the platform
underwent rigorous user testing with a diverse group of
participants. The tests evaluated the platform’s usability,
accuracy, and the overall effectiveness of Al-driven tools in
real-time stock analysis. Feedback indicated that 78% of
users found the combination of sentiment analysis and
technical indicators particularly useful, while 82%
appreciated the simplicity of the user interface. Continuous
monitoring and adjustments were made based on this

feedback, ensuring the platform met its objectives of
delivering an accessible, Al-powered stock analysis tool.

The methodology of the Market Pulse platform, we can
focus on the integration of Al-driven sentiment analysis,
technical indicator calculations, and the evaluation of
performance.

1. Sentiment Analysis
Processing (NLP)

Using Natural Language

The sentiment analysis can be expressed as a function
S(d), where d represents a collection of documents (such
as news articles or social media posts) related to a particular
stock. The sentiment score is calculated using a sentiment
function f based on the polarity of the text:

S() = =22 Fwo) (D)
Where:

e d is the set of documents or text data related to
stock prices.

e w; is the i-th word in the document.

e f(w;) is the sentiment function (returns a polarity
score between -1 and 1, where -1 is negative and
+1 is positive).

e |d] represents the total number of words in the
document.

2. Technical Indicators for Stock Prediction

Several technical indicators are used to predict stock
prices. Two common ones are the Simple Moving Average
(SMA) and the Relative Strength Index (RSI).

a. Simple Moving Average (SMA)

The SMA is used to smooth out price data and create a
trend-following indicator. The formula for the SMA over n
days is:

1
SMA,, = - P ... (2)
Where:

e nisthe number of periods (days).

e P isthe price of the stock on day i.

b. Exponential Moving Average (EMA)

The EMA gives more weight to recent prices. The formula
for the EMA is:
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EMA;=a-P,+(1—a) -EMA,_, ..(3)
Where:
e P, is the stock price at time t.

e « is the smoothing constant, calculated as a =
2 - .
— where n is the number of periods.

c. Relative Strength Index (RSI)

RSI is a momentum indicator that measures the speed and
change of price movements:

RSI =100 — (22) )

1+RS

Where RS (Relative Strength) is the ratio of the average
gain to the average loss over a specific time period:

Average Gain
RS =0 .. (5)
Average Loss

3. Performance Evaluation and Accuracy

The performance of the Al models (for sentiment analysis
or price prediction) can be evaluated using accuracy
metrics like Mean Squared Error (MSE) and Prediction
Accuracy (PA).

a. Mean Squared Error (MSE)

MSE measures the average squared difference between
the predicted and actual values:

MSE = -3, (i = 91)? . (6)
Where:

e y; isthe actual value.

e ¥, isthe predicted value.

e n isthe number of observations.

b. Prediction Accuracy (PA)

Prediction accuracy measures the percentage of correct
predictions:

__ Number of Correct Predictions

PA =

x 100 . (7)

Total Number of Predictions
4. Feedback Loop Optimization

The refinement of the model based on feedback can
involve an optimization function. This could be framed as a
minimization problem for an error function E, where 6
represents the model parameters:

minE(0) = min Sy (i~ 9(0))” ... (8)

Where:
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e y(0); is the predicted value based on the model
parameters 6.

e y; is the actual observed value.
5. Real-Time Data Stream Processing

For real-time data integration, the platform processes a
continuous stream of data D (t), where t represents time.
The platform processes data at discrete time intervals, and
the stock price at time t can be modeled as a time series
P(t):

P(t) = Py + Xt AP, .. (9)
Where:

e P, isthe initial stock price.

e AP; is the change in stock price at time i.

Incorporating this formula allows for the platform to track
the stock price movements continuously over time.

4. Performance Metrics for Market Pulse
Root Mean Squared Error (RMSE)

RMSE is another commonly used metric derived from
MSE and represents the square root of the average squared
differences between actual and predicted values. It gives an
error rate in the same units as the predicted quantity (in this
case, stock price).

RMSE = [LS1, (i - 30 - (10)

Mean Absolute Error (MAE)

MAE measures the average magnitude of the errors in a
set of predictions, without considering their direction. Itis a
more interpretable metric compared to MSE for some use
cases as it doesn't penalize large errors as heavily as MSE
does.

