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Abstract

One of the most difficult challenges facing investors in this day and age
is trying to accurately predict stock values. Since the prices of stocks are very
non-linear and fluctuate often, it is exceedingly difficult to make precise forecasts
regarding their future performance. Prior to the advent of artificial intelligence,
it was never simple to visualize them in an exact manner. People are now able to
accurately measure and predict the tends of the stock market, which in turn is
producing an abundant amount of profit for the companies. This is made possible
by the exponential growth in techniques and algorithms for artificial intelligence
(AI), machine learning (ML), and deep learning (DL). In this area, numerous
different algorithms were developed to anticipate stock values; nevertheless, when
compared to LSTM (Long Short-Term Memory), these other algorithms could
not produce accurate results. This study focuses primarily on the application of a
Recurrent Neutral Network (RNN) model known as LSTM to the problem of
forecasting stock prices.
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Introduction

The stock exchange is rapidly gaining acclaim and favor across all demo-
graphics of contemporary society. Because of the hoopla around the stock market,
every person, whether deliberately or unknowingly, becomes aware of the current
trends in the market. Stock markets unquestionably have an effect on all levels,
ranging from the level of an individual to that of a nation. Investing in the stock
market may be quite lucrative for a variety of businesses and individuals, both of
which can reap the rewards. When one is able to accurately foresee the future and
invest properly, this proportion of profit might climb at an exponential rate. This
takes a substantial amount of historical knowledge about each stock-associated
company, such as the company’s tendencies over the years, the causes that have
an effect on it, and how it affects other stocks and vice versa [1]. This is a massive
field that everyone is keeping a close eye on, and there is a significant amount of
scientific research being conducted in order to forecast the future stocks and get
a hold of the profit. For this problem, a wide variety of predictive models and
algorithms have been presented, each of which has achieved varying degrees of
accuracy [2, 3]. The application of a ML strategy to a DL-based model, which is
fundamentally an RNN-based stacked-LSTM network, is the primary emphasis
of our paper. It is believed that the LSTM algorithm is the most advanced tech-
nology that can be used to analyze equities. It is believed to deliver the accurate
results that any other algorithm in the same situation would produce, and it is
said to give those findings accurately [4].
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Nanotechnology applications
The LSTM-based stock price prediction method can be

used to a variety of elements of nanotechnology, including:

e Predicting the stock prices of nanotechnology companies:
'This can assist investors make investment decisions and
capitalize on possibilities in the constantly increasing
nanotechnology field.

e Recognizing prospective market trends: LSTMs
can identify upcoming trends and patterns in the
nanotechnology sector by evaluating historical data,
offering useful information to firms and investors.

e Creating risk management strategies: LSTMs can be
used to develop risk management models that can assist
investors in mitigating potential losses connected with
volatile nanotechnology stocks.

o Strategic decision-making assistance: LSTMs can help
organizations make informed strategic decisions about
investments, collaborations, and market expansion in
nanotechnology by offering insights into future pricing
changes.

Literature survey

We have looked into a number of different research that
have been done on different ways that ML can be used to pre-
dict stock market prices. There have been many different sorts
of research papers written on the topic of forecasting stock
prices, such as those that use linear regression, support vec-
tor machines, random basic functions, moving average con-
vergence/divergence, and so on. One such work has achieved
some progress through the use of regression and supervised
learning by applying them to 14 years worth of previous data
from Google [5-8]. They trained the model with the help of a
linear regression classifier, which is a form of supervised learn-
ing. Using this method, they discovered some patterns, im-
proved their accuracy, and were able to forecast the final price
of the trading day. Another research that served as a source of
motivation for us was one that forecasted stock prices using
support vector machines (SVM). They obtained the historical
information from IBM. The problem of overfitting is present
in earlier models, but it is not present in the SVM. Because of
this, the SVM is one of the most efficient algorithms currently
available, which is why it has been selected by a large number
of people.

The LSTM model has been the subject of research from
a variety of other fields, and these fields have produced a sig-
nificant number of findings. However, since the introduction
of the multi-layered LSTM model, it has been shown to be
given much more accurate results than the rest [9]. This is due
to the fact that this method considers various combinations
of LSTM hyperparameters and selects the combination that
is most suitable for forecasting stock prices. Some academ-
ics have tried to create a function that turns the input perfor-
mance space into a performance class variable by employing
Artificial Neural Networks (ANN) in conjunction with ge-
neric techniques. Some people employed the ANN technique
as well as the Random Forest (RF) technique to forecast the
closing prices of the following trading day. They were able to

demonstrate that the ANN technique is more accurate than
the RF technique. Some people made use of regression and
LSTM [10-14]. The reason that particular methods were se-
lected is due to the fact that regression reduces the error, and
when LSTM is employed, it is possible to store the prior data
and outcomes. In any case, the model that we are employing is
a great deal more sophisticated than that; it is denoted by the
letters RNN and layered LSTM. The LSTM takes the place
of the neurons in the hidden layers of the network, which ele-
vates it to the position of the network’s primary computational
memory cell. As a result, these networks are able to store the
historical data well, which enables them to produce accurate
forecast results.

