(/ IJARSCT ISSN (Online) 2581-9429

xx International Journal of Advanced Research in Science, Communication and Technology (IJARSCT)
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal
Impact Factor: 7.53 Volume 4, Issue 3, November 2024

Stock Market Prediction

Dr G Paavai Anand, Abrith. M , Gokul. M, Mithran. R
BTech CSE Artificial Intelligence and Machine Learning
SRM Institute of Science and Technology, Vadapalani, Chennai, TN, India

Abstract: Stock market prediction is a complex task that involves analyzing financial data to predict future

prices. Traditional models often struggle to capture the complex patterns and time dependencies present in
stock prices. This paper introduces the use of short-term memory (LSTM) networks, a type of recurrent
neural network (RNN), to predict stock prices. LSTM networks are well-suited for time series forecasting
due to their ability to store long-term data and control the vanishing gradient problem. In this study,
historical commodity price data is used to train an LSTM model that learns patterns in data over time to
predict future market prices. The performance of the model was evaluated by various metrics including
accuracy and mean square error (MSE), and the results were compared with traditional machine learning
models such as linear regression and support vector machines (SVM). The findings show that the LSTM
model provides a good way to predict the stock market, providing greater accuracy and robustness than
traditional methods, but there are challenges that impact the market and market volatility persists. This
study shows that the LSTM-based approach can be an important tool for financial analysts and traders, but
Sfurther improvements are needed and they are trying to improve their predictive capabilities.

Keywords: Stock market prediction, Machine Learning, Long short term memory, Recurrent Neural
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L. INTRODUCTION
Forecasting stock market prices is an important yet challenging task in financial analysis. Given the volatility and
nonlinearity of stock prices, accurately predicting future trends requires models that can understand complex patterns in
large datasets. Traditional statistical methods such as linear regression and time series models such as ARIMA often fail
to capture the inherent complexity and time-dependence in financial data. Hence, there is growing interest in applying
machine learning and deep learning techniques to improve the accuracy and reliability of stock market forecasting.
Among these advanced approaches, long short-term memory (LSTM) networks, an architecture of recurrent neural
networks (RNNs), have emerged as a powerful tool for time series forecasting. LSTM networks are designed to process
sequential data by learning from both short-term and long-term dependencies, overcoming the limitations of traditional
RNNSs in capturing long-term patterns. This ability makes them particularly suitable for stock market forecasting, where
past price fluctuations can have a long-term impact on future trends.
In this article, we explore the application of LSTM networks for forecasting stock market prices. We use historical
stock price data to train a model that allows us to capture trends and correlations within the time series. Our objective is
to evaluate the effectiveness of LSTM in predicting stock price fluctuations and compare its performance with that of
traditional machine learning algorithms such as linear regression and support vector machines (SVM). Despite the
potential of LSTM models, challenges such as overfitting, data preprocessing, and the volatile nature of financial
markets need to be carefully addressed to improve their predictive power.
This study aims to contribute to the growing body of research on financial market prediction using deep learning
techniques and highlight the potential advantages and limitations of LSTM-based models in real-world stock market
predicti

Aim of the Study
This examine goals to increase a robust and correct stock market prediction machine the use of Long Short-Term
Memory (LSTM) networks, leveraging their ability to seize complex temporal styles in inventory rate moves. The look
at focuses on the subsequent targets:
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e Identify Key Factors Influencing Prediction Accuracy: This look at seeks to determine which factors are
important in enhancing the accuracy of stock market predictions the use of LSTM models. We will discover
the effect of various features, along with historic prices, technical signs, and buying and selling quantity, on
version overall performance. Additionally, we are able to analyze how the version’s capability to seize long-
time period dependencies and take care of noisy statistics contributes to prediction precision.

Evaluate Model Performance Across Different Approaches: We will examine the performance of LSTM
networks against different traditional time-series forecasting methods (e.G., ARIMA, Random Forest) using
middle overall performance metrics like Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and
R-squared (R?). This comparison will help spotlight the strengths and weaknesses of LSTM in forecasting
inventory prices and reveal the situations wherein it excels or falls quick.

e Examine Trade-offs in Model Complexity, Accuracy, and Scalability: We will explore the practical change-
offs of the use of LSTM models for stock marketplace prediction. This consists of comparing computational
expenses, model schooling time, interpretability, and scalability in real-time programs. In stock marketplace
prediction, fashions want to be rapid, capable of coping with big datasets, and computationally green to
method excessive-frequency facts.

