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Abstract: A lot of research is being done on the area
where DL and predicting the financial markets meet.
This is because the stock market is very complex and
is affected by many factors. To make good
predictions, you have to think about how volatile the
market is, since stock prices quickly reflect all the
information that is available. This project suggests a
new way to predict how stock prices will move by
using both stock and news data. The main goal is to
create a strong predictive model that can understand
the complex connection between stock prices and
textual news data. Because stock markets work so
well, the goal is to make predictions more accurate by
using a variety of data sources and taking market
instability into account. Our method involves making
a hybrid information mixing module that uses two
mapblocks to make the interaction between price and
text data features work well. This module pulls out the
multimodal relationships between price series data
over time and semantic features from news data. Then,
a multilayer perceptron-based model is used to guess
how the stock price will move. Using the proposed
method in experiments that took place in a very
volatile stock market showed promising outcomes.
We saw big improvements in the accuracy of our
predictions when we combined price and text data

features and used the hybrid information mixing
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module. This ALSO used ARIMA and a mix of
LSTM, GRU, and Bidirectional models, which made
it much better at making predictions. With real-time
data, this variety of approaches led to a stronger and

more accurate final prediction.

“Index terms - Stock movement prediction, time-series
forecasting, bidirectional encoder representations
from transformer (BERT), gated recurrent units

(GRU), multilayer perceptron (MLP) .

1. INTRODUCTION

DL is still being studied, but DL technology has now
been used in the financial field. As the COVID-19
pandemic has made the stock market more volatile, it
has become harder to accurately predict how stock
prices will move. This has made it harder to do study
on stock market forecasting. In NLP and the financial
business, studies that try to guess stock prices are
becoming more and more important. The stock market
is very unstable and is affected by knowledge about
companies and stock price indicators. Because of this,
researchers are always looking for new ways to predict
how stock prices will move by using different
variables. First, two major studies conducted time-
based studies to predict how stock prices would be

deferred. Stock price data used and other textual data
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such as shared news and Twitter. [1], [8]. The
openings, high, low, low prices, and end prices and end
volumes of technical indicators can usually be inferred
how stock data is used and how stock prices are
moved. To figure out how variable time series data
will be, people have come up with ways to learn about
them using a “convolutional neural network (CNN) or
a recurrent neural network (RNN) [1]”. One problem
with technical analyses that use stock price data is that
they can't show trends that cause stock prices to

change [2].

The relationships between companies also affect
stock market volatility along with price and textual
statistics. Studies on stock price prediction were
performed using price, text, and business relation data
to build and examine attention-based models to be
influenced by stocks [6, 8]. Research is conducted to
infer how stock prices move by examining financial
data, social media and connections between stocks in
a structured manner using a hierarchical graph of
attention [6]. This is because different types of

information can affect stock prices.

To display stock market information in text data and
predict changes in sharing, the context information is
determined by inserting the context word into the
"Twisted Encoder Display (BERT) of the
Transformer." Indications of the multimodal market in
price and text in the multimodal era affect stocks [7].
At the time of semantic functions of price data and text
data, series assignments have been eliminated and held
together to make information and mixed duties from
different modes. The pricing and text data function
may work better together if you combine the functions
of the mixture function through the hybrid information

mixture modules.
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It is considerably easier to put together the hybrid
information mixing module in this article than the
transformer-based variant. This is because other
MLP-based models have MLP blocking [8, 9, 10, 11,
13, 14]. We employ an MLP-based model in this work
to estimate what will happen to the stock prices in the
hybrid information mixing module. This can help you
make more accurate predictions about your inventory.

This study uses Stocknet Data Record [1].

2. LITERATURE SURVEY

It's hard to tell how stocks will move because the
market is very random and we use chaotic data to make
estimates that depend on time [1]. We address these
three issues and present an innovative, comprehensive
approach that employs both textual and value signals
to accomplish this task. Our model is distinct from
discriminatory or subject modeling because it uses
continuous, recurrent latent variables. This makes it
better at dealing with uncertainty and neural variable
estimates, which is how we tackle the problem of the
rear entry that just won't work. We also give you a
hybrid purpose with a temporary attachment that lets
you record the future's dependence in diverse methods.
We show that our proposed model is better at
predicting stock movements than any other model

when we use a new batch of data.