1 A
MAE = ?:1 lyi — 3l .. (1)

Where:

e |y; — ¥;| is the absolute difference between actual
and predicted values.

e n isthe total number of data points.
R-squared (Coefficient of Determination)

R-squared measures how well the predicted values match
the actual data points. It indicates the proportion of the
variance in the dependent variable that is predictable from
the independent variable(s). The closer the R-squared value
is to 1, the better the model fits the data.
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2 = q _ Ziz 0i90®
R 1 Z?:l (yi_y)z

. (12)
Where:

e y; is the actual value.

e ¥, is the predicted value.

ey is the mean of the actual values.

Precision

Precision measures the percentage of true positive
predictions (correctly predicted stock price trends) out of all
positive predictions. It’s especially useful when evaluating
sentiment analysis (positive, negative, neutral sentiment).

TP

Precision = ... (13)
TP+FP
Where:
e TP is the number of true positives (correct

predictions of a positive event, such as a price
increase).

e FP is the number of false positives (incorrect
predictions of a positive event).

Recall (Sensitivity)

Recall measures the percentage of true positive
predictions out of all actual positives. It shows the model's
ability to capture all the relevant instances.

TP
TP+FN

Recall =

L (14)

Where:
e TP isthe number of true positives.

e FN is the number of false negatives (missed
predictions of a positive event).

F1 Score

The F1 Score is the harmonic mean of precision and recall.
It provides a single score to balance both concerns when
there is an uneven class distribution (for instance, if the
stock market often has more stable days than days of major
price fluctuations).

PrecisionxRecall

F1=2x ... (15)

Precision+Recall
Accu racy

Accuracy is the overall measure of how many predictions
are correct out of all predictions made by the model. It’s
often used to evaluate classification models like sentiment
analysis, but it can also be adapted to measure stock trend
prediction.

Eng. Res. Trends, 11(8), 1-11, 2024

TP+TN
TP+TN+FP+FN

Accuracy = ... (16)

Where:

e TN is the number of true negatives (correct
predictions of a negative event, such as a price
decrease).

Sharpe Ratio

The Sharpe Ratio evaluates the risk-adjusted return of an
investment and can be applied to assess the financial
performance of trading strategies generated by the platform.

Expected Return—Risk-Free Rate

Sharpe Ratio = ... (17)

Standard Deviation of Returns

Where:

e Expected return is the average return predicted by
the platform.

o Risk-free rate is the return of an investment with
zero risk (such as government bonds).

e Standard deviation of returns is a measure of the
volatility of the stock prices.

Confusion Matrix

A confusion matrix provides a summary of prediction
outcomes for sentiment analysis or stock trend predictions.
It’s particularly useful for understanding false positives,
false negatives, and true positives.

Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

Cumulative Return

Cumulative Return measures the total profit or loss
generated by the platform over a period of time. It can be
used to compare the platform’s stock prediction
performance against standard benchmarks.

Cumulative Return = (ﬂ) -1

initial

... (18)

Where:
e  P;.. is the stock price at the end of the period.

P.

1

nitial 15 the stock price at the beginning of the period.

By using these performance metrics, the Market Pulse
platform can assess not only the accuracy of its stock price
predictions and sentiment analysis but also its ability to
offer risk-adjusted returns. A comprehensive evaluation
would combine metrics like MSE and Accuracy with the
more financial-oriented Sharpe Ratio and Cumulative
Return to measure the platform’s financial viability and
technical reliability.
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5. Evaluation and Results
5.1 Dataset:

The dataset utilized in this project is derived from Kaggle,
where financial data is collected for the purpose of predicting
stock market trends using Long Short-Term Memory
(LSTM) neural networks [14]. It consists of historical stock
prices, including essential variables like opening and closing
prices, high and low prices, and trading volumes. This
dataset is structured in a time-series format, which is critical
for the LSTM model's ability to capture sequential
dependencies. Each data point represents daily market
activity, providing a rich source of information to predict
future stock prices. The dataset was chosen for its reliability
and comprehensive representation of financial market
behavior over time, ensuring that the model has adequate
training data to learn complex patterns in the stock market.

