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Abstract— As we move into the future many high
technological innovations and analysis formulas are taking
place in stock market analysis and transforms into a new era of
stock trading. As many cross border open market policies are
evolving making the market growth fast and attractive for more
investors. That's why many common people and investors are
considering stock market as a smart financial investment plan
for future. But investing in stocks required many financial
analysis and time to eliminate this problem and make stock
investment more easy, many researchers and programmers are
building many online tools, formulas and analysis patterns.
However, adding machine learning algorithms for smart and big
analysis is considered to be the most effective and modern
approach. This Technique consists of many models that allows
to work with non-traditional data, large data based on stocks
performance. Advanced ML techniques offers more features
like text to data transform, NLP or social media data extraction,
sentiment analysis, Gio Political conditions and many more. But
Still stock market forecasting and analysis is a complex region
as it's a ongoing process consists of large, unstable, incomplete
data. This paper explores machine learning-based approaches
for stock market prediction through the implementation of a
generic framework. Research findings from the few past
decades historical data were critically examined, sourced from
digital libraries and databases like ACM Digital Library and
Scopus. Additionally, we conducted some model's performance
test and similarities with other models and their forecasted
results.

Keywords—stock market forecasting, ARIMA model
GARCH model, LSTM, CNN model, Random Forest.

I. INTRODUCTION

From the past few decades information technology had
made a huge advancement in businesses processes, Global
financial market is became one of the most influential
developed sector in recent time. In recent years, investing in
stocks has gained Some attention of individual investors
largely due to technological innovations. Investors are
increasingly seeking tools and techniques to maximize profits
and minimize risks. Though stock market prediction in still
illegal and unpredictable as its movement is totally volatile
and chaotic. There are infinite numbers of constraints that can
affect the stock movement. Here we are discussing about stock
market prediction based on historical price data. As this price
information covers a big portion of stock nature, that's why
incorporating analysis with this information leads to a

forecasting possibility. This analysis helps in getting more
accurate prediction which is most important for driving
profits. It is clear that there is a conflict between acceptance of
historic data as analysis information. Some researchers
believed that stocks follows random walks according to
efficient market hypothesis. But most researchers also proved
that historic stock data can be acceptable to very extent and
make this best fit for analysis. So LSTM models are getting an
advantage over traditional analysis.

Although this theory was widely accepted in the past,
technological advancements have shown that stock prices can
be predicted to some extent. By analyzing historical market
data alongside information from social media platforms,
researchers have been able to forecast changes in economic
and business sectors. The success of stock market prediction
systems heavily depends on the quality of the features they
use. While some methods have been employed to enhance
stock specific features, more focus is needed on improving
feature extraction and selection processes.

1. EASE OF USE

The Stock Market prediction historical data has been
composed from yahooh finance datasets. 10 years of financial
data are formed, preprocessed using existing techniques, and
then normalized, resized, and histogram equalization
techniques. After finishing the data compilation, we apply
prediction models means, ARIMA model, ANN, GARCH
that have been useful in finding the prediction Maintaining
the Integrity.

“Xu, C.; Li, J.; Feng, B.; Lu, B. A Financial Time-Series
Prediction Model Based on Multiplex Attention and Linear
Transformer Structure” [1] proposed a linear model where
Linear transformers reduce the time complexity of the model,
allowing faster training and inference, its multiplexed attention
mechanism improves the model’s ability to capture long-term
dependencies, resulting in higher prediction accuracy. The
model handles large datasets efficiently, making it applicable to
real-world financial forecasting. [1]

“Mehar Vijh, Deeksha Chandola, Vinay Anand Tikkiwal,
Arun Kumar” [2] highlighted that the ANN was shown to
provide better prediction accuracy compared to RF,
especially for companies like Nike, JP Morgan, and Pfizer.
Creating new variables (moving averages and price
deviations) helped improve the models' predictive
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performance. The use of RMSE, MAPE, and MBE allowed
for precise evaluation of the prediction errors.[2]

“A. A. Ariyo, A. O. Adewumi and C. K. Ayo “[3] suggested an
approach that ARIMA models are particularly effective for short-
term stock price prediction. The methodology of model
identification, parameter tuning, and residual analysis is critical
to developing a successful ARIMA model. For both Nokia and
Zenith Bank stock indices, ARIMA models provided accurate
short-term forecasts, aiding investment decision-making.