The trend of a time series shows how the series moves
between going up and going down. It's useful to be
able to learn and predict the trend in time series data
for a wide range of real-world purposes, such as
allocating resources in data centers and planning work
loads in smart grids. We are writing about TreNet [2],
a new “end-to-end hybrid neural network that learns
local and global contextual features to predict the

direction of time series”. This idea comes from the
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recent successes of neural networks. TreNet uses
CNNs [24, 27] to pull out important features from time
series data that is stored locally. TreNet, on the other
hand, uses a LSTM [34] to understand the long-range
dependencies in the order of past trends. After that, a
feature fusion layer will learn how to use joint
representation to guess the trend. On real datasets,
TreNet does better than CNN, LSTM, the combination
of CNN and LSTM, a Hidden Markov Model-based

method, and a number of kernel-based baselines.

The stock index is used to judge investments and to
see how the economy of a country is doing. This is
why study into how to predict the stock index is still
going on. There are technical, basic, and
psychological factors that go into predicting the stock
price index. For accurate predictions, you also need to
think about complicated factors. Therefore, models
need to be addressed to predict stock indexes By
selecting and articulating the technical and ancillary
elements influencing the methodology grounded in
share value. Most of the research done on this subject
predicts that studies would either employ news or a lot
of economic indicators that affect market fluctuations,
or they will simply look at a few indicators. In this
study [3], we aim to demonstrate that news mood
analysis and several macroeconomic factors are
employed to accurately predict the USDO Jones index.
Mood analysis was done on more than 93,000 New
York Times commercial stories two years later. Burt
and NLTK are two examples of natural language
processing technologies that are new. We also looked
at five macroeconomic indicators, gold and oil prices,
and five exchange rates that have an impact on the US
economy. Prediction Methods LSTM [19, 20] are
known to combine optimal numbers and text, and were
used in combination. “The DJI index forecast with the

NLTK, BERT, OIL, GOLD, and EURUSD”
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combinations gave the smallest MSE value after trying

out different ones.

If you want to make smart trades in the stock market,

you need to be able to guess stock prices. In recent
years, short-term predictions based on financial news
stories have shown a lot of promise. In this study [4],
we suggest a new DNN called DP-LSTM for
predicting stock prices. The network uses various
privacy mechanisms to use news articles as hidden
information and different news sources. Based on the
"Author Split Average Model (ARMA)," a sentiment
arm is created by adding information from the
financial message. Then, a DNN based on LSTM is
constructed. The LSTM, the Vader model, and the
"Differential Privacy (DP)" mechanism make up this
network. The suggested DP-LSTM approach cuts
down on mistakes in predictions and makes the system
more reliable. We did a number of tests on the S&P
500 strains and discovered that the suggested DP-
LSTM makes the intermediate products better. MPA
“by 0.32% and (ii) it improves the MSE of the
predictions for the S&P 500 market index by up to
127%”.

Recently, a lot of people have been interested in the
stock market. As the inflation rate has gone up, people
have had to invest their money in the stock market,
commodities, and other places instead of saving it.
Also, DL models have been shown over and over again
to be able to make predictions based on time series
data. When traders and investors look at the stock
market, they most often use technical analysis with the
help of technical indicators. Another part is sentiment
analysis, which looks at how investors feel and how
willing they are to invest. People all over the world
have used basic ML [45] and Neural Networks in a

number of different ways. From the most basic linear
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regression to the most complex NN People have tried
every method they can think of to try to guess what
will happen in the stock market. Recent events show
that news and stories have an impact on the
cryptocurrency and stock markets. This paper [5]
suggests a group of cutting-edge ways to guess what
stock prices will do. First, a version of BERT, a pre-
trained Google NLP transformer model, is used to look
at how people feel about the news and stories about
Apple Inc., “which is listed on the NASDAQ. After
that, a Generative Adversarial Network (GAN)”
guesses what Apple Inc. stock price will be by looking
at sentiment scores, technical indicators, market
indexes from different countries, some commodities,
and past prices. “Baseline models, such as the Long
Short Term Memory (LSTM), Gated Recurrent Units
(GRU) [19, 20, 22], plain GAN, and the Auto-
Regressive Integrated Moving Average (ARIMA)”

model, are used to compare.

3. METHODOLOGY

i) Proposed Work:

"Hybrid Information Mixing Module," the suggested
system, takes stock and news data and uses DL models
like LSTM, GRU, [19, 20, 22], and BERT to get time-
series and semantic features. These features are
combined into mixed features that show how different
data sources interact to help us better understand
market signals. It has a mixed information mixing
module that uses two MLP blocks to effectively
integrate features. This makes predictions more
accurate while using less computing power than
transformer-based models. Adding ARIMA and a
mixed method that combines LSTM, GRU, [19], and
Bidirectional models also made it much easier to make

predictions. When applied to real-time data, this
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variety of approaches led to a stronger and more
accurate end prediction. Also, to make testing and
interacting with users easier, a frontend interface with
login features was built using Flask. This made it easy
for users to get involved and check how well the

prediction models worked in real-life situations.

ii) System Architecture:

This study proposes a hybrid mix of information that
can be used to infer how stock prices move. “The
hybrid information mixing module can be divided into
three parts as seen in Figure 1”. These are hybrid
information mixing modules, binary classifiers. The
mixed information module consists of the ability to
mix MLPs and the interaction to mix MLPs [8, 9, 10,
11, 13, 14]. Embedded characteristics include
embedding price and text embedding. The binary
classifier tells you whether the predicted change of the

stock price is up or down.