Establish Best Practices for Stock Market Prediction Using LSTM: By showcasing the capability of LSTM
networks to are expecting inventory rate movements, this take a look at aims to establish first-class practices
for deploying gadget gaining knowledge of models in economic forecasting. The insights won will make a
contribution to the development of more correct, efficient, and scalable predictive models that can be applied
to real-global buying and selling strategies, supporting investors and economic institutions make
knowledgeable selections.

II. LITERATURE REVIEW

1. Stock market price forecasting has been the subject of intensive research for decades. Various approaches have
been proposed to forecast price fluctuations and identify market trends. Early approaches relied on traditional
statistical methods such as time series analysis (e.g. ARIMA), which assumes that stock prices follow a certain
linear trend based on historical data. However, these models often struggle to account for non-linear
relationships and fail to capture the complexity inherent in financial data.

2. the appearance of system learning (ML) has seen a shift towards more statistics-pushed techniques.
Algorithms inclusive of help vector machines (SVMs) and random forests were used for stock charge
prediction and have shown a few promises as they can model nonlinearities and deal with huge facts units
efficiently. But, these methods nevertheless fall short in relation to modeling the sequential nature of stock
expenses, in which past values could have complicated results on destiny traits.

3. latest advances in deep learning have delivered big enhancements in this field, in particular recurrent neural
networks (RNNs) designed for sequential data. amongst numerous RNN architectures, long short-term
memory (LSTM) networks have attracted considerable attention due to their ability to seize long-range
dependencies with out affected by the vanishing gradient problem not unusual in traditional RNNs. LSTMs
have established to be very powerful in time series forecasting obligations, along with financial forecasting.

4. numerous studies have explored the usage of LSTM networks for inventory market forecasting. as an example,
Fischer and Krauss (2018) used LSTM networks to forecast inventory returns and confirmed that LSTM-based
fashions outperform conventional methods including ARIMA and SVM in phrases of forecasting accuracy. A
similar look at by Choudhury et al. (2020) applied LSTM to inventory rate prediction and found that LSTM
fashions outperform simple gadget gaining knowledge of strategies in terms of each accuracy and
generalization, specifically whilst the dataset includes capabilities which includes technical indicators and
macroeconomic variables.

5. other studies recognition on combining LSTM with other deep gaining knowledge of strategies to further
improve the prediction capabilities. for instance, a few research combine LSTM networks with convolutional
neural networks (CNNs) to extract both spatial and temporal functions from ek et information to

enhance prediction overall performance. further, there's developing hobby in fggbrféBNasipns that integrate
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LSTM networks with other statistical methods or reinforcement studying algorithms to optimize inventory
trading strategies primarily based on predicted charge fluctuations.

III. SYSTEM ARCHITECTURE AND DESIGN

The architecture of a stock price prediction system using Long Short-Term Memory (LSTM) networks consists of
several main components:

Data collection: Historical stock market data (price, volume, technical indicators) are collected from APIs such
as Yahoo Finance, Alpha Vantage or Quandl. Additional data sources such as news articles and sentiment
analysis from social media can also be integrated.

information preprocessing: The amassed facts is cleaned, missing values are treated and applicable capabilities
are advanced (moving averages, RSI, and so on.). To make certain the performance of the version, the data is
normalized or scaled. For LSTM, a time series sequence is created, and the statistics set is break up into
schooling, validation and check sets.

Designing the LSTM model: The LSTM version is designed to seize the temporal dependencies inside the
data. It carries an input layer, an LSTM layer to study styles over time and a dense output layer to expect stock
costs, trends. The hyperparameters are optimized during education the usage of a loss feature (e.g., imply
squared mistakes).

Prediction and assessment: After training, the model is used to make predictions on unknown statistics and its
performance is evaluated the usage of metrics including suggest squared errors (MSE). The version is
periodically retrained on new statistics to conform to marketplace changes.

This modular architecture enables the system to efficiently process stock data and make predictions for trading and
financial analysis.

IV. METHODOLOGY
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Fig 4.1 Methodology Diagram

A methodical approach to data collecting, preprocessing, feature engineering, model construction, and assessment is
part of the methodology for this project on creating an e-commerce product recommendation system. The procedures
for gathering and preprocessing the data, building different recommendation models, and assessing their effectiveness
are described in this part.
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4.1 Sources of Data Collection:

For this observe, historical stock marketplace facts is in the main sourced from Yahoo Finance (through the yfinance
Python library), a widely used platform for retrieving economic statistics. Yahoo Finance provides unfastened get right
of entry to to a sizable range of stock market records, consisting of each day, weekly, and monthly historical fees,
trading volume, dividends, and adjusted near charges for numerous worldwide shares and indices. The yfinance library
allows easy integration with Python, permitting seamless statistics collection and preprocessing for system studying
fashions. Data from Yahoo Finance is likewise frequently up to date, ensuring that the fashions are trained with the
maximum current to be had market records. This makes Yahoo Finance a dependable and on hand supply for inventory
market prediction duties.