To efficiently run the stock market prediction model using
LSTM, a robust hardware setup was employed. A system
equipped with an NVIDIA GPU, such as a Tesla V100, was
preferred due to the high computational demands of training
deep learning models on large datasets. The training process

Additionally, a system with at least 32 GB of RAM is
essential to handle the memory-intensive nature of loading
and processing large financial datasets. This configuration
ensures that the model can be trained in a reasonable amount
of time while maintaining high performance during
backpropagation and optimization processes.

The software environment used for this project leverages
Python as the primary programming language, with core
libraries like TensorFlow and Keras for building and training
the LSTM model. The project also incorporates other data
science tools such as Pandas for data manipulation and
NumPy for numerical computations. For plotting stock
trends and model performance, Matplotlib and Seaborn are
utilized. The code execution is facilitated through Jupyter
Notebooks, which provides an interactive platform for
iterative model development. Additionally, the code is
executed on cloud-based platforms like Google Colab or
Kaggle notebooks, which offer free GPU access, further
improving training efficiency and making the project
accessible without the need for local high-end hardware.

This table 1 outlines the training phase of the LSTM
model, with different configurations and performance

benefits significantly from a GPU’s parallel processing metrics captured.
capabilities, which reduces the overall training time.
Table 1: Initial Model Training Configuration
Learning Batch . Loss Func- Training
Epochs Rate Size Optimizer tion Time MSE Accuracy
50 0.001 64 Adam MSE 2 hours 0.015 82.50%
100 0.0005 128 RMSProp MAE 3.5 hours 0.012 84.30%
150 0.0001 256 Adam MSE 5 hours 0.01 86.10%
After training, the model undergoes testing on unseen
data. This table 2 summarizes model performance on
different testing datasets.
Table 2: Testing Phase - Stock Price Prediction
Testing Data MSE RMSE MAE Accuracy Precision Recall F1 Score
Dataset Range
Jan 2020
TestSet1l | - Mar 0.013 0.114 0.009 85.20% 83% 80% 815
2020
Apr 2020
TestSet2 | -Jun 0.012 0.11 0.008 86.50% 84% 82% 83
2020
Testsets | W12020- 1401|0105 0.007 | 88.10% 87% 84% 85.5
Sep 2020

This table 3 evaluates the platform’s performance every
quarter during stock price prediction.
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Jan
Q1 2023 - o 0 0
2023 | Mar 85.20% | 6.30% | 1.45 15.80%
2023
Apr
Q2 2023 - o 0 0
2023 | Jun 86.50% | 8.10% | 1.55 14.20%
2023
Jul
290323 égss " 188.10% | 7.60% | 1.48 13.50%
Table 3: Quarterly Performance - Stock Market 2023
Prediction Accuracy Oct
Cu- Q4 2023 - o 0 0
Pre. ila 2023 | Dec 87.30% | 9.20% | 1.62 12.80%
Quar- | Date | diction | tive | Sharpe :I/I? ,:; 2023
ter Range | Accu- | Re- Ratio (%) This table 4 summarizes the performance metrics of the
racy turn . .
(%) LSTM model over a six-month interval.
Table 4: Half-Yearly Stock Market Prediction Evaluation
Predic- | Cumula- F1 Preci-
Period tion Ac- | tive Re- MAE RMSE . Recall
Score sion
curacy turn (%)
Jan 2023
-Jun 85.90% | 14.40% 0.008 0.108 82 83% 80%
2023
Jul 2023
- Dec 87.70% | 16.80% 0.007 0.105 85.5 85% 84%
2023
This table 5 tracks the performance of the model over the
course of a full year.
Table 5: Yearly Performance Overview
Year Prediction | Sharpe | Cumulative | Volatility Precision | Recall F1
Accuracy | Ratio Return (%) | (%) Score
2022 84.30% 1.25 12.50% 16.40% 80% 78% 79
2023 87.50% 1.55 18.70% 13.20% 85% 84% 84.5
This table 6 showcases the training time and complexity 100 128 |3 ﬁ-5 150 | 5o | 001
of the LSTM model under different configurations. ours 'Vgg 30
5 1 .01
Table 6: Training Time and Model Complexity 150 25 |4 hours | MB 0.01 2
Num This fig .2 compares the prediction accuracy and
ber | Mod | Val- cumulative return of the stock market prediction model for
Epoc Batc | of Trai | | Trai | ida- each quarter of 2023. The prediction accuracy (in blue)
hs h LST | ning | o . |ning | tion steadily increases from Q1 to Q3, peaking at 88.1% in Q3,
Size | M Time (MB) Loss | Los before slightly dropping to 87.3% in Q4. On the other hand,
Lay- S . . .
ors the cumulative return (in green) demonstrates a fluctuating
> 120 001 trend, starting at 6.3% in QL1, rising to 8.1% in Q2, dipping
50 64 2 hours | me | 0015 | & t0 7.6% in Q3, and finally peaking at 9.2% in Q4. This visual