Experimentation
Proposed system

An approach for ML, namely an enhanced kind of RNN
that we call LSTM.

ML and RNN

The study of computer algorithms that can automatically
improve themselves via experience is referred to as “ML.” In
reality, it is a subfield of Al that, when combined with ML,
may be applied in a wide variety of contexts. These ML
algorithms, in their most basic form, construct a model on the
basis of certain data known as a training dataset, and then use
that model to make predictions or forecasts about the future
using the training dataset.

Traditionally, there are three distinct buckets into which
ML algorithms are placed.

e Supervised learning: The learner is presented with a
model that already has certain labeled input data and is
then shown the intended output.

e Unsupervised learning is a form of ML in which the
model is given data that has not been labeled and left
to figure out how to recognize patterns and reach
conclusions on its own.

e 'The system interacts with a dynamic environment
in which it must complete particular goals in order to
obtain rewards, and in the end, the program strives to
maximize the rewards by receiving as many as possible.
'This type of learning is known as reinforcement learning.
'The greater institution of algorithms known as sequential
models contains something of a subset that is referred to
as recurrent neutral networks. They are exactly the same
as feed forward neural networks, with the exception that
the connections point in the opposite direction.

At a minimum, a simple neural network will have three
layers, which are referred to as the input, hidden, and output
layers. Through the use of links, every node on one layer is
connected to every other node on the layer below it. The na-
ture of the connection between the two layers is denoted by a
coefficient known as weight. When it comes to making the se-
lection, this is a significant consideration to take into account.

The activation function is typically applied in the hidden
layers, and doing so would generate numbers with substantial-
ly less inaccuracy depending on the type of activation function
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that we select. In common practice, the activation function
is applied in the hidden layers. The output layer is connected
to the nodes in the network. Because the output that we get
could not be accurate, we have to back propagate the errors to
the hidden layer in order to achieve the best possible value for
them.

After finishing up all of these steps, the model will be
trained and will be ready to receive input from the testing
dataset as well as outputs in their respective forms.

LSTM overview
The category of RNN known as LSTM networks. It is

primarily implemented due to the fact that there are many
different instances in which RNN fails, and there is a require-
ment for an advanced network that can handle those scenar-
ios. In its most basic form, a RNN evaluates current input by
taking into account past outputs (feedback) and retaining the
information for a noticeably shorter period of time (Figure 1).

An LSTM memory cell is comprised of three gates, which
are outlined in the following manner:

Forgate gate

'The forgate is responsible for determining whether or
not the previous cell output that has been obtained should be
replaced. If it generates a value that is close to 1, then it should
be kept; otherwise, if it generates a value that is close to 0, then

it should be deleted.

Input gate

The decision of whether the new information should be
entered or not was made by the input gate.

Output gate

The output gate is responsible for determining which
portion of the cell state should be transmitted to the next node
in the network.

In this approach, LSTM is particularly efficient at draw-
ing out the interdependencies across numerous stocks and
deriving conclusions about such interdependencies (Figure 2).
'They are also capable of precisely determining the time period
for which the information must be retained in order to get
accurate numbers. This ability allows them to achieve accurate
results.

System design

The planning stage of any system is of critical importance,
on par with its development and implementation phases.
The first phase in the process of constructing a system is the
designing of the system. The system design provides a high-
level overview of how a system is constructed, including what
characteristics, modules, and constants are incorporated into
it. During the phase of a system’s design known as “design,” all
of the requirements (both software and hardware) that have
been obtained are implemented.

Proposed algorithm

The basic flow of the algorithm is described as follows:
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\Figure 2: Interdependencies among various stocks and drawing. )

Step 1: Start.

Step 2: The input stock data are stored in a three-dimensional
NumPy array.

Step 3: Building a network structure with [l, a, b, 1] dimen-

sions, where 1 represents the input layer, “a” represents number

of neurons on the next layer, “b” represents number of neurons
on the subsequent layer, and an activation function dedicated
to a single layer.

Step 4: Training of the data using training dataset which con-
stitutes approximately 80 percent of the entire dataset.

Step 5: The output layers are used as the input as the predicted
layer for the next step.

Step 6: Repeat step 4 and step 5 until optimal error rate is
achieved.

Step 7: Obtain the prediction by providing the test dataset to
the model.

Step 8: Evaluating the accuracy by comparing predictions
with the actual data.