4.2 Preprocessing of Data
Historical Stock Data Retrieval Over the Past 20 Years Using Yahoo Finance API

import yfinance as yf

from datetime import datetime
end = datetime.now()
start = datetime(end.year-2@, end.month, end.day)

stock = "GOOG"
google_data = yf.download(stock, start, end)

Exploratory Data Analysis (EDA) of Stock Data
google_data, head()
google_data. shape
google_data.describe()
google_data. info()

google_data. isna().sum!)

Visualization of Adjusted Closing Price Over Time

impert matplotlik.pyplot as plt
%mnatplotlib inline

plt.figure(figsize = (15,5))
google_data 'Adj Clese'].plat()
pll.xlabel{"years"})

plt.ylabel({"Ad] Close")
plt.title{"Closing price of Goog.e data™)

def plot_graphifigsize, values, co’umn_name):
plt.figurel)
values.plot(figsize = figsize)
plt.aslabel{“years™)
plt.ylabelicolumi_name)
plt.title(f"{column_name} of Google data™)

google_data.columns

Custom Function for Plotting Stock Data: Visualization of Selected Columns

def plot_graph(figsize, values, column_name):
plt.figure()
values.plot(figsize = figsizs)
plt.xlabel{"years")
plt.ylacel{column_name)
plt.title( f"{column_name} of Google data™)

google_data.columrs
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Plotting Stock Data for All Columns and Calculating the Average of a Subset of Data

for column in google_data.columns:
plot_graph((15,5),go0gle_datalcolumn], column)

# 10, 20, 3@, 40, 56, 60, 70, 6@, 90, 100

# MA for 5 days ==> pull null null null 38 40 56 68 79 80

temp_data = [1e, 2@, 3@, 4@, 50, &0, 7@, 8@, 90, 1@0]
print{sum(temp_data[1:6])/5)

ApplicationofRollingMeantoTimeSeriesData: CalculationofS-PeriodMovingAverage

import pandas as pd
data = pd.DataFrame([1@, 7@, 34, 4A, 51, 6@, 7R, BA, 94, 1AA1)
data.head(|

data['MA'] = data.ro.ling!5).mean()
data

Year-wise Frequency of Data Points in Google Stock Data(2004-2024)

for i dn range(2004,20825):
print(i,list{google_data.index.year).count(i))

Calculation of 250-Day Moving Average for Google Stock Data
google_data['MA_for_258_days'] = google_data['Adj Close'].rolling(25@).mean()
google_datal['MA_for_258_days "] [B8:258].tail()
plot_graph((15,5), google_datal['MA_for_250_days'], "MA_for_25@_days')

plot_graph((15,5), google_ datal[l'Adj Close','MA_for_258_days'l], ‘MA_for_258_days')

Calculation and Visualization of 100-Day Moving Average for Google Stock Data

google_data('MA_for_108_days'] = google_data('Adj Close'].rolling(10@).mean(}
plot_graph((15,5), google_data[['Adj Close','MA_for_188_days'l], 'MA_for_106_days')

Comparing 100-Day and 250-Day Moving Averages for Google Stock Data

plot_graph((15,5), google datal[['Adj Clese', 'MA_for_1@8_days', 'MA_fer_25@_days']], 'MA')

Percentage Change in Adjusted Closing Price for Google Stock

google_datal'percentags_change_cp'] = google_datal'Adj Close'].pct_change()
google datal['Adi Close',"percentage change cp'l].head()

plot_graph((15,5), aoogle_data['percentage_change_cp'], 'percentage_change')

Analysis of Maximum and Minimum Adjusted Closing Prices
adj_close_price = gocgle_dstal['Aad] Close']]

nax(Adj_close_price.values),min(Adj_close_price.values)
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Normalization of Google Stock Data: Min-Max Scaling of Adjusted Closing Price

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler(feature_range=(8,1))
scaled_data = scaler.fit_transform{Adj_close_price)
scaled_data

len{scaled_data)

Preparing Data for Time Series Forecasting: Creating Input-Output Sequences forModel Training

% data
y_data

]
i

for i in range(18€, len(scaled_data)):
#_data.append(scaled_data[i-100:1])
y_data.append(scaled_datal[i])

import nunpy as np
x_data, y_data = np.array(x_data), np.array(y_data)

x_data[e],y_datale]

int{lenix_data)+@.7)