“Md. Mobin Akhtar, Abu Sarwar Zamani, Shakir Khan,
Abdallah Saleh Ali Shatat, Sara Dilshad, Faizan Samdani” [4]
proposed system of machine learning algorithms using
statistical data of stock market which uses Random Forest and
SVM algorithms to predict stock prices based on historical
data. The data is pre-processed to remove inconsistencies, and
relevant features such as opening price, closing price, volume,
and high/low values are used to train the models. The system
architecture is built to handle large datasets, sourced from
Kaggle, and prepares them for training and testing. The
models aim to predict the stock price for particular time and
evaluate the performance using accuracy metrics.[4]

“Chung, H., Shin, Ks. [5] mainly focuses on Genetic
algorithm-optimized multi-channel convolutional neural
network for stock market prediction using multi-channel
CNN network models”, where Genetic Algorithms
effectively optimized CNN architectures, leading to improved
accuracy in stock market predictions. Multi-channel CNNs
were demonstrated to be highly efficient in capturing local
temporal patterns in stock data. The proposed method
outperformed both ANN and standard CNN models, proving
the strength of the hybrid GA-CNN approach. [5]

“Mukherjee, S., Sadhukhan, B., Sarkar, N., Roy, D., & De,
S.” [6] enlightened on Stock market prediction using deep
learning algorithms that CNN model's ability to retain time-
series context through its convolutional layers allowed it to
outperform the ANN model, which tends to lose context. The
2-D histogram approach used in the CNN provided more
accurate predictions by capturing complex patterns in the
stock data. The study found that the CNN model was also less
prone to overfitting, thanks to the use of regularization
technigues. The CNN model also demonstrated faster training
and better performance in extreme market conditions, such as
during the COVID-19 pandemic. The case study revealed that
although the CNN model's accuracy dropped to around 91%
during the initial days of the market crash, it quickly adapted
and achieved 95%-98% accuracy as the market stabilized.[6]

A. Comparison Table

Paper Ref No. Key Attributes Results
Appl. Sci. GARCH model | Computational
2023, volatility. Efficiency,
13, 5175. [1] Multilayer Prediction
perception Accuracy,
(MLP) and | Inference
Recurrent neural | Speed.
networks (RNN).
[1]
“Volume 167, Random Forest RMSE value for
2020, Pages ANN is 0.42, and
599- 606, ISSN | Artificial neural | MAPE is 0.77%
1877- 0509.” network
[2]
“2014 UKSim- Autoregressiv High
AMSS 16th e component | effectiveness of
International ARIMA  model
Conference and ARIMA | for  short-time
on Computer model. data.
Modelling and
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Simulation,

Cambridge,

UK, 2014, pp.

106-

112.7 [3]

“Science, Input information | As the result we

Volume 34, |is stock historic | got effectiveness

Issue 4,2022, | data and used | of 80.8% from

101940, frameworks are | RF and 78.7%

N ISS | SVM and RF. form SVM.

1018-3647.” [4]

“Neural CNN GA-CNN

Comput & Architecture 73.74%,
Applic and  Genetic C

32, Algorithm NN

7897-7914 70.16% and for

(2020).” [5] for ANN 58.62%.

Optimization.

“CAAlI ANN ANN Accuracy:

Transactions w 97.66%.

on ith CNN Accuracy:

Intelligence Backpropagati 98.92% y:

Technology, on and CNN e

8(1), 82-94. with 2- D

[6] Histograms.

Table 1: Comparison Table

The comparison between stock price prediction models using
ARIMA, ANN, and Random Forest (RF), GARCH model,
CNN techniques highlight the strengths and limitations of
each method, particularly for short-term forecasting.