Step 9: End.

Overall system architecture

The main components of the architecture are listed and
detailed in figure 3.

Obtaining dataset and data preprocessing

The “Google stock price” dataset, which is available for
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that the data go through in order to be able to input them into
\Flgure 4: Features of google stock price dataset. ) the LSTM prediction model.

public use, was the one that was utilized for the purpose of
this study (Figure 4). The CSV file can be downloaded from
the internet and used to make projections about stock levels.

'The following is a list of the most fundamental technical
indicators and aspects of this dataset:

e Open: Indicates the price of the share when it was first
traded.

e Close: Indicates the price of the share when it was last

traded.

e Date: Indicates the date on which the stock price was
recorded.

e Volume: This refers to the total number of shares that
have been exchanged.

e High: Indicates the share price at its all-time high for
the day.

e Low: Indicates the share price at its all-time low for the
day.

e Turnover: Indicates the total number of shares traded for

the day.

'The illustration on the right illustrates a sample dataset
that includes the characteristics of the Google stock price
dataset, such as the date, open, close, high, and low values, as
well as the volume.

Figure 5 illustrates the block flow of the numerous phases

Construction of LSTM predictive model

Figure 6 presents construction overview of LSTM pre-
dictive model.

Results and Discussion

Building RNN

It was our responsibility to import all of the necessary li-
braries and packages so that RNN could be constructed. Keras
includes a number of different library options, including dense
layers, sequential, LSTM, and dropouts. Keras is essentially
a tensor flow application programming interface that can be
used to create and train DL models. The dense layers are a
matrix multiplication of the input values that were obtained in
the phase before this one, and this dense layer is the one that
is utilized to change the proportion of the output. This model
is a stack of plain layers, which, in simpler terms, means that it
only has one input and one output tensor. Sequential layers are
employed here to produce a sequential model, which consists
of exactly one input and one output tensor.

Stacked LSTM

The sequential input dense layer is then followed by
LSTM layers, which consist of an activation function in one
dense layer, linear activation in one output dense layer, and
another linear activation in the output dense layer, respectively.

Because there is a possibility of overfitting when LSTM is
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employed, dropouts have been incorporated. When an input
connection is given along with some probabilities, the data on
the node can be removed from the activation function and

weight update of each LSTM data block.

Prediction and accuracy

'The model is trained by utilizing the dataset that is used
for training (Figure 7). It has been decided that 80% of the
whole dataset would be used for training purposes. The train
and test split are accomplished in the proportion of 80:20. The
selection of a higher ratio of the training set should be done so
that one may achieve greater accuracy and precision. After the
model has been “fitted” to the training dataset, it may then be
utilized to make predictions regarding the end-of-day stock
of a certain stock. Because the prediction changes depending
on the initial conditions that are used, RMSE (Root Mean
Squared Error) is utilized to analyze the data. Therefore, by
iteratively performing the model building numerous times
while simultaneously providing RMSE with string conditions
and outputs. After that, the value average RMSE will show
how well the model predicts or forecasts entirely new data
that has not been observed before. It implies contrasting the
forecasts with the observable patterns by inferring information
from previous years. RMSE is a measure that can be used to
determine how accurate a model is.

Visualization of results

The Google stock price dataset was used to compile the
information shown in the accompanying graph, which rep-
resents the company’s shares as of the end of the trading day.
From figure 8, it is possible to deduce that the predicted value
is extremely near to that of the actual value that was derived
from the historic dataset.

4 N\
Repeat model T
’ ‘
Predicting i |
end-of-day stocks
h
e 5 Visualisation of
optimisation )
results
\Figure 7: Analysis of predicted accuracy. )
4 N\
-
1
:
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Conclusion and Future Work

Since the beginning of time, people have been fascinated
with the stock market, and ever since then, that fascination
has only grown. This is pushing a lot of researchers to create
new algorithms that are efficient and new techniques of pre-
dict stock prices. We have utilized RNN with layered LSTM
layers in this paper because it has been demonstrated to be
more accurate than ANN. In ANN, a node in a hidden layer is
nothing more than an activation function; however, in LSTM,
each node has the capacity to store some data and use it in the
processing of other input. Additionally, it is believed that the
accuracy improves as the size of the dataset grows, which im-
mediately refers to the importance of expanding the training
set. Because with more data, more patterns can be discovered,
and weights may be modified in a manner that is more effec-
tive. The incorporation of sentiment analysis into the process
of stock market forecasting may prove to be quite beneficial
in the long run. A lot of information regarding people’s per-
spectives on stocks may be found on social media platforms
like Twitter and Facebook. The amount of interest that people
have in a particular share as well as the fluctuations in that
share’s price over the course of time can have an effect on in-
vestments in that share.
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