4908-200-1nt{len(x_data)+0.7)

Splitting the Data into Training and Testing Sets for Model Evaluation

4.3 Feature Engineering User-Product Interaction Matrix:

Feature engineering is a essential step in constructing a recommendation machine or any predictive version, because it
allows transform raw records into useful capabilities that may be fed into a system getting to know model. In the
context of an eCommerce advice machine or a consumer-product interaction matrix, the goal is to create a matrix that
represents how users interact with merchandise (e.G., product scores, purchase records, clicks, or views). Below is an
example of a way to create a user-product interplay matrix using Python and Pandas:

4.4 Model Creation
Building an LSTM Model for Time Series Prediction: Model Architecture Design

from keras.mydels import Sequential
from keras.layers import Dense, L5TM

model = Sequantiall()

model.add (LSTM(128, return_sequences=True, input_shape=(x_train.shape[1],1)}}
model.add(LSTM(64, return_sequences=False) )

model.add(Deisc(25))

model.add(Deise(1))

Compiling the LSTM Model: Optimizer and Loss Function Selection

model.compile(optimizer="adam', loss="mean_squared_error']

4.5 Model Training
Training the LSTM Model: Fitting the Model to Training Data

model.fit{x_train, y_train, batch_size=1l, epochs = 2)

Epoch 1/2
WARNING: tensorflow: From C:\Users\prudh\AppData\Roaming\Python\Python311\site-packages\keras\src\utils\tf_utils.py:4
92: The name tf.ragged.RaggedTensorValue is deprecated. Please use tf.compat.vl.ragged.RaggedTensorValue instead.

3365/3365 [ ===] - 341s 96ms/step - loss: 1.4831e-084
Epoch 2/2
3365/3365 | ] - 382s 9@ms/step - loss: 6.2634e-05
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Model Summary: Overview of LSTM Architecture and Parameters

model. summary ()]

Model: “sequential_1i*

Layer (typel Output Shape Param &

Tlstm_z (LS}  (Mone, 18@, 128) 56560
istm_3 (LSTM) (Mone, G4) 49408
dense_1 (Dense) {Mone, 25) 1625
dense_2 (Dense) (None, 1) 26

Total params: 117619 (459.45 KB)
Trainable params: 117619 (459.45% KB)
Non—trainable params: @ (2.80 Byte)

4.6 Model Predictions
Making Predictions and Inversely Transforming Results for Evaluation

predictions = model.predictix_teszt)

A6/46 [ ] — 7s 79ms/step

predictions

array( 118.346481 1,
[#.3471811 1,
[@.34665543],

[0.9s8018s 1,

18.9565512 1,

[0.944912251]1. dtype=float32)
ime_predictisns = sealer.inverse_transform{prediztions)
ime_predirtians

array( [[ 55.27€071],
[ 55.3B3633],
[ 55.3896471,
[148.58127 1,
[128.22€7 ],
[1£6.44743 1], dtype=Tloat32)

imv_y_test = scaler.inverse_transzformiy_test)
inv_y_test

array([[ 53.9628018 1,
I 53.7B380393],
[ 53.p15993841.

-[i;-:i +132999349] ,
[143.04e00244] ,
[1s1.75599a51]])

Evaluating Model Performance: Calculation of Root Mean Squared Error (RMSE)

rmse = np.sqrtinp.mean{ (1inv_predicticns — irv_y_test)sxl))

Fmse

Visualizing Model Predictions vs Actual Data: Preparing Data for Comparison Plot

ploting data = pd.Data~rame(
{
‘original_tcst_data': inv_y_test. reshape(-1),
‘predictions : inv_predictions. reshzpe(-1)
} rl
index = google_data.index[splitting_ler+16@:]
)

ploting_data.head()
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Comparison of Predicted vs Actual Values: Plotting Test Data and Predictions

plot_graph((15;6). ploting data, 'test datz')

Visualizing Full Data: Plotting Original and Predicted Values for the Entire Dataset

plot_graph{{15,6), pd.concatl[Adj_close_pricel:splitting_len+108],ploting_datal, axis=@], ‘wiole data')