“Fig 1 Proposed architecture”

iii) Dataset collection:

StockNet data record [1], which consists of historical
price records and Twitter data records, is used to test
“the learning and performance of the hybrid
information mix module in this work”. The historical
price dataset has data on stocks that were moved a lot

in the “New York Stock Exchange (NYSE) and

Vol 25 Issue 09,2025

Page 39 of 47



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology (IJESAT)

NASDAQ markets that are part of the Standard and
Poor's (S&P) 500 index. NASDAQ ticker symbols,
like Google's $§GOOG”, are used in regex searches to

pull out a Twitter dataset.

Date Open High Low Close  AdjClose  Volume Label

2012-09-04 95108574 06448570 94928574 96424286 87121140 91973000 1
2012-00-05 0B.510002 08621420 ©O5B57143 05747147  88.500338 84093800

2012-09-08 96.167145 06.8985756 95828575 06.610001 87.288966 97798100 1
2012-09-07 96.8964288  97.497147 96538574  97.205711  87.827171 82416600 1
2012-09-10  97.207146  97.612854 94.585716 94.677139  85.542564 121999500 (]

P hw N a0

1263 2017-08-28 160.139999 162.000000 159.929993 161.470001 161.470001 25966000 1
1254 2017-08-20 160100006 163119995 160.000000 162.910004 162910004 29516900 1
1288 2017-08-30 183.800003 163 880899 182810001 163350008 163350008 27288600 1
1266 2017-08-31 163.639999 164.520004 163479996 164.000000 164.000000 26785100 1
1267 2017-09-01 164.800003 164.940002 163.630005 164.050003 164.050003 16552800 1

1258 rows = 8 columns

Fig 2 dataset
iv) Data Processing:

DP is the act of turning useless data into useful
information for the business. You are in charge of
computer researchers most of the time. This means
that it is collected, sorted, cleansed, looked into,
analyzed, and turned into formats that are easy to read,
such visuals and papers. There are three techniques to
treat data mechanically or electrically by hand. The
purpose is to spread knowledge that is valuable and
helps people make decisions. This helps businesses
run more smoothly and make smart judgments about
their strategies. Automatic data processing tools, such
computer programming, make this mostly achievable.
It helps change big data and other kinds of data into
valuable information that may be used for quality

control and making decisions.
v) Feature selection:

Features selection is the process in which the most
consistent, most convenient, and less redundant
features can be used to create models. With the number
and record types increasing, it is important to reduce

the size in a planned manner. One of the main
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objectives of feature selection is to reduce the better
capabilities and computing power of the predictive

model.

One of the most important parts of functional
engineering is the selection of characteristics, which is
the process of selecting the most important features for
feeding with ML algorithms. The distinctive selection
method removes unnecessary or useless features and
retains only the features that are most important to the
ML model. This reduces the number of input variables.
Instead of having your ML model do this, selecting
which functions are important in advance will have the

main advantage here.
vi) Algorithms:

“LSTM: Long Short-Term Memory” is a better
form of the RNN. LSTM is great at recording long-
term dependencies and is great at predicting
sequences. It can be used for jobs that involve time
series and sequences. The best thing about LSTM is
that it can understand order dependence, which is
important for handling hard problems like speech

recognition and machine translation [4, 20].

LSTMs have a memory cell with three gates: input,
forget, and output gates. This is different from
regular RNNs, which only have one hidden state.
These gates manage the adding, removing, and
sending of data from the memory cell. This lets the
network choose which data to keep and which to
delete. Because of this, LSTMs can be used for jobs
like translating languages, recognizing speech, and
making predictions based on time series. LSTMs can
also be mixed with other designs, like CNNs, to make
them more useful for tasks like analyzing images and

videos.
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Most likely, LSTM is used in this project because it
is good at modeling sequential data, like historical
stock prices or text from news stories. The model can
find temporal patterns and dependencies in the raw
data by using LSTM. These are very important for
predicting stock prices. LSTM can also remember
things for a long time, which makes it good for

finding trends and patterns in time-series data.