I1l. MODEL DESCRIPTION

We developed the model in various steps using historical
datasets of stock prices. First, we take the historical data then
start to structure it in a way that no null value will be present.
Now we slice the datasets in smaller chunks and start plotting
them in models. After segmentation, feature extraction using
time-series analysis and auto ARIMA for price prediction.

A. Datasets

Yahoo finance offers a wide range of historical data of all
stocks and indexes in any desired range. It supports some
useful features like offline download of historic data in csv
format for future analysis. It also supports API connection for
real- time historical stocks, forex, and cryptocurrency data.
This datasets are consists of open, close, high, low price in a
particular day. Also has dividends and split data functionality.
Some other famous websites are alpha vantage, quandl,
google finance.

date | Open | high low | close | Adj volume
clos
e
2019 | 1096 | 10967 | 107 | 1079 | 10797. | 483000
-9-3 | 0.95 50 | 727 7.90 90
0
2019 | 1079 | 10858 | 107 | 1084 | 10844. | 508800
-9-4 | 0.40 75 | 46.3 | 4.65 65
4
2019 | 1086 | 10920 | 108 | 1084 | 10847. | 595700
-9-5 | 0.95 .09 |[16.0| 7.90 90
0
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2024 | 2503 | 25129 24.9 2505 | 25052. | 220400
-8-28 | 0.80 .59 64.6 | 2.34 34

S
2024 | 2503 | 25192 | 249 | 2515 | 25151. | 354000
-8-29 | 5.30 .90 985 | 1.94 94

0
2024 | 2524 | 25268 | 251 | 2523 | 25235. | 638200
-8-30 | 9.69 .34 99.4 | 5.90 90

0

Table 2:- Nifty50 Stock price table

Now we get our data set and import all the necessary modules
and extensions. Then the very first step is to plot the data into
a graph.

Moving to our next step that is test for stationarity as our
selected ARIMA model works on non-stationary data, for
further the researchers divided this process into three parts.
As follows level (the average value in the series), trend (the
increasing or falling value in the series) and seasonality (
recurring short-term cycle). In addition many researchers are
also count noise (the random variance in the series) as a
component. In case of non-stationary data eliminate the null
data and other noise so that at time of model implication no
error generates. Generating error leads to poor prediction.

we perform a stationarity test with the Augmented
Dickey- Fuller (ADF) test, which helps us confirm if the data
series is stationary. If non-stationary, adjustments like
differencing and logarithmic transformation are applied to
ensure stability, making the data fit for ARIMA modeling.

After confirming the need to remove trends and
seasonality, we decomposed the time series into these
components. This enabled us to isolate and observe the
underlying patterns, providing insight into the seasonality and
trends that influence stock prices. To further prepare the data,
we applied a log transformation to reduce the range and
stabilize the trend. Using rolling averages, we identified the
mean and standard deviation over time, further validating the
transformation's effectiveness.

We then split the data into training and testing sets to
evaluate the model’s accuracy. We used the auto arima
function to automate the parameter selection for the ARIMA
model, which efficiently finds the best p, d, and g values (lag
observations, differencing order, and moving average order,
respectively). The model was optimized with the values 1, 1,
and 2 for p, d, and q, respectively, based on the best-fit results
of this function. This automated process enhances precision
by eliminating manual parameter adjustments, making it
easier to find the optimal configuration for accurate
predictions.

In our experiment we use both index and stock values.
Index values lead to more noise as it comes with more
volatility in comparison of stock values. At index value we
use nifty50 price for the period of September 2019 to august
2024 (1235 rows), which gives the model around 5years of
historical data to work with. We separated all the values
changes in a day like high, low, open, close and volume to
give the proper insight of market movement.

For minimizing the investment risk and informed trading
strategy ARIMA model framework excels and supports
analysis of little market movements.
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Fig 1: - Flowchart of the machine learning model.