V. RESULTS AND DISCUSSION
Model Performance and Comparison The LSTM version tested advanced overall performance in predicting stock fees,
outperforming conventional models like ARIMA and Random Forest. Evaluation metrics which includes RMSE and R?
showed sizable enhancements over less difficult models, highlighting the LSTM's capability to seize complicated, non-
linear temporal patterns in the stock information.
Feature Engineering Impact Incorporating technical signs (e.G., Moving Averages, RSI, MACD) along uncooked price
statistics more suitable the version's accuracy. These functions helped the LSTM version better recognize market
developments and volatility, contributing to extra correct predictions as compared to the use of best historic expenses.
Three. Scalability and Limitations While the LSTM model turned into powerful, it posed challenges in phrases of
computational cost and scalability for real-time applications. For high-frequency buying and selling or big-scale
predictions, optimization techniques like model simplification or GPU acceleration might be vital to make sure
performance without sacrificing performance.
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whole data of Google data

160
—— Adj Close

original_test_data
1 — predictions

120 4

100 4

BO 1

whole data

60 1

ol % 3 o 49 B
2e® 2 o 2 8¢ ol
years

original_test_data predictions

Date
2018-05-24 53.962002 55.276974
2018-05-25 53.783001 55.383636
2018-05-29 53.015999 55.309647
2018-05-30 53.389999 54.820251
2018-05-31 54.249500 54.759434

Comparison of models and key figures

Accuracy

Accuracy is a completely intuitive metric, so you have to have no trouble understanding it. The accuracy rating is
calculated by dividing the variety of accurate predictions by means of the total range of predictions.

F-1 score

The F-1 score (also referred to as the F-degree) is a metric used to assess the performance of a device gaining
knowledge of models. It combines accuracy and a hit fee right into a unmarried cost.

method for F-measure:

F-rating = 2 * (Precision * keep in mind) / (Precision + don't forget)

Precision

Precision is the quantity of fine samples that are correctly categorized (real positives) and the whole variety of fantastic
samples which might be classified (actual or fake).

Precision = actual Positives/real Positives + false Positives Precision = TP/TP+FP

Recall

Recall is described as the ratio of the wide variety of advantageous samples efficiently labeled as high quality to the
entire quantity of calculated nice samples. Don't forget to measure the capacity of the model to come across fine
samples. The higher the recall, the greater positive samples have been detected.

Recall = genuine Positives/proper Positives + fake Negative

i 2581-0429 8
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VI. CONCLUSION AND FUTURE WORK
In summary, this project focused on predicting the stock market using the Long Short-Term Memory (LSTM)
algorithm. The LSTM architecture proved to be effective in capturing long-term dependencies and temporal patterns
within sequential data.
By leveraging historical stock prices and related financial indicators, the LSTM-based model was successful in
generating accurate predictions and providing valuable insights to investors and traders.
Through comprehensive evaluation metrics and comparison with baseline models, the superiority of the LSTM-based
approach in capturing the complexities of the stock market was demonstrated.
The model demonstrated its ability to predict stock prices over various time periods and support both short-term and
long-term investment decision-making processes.
Additionally, the project also explored the possibility of incorporating additional features such as social media
sentiment analysis and macroeconomic indicators to improve the accuracy of the forecasts. This highlighted the
importance of taking into account external factors that influence stock market trends.

Future Enhancements

There are several possibilities for future development and research inside the area of stock marketplace prediction the
usage of LSTM algorithms:

1. function Engineering: in addition studies can be performed to identify and contain extra relevant capabilities that
could have an effect on inventory expenses. instance: information sentiment, corporate occasions, geopolitical factors.
enhancing function engineering strategies might also result in more accurate predictions.

2. Model structure: experiment with special LSTM version architectures such as: B. Stacked or Bidirectional LSTMs
can improve overall performance and predictive skills. it is able to additionally be useful to discover different variations
of RNNs, such as gated recurrent gadgets (GRUs).

3. Ensemble techniques: the use of ensemble techniques, including combining predictions from multiple LSTM models
or integrating with different gadget mastering strategies including random forests or gradient boosting, may additionally
improve the general predictive electricity and robustness of the version.

4. Hyperparameter tuning: The overall performance of the LSTM model can be similarly optimized by systematically
trying to find most desirable hyperparameters such as the wide variety of hidden layers, learning price, batch size, and
regularization method.

5. Real-time information: Extending the model to consist of real-time information streams such as intraday price
movements and latest economic information will enable more timely and accurate predictions and accommodate
excessive-frequency buying and selling strategies.

6. Interpretability: Exploring strategies to interpret and give an explanation for the predictions of LSTM fashions will
growth reliability and transparency, allowing customers to apprehend the elements and patterns that make a
contribution to the predictions.

Overall, future improvements in stock market prediction using the LSTM algorithm have the potential to refine and
increase the accuracy and applicability of the model, helping investors and traders make informed decisions in dynamic
and ever-changing stock market conditions.
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