“Gated Recurrent Unit (GRU)”: The LSTM
architecture is put together with the GRU
architecture, which is another type of gated RNN.
“Recurrent neural network (RNN) is the type of
network it is. For easier use instead of Long Short-
Term Memory (LSTM)” networks. In the same way
that LSTM can, GRU can handle sequential data like
speech, text, and time lines. The main idea behind
GRU is to use gates to update only some of the
network's secret states for each time step. Gating
systems manage data flows both inside and outside
the network. The reset gate and the update target are
two goals that make up the GRU. This gate
determines how many of the previous secret states to
be removed. This gate also determines whether to use
the new input to change the hidden state. The GRU
decides what to do based on the latest hidden
information [19, 20].

The project probably uses this mix of LSTM and
GRU to get the most out of the best parts of both
designs. LSTM 1is great at recording long-term
dependencies, and GRU 1is good at making
computations faster. By putting them together, the
model might be able to do a better job of predicting

stock prices, both in terms of accuracy and speed.

4. EXPERIMENTAL RESULTS

www.ijesat.com

Precision: The accuracy is the percentage of tests or
situations that are correctly categorized as positive
matches. So this is how we find out if something is

accurate:

“Precision = True positives/ (True positives + False

positives) = TP/(TP + FP)”

True Positive

Precision = — —
True Positive+False Positive

Recall: In ML, a return is a number that shows how
successfully a model can locate all the significant
examples of a certain class. This shows how well a
specific version of the model works. To get this
number, you divide the number of approximate
positive comments by the actual number of positive

comments.

TP
TP+ FN

Recall =

“Accuracy: Accuracy is the percentage of correct
predictions in a classification task”. This indicates

how accurate the forecasts of the right models are.

TP+ TN

Accuracy= :
© TP+FP+TN+FN

“F1 Score: The F1 score is a good way to measure
both accuracy and memory”. This is a good solution
that works with both false positives and false
negatives, and it can be used with data records that

aren't balanced.
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Recall x Precision

F1 Score =2

All Algorithms Performance Graph

* *
Recall + Precision

Existing LSTM

Frapose Hybrid Information Mising Module

ytension Bidirectional Hybrid Information Mising Module
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“Fig 3 Comparison graph”
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“Fig 4 Performance Evaluation”

Hybrid Information Mixing
Module for Stock
Movement Prediction

“Fig 5 Home page”
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“Fig 6 Signin page”
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“Fig 7 Login page”
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MOVEMENT PREDICTION

“Fig 8 User input”

PREDICTED GOOG PRICE FOR THE NEXT 7 DAYS

e

Close

According to the ML Predictions , a RISE in GOOG is expected => BUY
RECOMMENDATION

“Fig 90 Predict result for given input”
5. CONCLUSION

The new fusion method that combines features from
price and text data sources makes the model better at
making predictions by taking into account a wider
range of market signs and information sources for
more accurate predictions. By combining LSTM and
GRU [19, 20] designs, the project is better at
predicting how stock prices will move. This is because
it uses the power of recurrent neural networks to find
patterns over time in both numerical and textual data.
Using LSTM and LSTM + GRU together makes it
possible to model sequential data like historical stock
prices and news stories well. This lets the model see
complex dependencies and trends that are necessary
for making accurate predictions. Using the Flask
framework and SQLite database, the project provides

an easy-to-use interface for users to register, log in,

www.ijesat.com

and upload company ticker symbols. This makes it
easier for users to connect with and use the stock
prediction system. The ARIMA algorithm was very
good at predicting the future; it made accurate
predictions about how stock prices would move with
very few mistakes. Testing with real stock data on the
front end proved that it was reliable and strong, giving
users useful information for making smart decisions.
The project gives users accurate predictions of how
stock prices will move based on historical data and
real-time news. This gives investors and traders the
power to make smart choices, which improves their
ability to navigate the constantly changing financial

markets.

6. FUTURE SCOPE

By including additional data that influences stock
market volatility in future research and enhancing
hybrid information mixing modules, we may analyze
the impact of many variables on stock markets. You
can utilize the company's connection data as an extra
data source to see how all the companies are linked to
each other and how they affect each other. You can
make multimodal information that contains three types
of stock market information by putting together price
data, lesson data, and business link data. Better hybrid
information mixture modules [8, 9, 10, 11, 13, 14] let
you blend different kinds of information. You can do
a survey to see how the stock market is changing by
looking at the relationship between three types of

multimodal information sharing and dynamic markets.
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