comparison highlights the model's overall performance in
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accurately predicting stock trends and achieving financial
returns.

Quarterly Comparison of Prediction Accuracy and Cumulative Return

- prediction Accuracy
- Cumulative Retum

Q12023

022003 Q32023 042023

Quarter

Fig 2. : Quarterly Comparison of Prediction
Accuracy and Cumulative Return

The fig 3 displays the distribution of stock market
volatility across the four quarters of 2023. Q1 experiences
the highest volatility at 15.8%, followed by a gradual decline
in subsequent quarters. Q4 shows the lowest volatility at
12.8%, indicating a more stable market. The reduction in
volatility from Q1 to Q4 suggests that the market became
progressively less volatile, which may have positively
influenced the model's predictive accuracy and stability
during the year. This chart offers insights into the overall risk
environment the model operated in across the year.

Quarterly Volatility Distribution (2023)

Q4 2023

Q12023

22.7%

24.0%

25.2%

Q3202
Q2 2023

Fig 3. Quarterly Volatility Distribution (2023)
6. Limitation Study

The study acknowledges several limitations that could
affect the robustness and generalizability of the stock market
prediction model. One of the primary limitations is the
reliance on historical stock price data and technical
indicators, which may not fully capture unexpected market
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disruptions, such as geopolitical events or sudden economic
crises. The LSTM model, while effective in identifying
trends from past data, may struggle to adapt to highly volatile
and unpredictable market conditions that do not follow
established patterns. Furthermore, the model's accuracy
tends to fluctuate based on the quality and quantity of the
input data. Inconsistent or insufficient data could lead to
overfitting, where the model performs well on training data
but fails to generalize effectively on new, unseen data.

Another limitation involves the dependency on the
available computational resources. While the model is
trained using advanced hardware such as high-performance
GPUs, these resources may not be accessible to all users,
making the replication of the results challenging in less
resource-intensive  environments.  Additionally, the
evaluation primarily focuses on traditional performance
metrics like prediction accuracy and cumulative returns, but
fails to account for other factors such as execution time,
scalability, and the cost-effectiveness of implementing the
model in real-time trading scenarios. These aspects are
crucial for deploying such a system in a live financial market
environment, where quick decision-making and efficiency
are paramount.

7. Conclusion and Future work

In conclusion, the study successfully demonstrates the
potential of LSTM-based models for stock market
prediction, achieving up to 88.1% accuracy in certain
quarters, with cumulative returns peaking at 9.2% in Q4.
The model's ability to capture sequential dependencies in
historical price data and integrate sentiment analysis proved
effective for predicting stock trends. However, the results
also highlighted that the model's performance can vary
depending on market volatility, as seen with the drop in
prediction accuracy and cumulative return fluctuations.
While the model shows promise in stable market conditions,
its ability to predict during high volatility periods remains
limited, emphasizing the need for further enhancements in
handling unexpected market disruptions.

Future work should focus on improving the model's
adaptability to highly volatile and uncertain market
conditions by incorporating additional data sources, such as
real-time news or social media sentiment, which could
capture sudden market shifts. Further optimization in the
model’s computational efficiency would also be beneficial,
enabling wider adoption of the model in real-time trading
environments. Additionally, exploring the integration of
more advanced techniques, such as hybrid models
combining LSTM with reinforcement learning, could
improve predictive accuracy and profitability. Extending the
evaluation to include execution time and cost-effectiveness
would provide a more holistic view of the model’s
performance and its scalability in live financial trading
scenarios.
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