IV. RESULT ANALYSIS

The ARIMA model, which stands for Autoregressive
Integrated Moving Average, is a powerful tool for forecasting
stock prices based on historical data, especially for short-term
investment decisions. we applied ARIMA to predict the stock
prices of nifty50 by breaking down the model's structure and
methodology into three key components: autoregression
(AR), differencing (1), and moving average (MA). The AR
component analyzes the relationship between the current and
past stock prices, helping to recognize recurring patterns.
Differencing helps make the time series stationary by
reducing the effects of trends and seasonality. Finally, the
MA component addresses noise by accounting for past
forecast errors, which smoothens the prediction output.
Together, these elements make ARIMA adept at capturing
dynamic trends in stock price movements, supporting
accurate predictions of future price levels.

The first step involved visualizing the stock’s daily closing
prices. Plotting these prices revealed an upward trend with
fluctuations over time, indicating a non-stationary time series.
Because time series forecasting requires stationary data, we
conducted the Augmented Dickey-Fuller (ADF) test to test
for stationarity. The ADF test checks for a "unit root," which
indicates whether the data shows systematic trends or
seasonal cycles. Our results, showing a high p- value and a
test statistic exceeding critical values, confirmed non-
stationarity. This led us to perform differencing, removing
trends and stabilizing variance, which allows the ARIMA
model to perform reliably.

Four initial models are fitted: ARIMA (0, d,0), ARIMA (2,
d,2), ARIMA (1, d,0), ARIMA (0, d,1), A constant is included
unless d=2. If d<1, an additional model is also fitted: ARIMA
(0, d,0) without a constant. The best model (with the smallest
AlCc value) fitted is set to be the —current modell.

A non-seasonal ARIMA model can be written as
ye= 00+ @ryt—2+4 -+ + Opyt—p + et — O16t—1 — G262
— - —bger—q (1)

The autoregressive operator is defined as:
a
Pp=1—0@1B— @2B2—---@rBP =1 - Y. @B
i=1(2)

or equivalently as :- @(t)Xt= we
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where c=p(1—¢1—--—dp) and p is the mean of (1-B)dy: . R uses
the parameterization of Equation.
We can re-write Equation as
o(B)(1-B)dy=c+6(B)et 3)

where ¢(B)=(1—¢1B—-—¢BP) is a p™" order polynomial in B
and 0(B)=(1+0:B+...+04B is a " order polynomial in B.
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Fig 2:- Train data and test data

After training the model on the training set, we made forecasts
for the testing set [as in fig 2 and fig 3] with a 95% confidence
interval, plotting predicted prices against actual values. This
visualized forecast helped us identify areas where the model
closely mirrored actual stock prices, showcasing its predictive
accuracy. Finally, we evaluated model performance with
common metrics like mean squared error (MSE), mean
absolute error (MAE), root mean squared error (RMSE), and
mean absolute percentage error (MAPE). The low MAPE of
2.5% indicated the model’s 97.5% accuracy in forecasting
stock prices, confirming its robustness for time-series analysis in
stock forecasting.

model accuracy
Random Forest (RF) 85%
GASVM 93.7%
ANNG 30%
ANN, SVM, LSTM 65%
MLP 64%
ARIMA 97.5%
DL 86%

Table 3: - Comparison table of different models results

performance value
MSE 0.015076627702326598
MAE 0.1150099911420342
RMSE 0.12278691991546412
MAPE 0.025397463962705633

Table 4: - Performance table of our model

Nifty Stock Price Prediton
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-
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Fig 3: - Model forecasting
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V. CONCLUSION AND FUTURE WORK

This paper is primarily focused on the various LSTM
frameworks like - ARIMA model, GARCH model, RF, ADF,
ANN, CNN and their performance. As discussed earlier
LSTM supports efficient forecasting techniques which helps
in further analysis. As we address the main issue regarding
decision making on investment this models helps investors to
understand in where and when they should invest. The result
like forecasted graph, sarimax results and other analysis
values shows that ARIMA model is best suited for this type of
short time predictions.

For the future work hybrid models (ANN+ARIMA or
ARIMA+RF) can improve the prediction accuracy and
efficiency. As stock price is also aligned with human
sentiment and global financial crisis so hybrid frameworks
with NLP and sentiment analysis or social media data can
boost the prediction accuracy in a remarkable way.
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