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Abstract: Stock price prediction is a challenging and important task in finance, with many potential applications in investment,
risk management, and portfolio optimization. In this paper, we propose a bi-directional long short-term memory (Bi-LSTM)
model for predicting the future price of a stock based on its historical prices. The Bi-LSTM model is a variant of the popular
LSTM model that is capable of processing input sequences in both forward and backward directions, allowing it to capture both
short- and long-term dependencies in the data. We apply the Bi-LSTM model to historical stock price data for Apple Inc. and
evaluate its performance using mean squared error (MSE) and visual inspection of actual vs. predicted prices. Our experiments
show that the Bi-LSTM model is able to make accurate predictions on the testing data and capture some of the trends and patterns
in the data, although it may struggle with sudden changes in the market. Overall, our results suggest that the Bi-LSTM model is
a promising tool for stock price prediction and has many potential applications in finance and investment.
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1. Introducti The bi-LSTM is a type of recurrent neural network (RNN)
- introduction that is well-suited to analyze time series data.[6, 7] The Bi-
The financial industry is one of the most important LSTM is a variant of the Long Short-Term Memory (LSTM)

industries in the world, as it is responsible for the model that is capable of p.roce.ssing input sequences in both
management and allocation of money and resources[1]. The forward and backward directions. [8, 9]The basic LSTM
industry has seen significant growth and development over model is a type of recurrent neural networ}( (RNN) thgt 18
the years, with the introduction of various technological corpmonly us;d for sequential data analysis, such as time
advancements[2, 3]. One of the most important developments Series for.ecastmg.[IO] ) '
in recent times is the use of machine learning algorithms, The Bi-LSTM model extends the basic LSTM by addlng.a
which have been used to analyze financial data and make second LSTM layer that processes the input sequence in
predictions.[4, 5] reverse order. [11, 12]This allows the model to capture both
In this paper, we will use a Bidirectional Long Short-Term forward and backward dependencies in the input data, which
Memory (bi-LSTM) neural network to analyze financial data. can be useful for tasks such as speech recognition, natural

language processing, and stock price prediction.[13-15]
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Figure 1 Bidirectional LSTM

The Bi-LSTM model consists of two main components: a
forward LSTM layer and a backwgrd LSTM layer.. The hthd — LSTM(Xt,htf‘fld) (1)
forward LSTM layer processes the input sequence in the
normal forward direction, while the backward LSTM layer
processes the input sequence in reverse order. The output of h})Wd = LSTM(X[,hFXd) ()
each layer is then concatenated to produce the final output. It
could be described by this following equation:



h, =[h**;h;™] 3)

y =Dense(h,) 4)

where X, is the input at time stepZ, h, is the hidden state

at time step?, h,is the final hidden state, Yis the output,

and ";" denotes concatenation.

One advantage of the Bi-LSTM model over the basic
LSTM is that it can capture long-term dependencies in the
input sequence more effectively. This is because the backward
LSTM layer can provide information about the end of the
sequence, which can be useful for predicting future values.

To use the Bi-LSTM model for stock price prediction, we
first preprocess the input data by normalizing it and
converting it into sequences of fixed length. We then split the
data into training and testing sets, and train the Bi-LSTM
model on the training data using the mean squared error (MSE)
loss function. After training, we can evaluate the model on the
testing data and generate predictions for future values.

Overall, the Bi-LSTM model is a powerful tool for
analyzing sequential data and has many potential applications
in fields such as finance, natural language processing, and
speech recognition.

2. Model Description

2.1. Data Description

The dataset used in this analysis is the daily closing prices
of the Apple company from January 1, 2010, to December 31,
2020. The Apple is a stock market index that tracks the stock
performance of Apple Inc listed on stock exchanges in the
United States. The dataset contains 2769 data points, with
each data point consisting of the date and the corresponding
closing price of each date.

We also need to creating sequences from the data:

X =[x 7% e X and yi=x )

where X, is a sequence of length T starting at index 1,

¥, is the target value at index I, and X; is the original value

at index I

2.2. Data Preprocessing

Before training the bi-LSTM model, we need to preprocess
the data. Before training the model, we preprocess the input
data by normalizing it using the MinMaxScaler. This step is
important because it ensures that all input features are on the
same scale and prevents the model from being biased towards
features with larger values. Normalization also helps the
model converge faster and can improve its overall
performance. This ensures that all values are between 0 and 1,
which is necessary for the bi-LSTM model to learn effectively.

X xmin
- (6)
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are the

where X is the original data, X . .

,and X

minimum and maximum values in the data, respectively, and
X,orm 18 the normalized data.

Next, we split the dataset into training and testing sets. We
use the first 80% of the dataset for training and the remaining
20% for testing.

2.3. Model Architecture

The bi-LSTM model consists of two LSTM layers, each
with 128 hidden units. The LSTM layers are followed by a
dense layer with a single output unit. The model is trained
using the mean squared error (MSE) loss function and the
Adam optimizer. We use a batch size of 64 and train the model
for 100 epochs.

The LSTM layers are the core building blocks of the model
and are responsible for processing the input sequence and
learning the relationships between the input features. The Bi-
LSTM model has two LSTM layers: one that processes the
input sequence in the forward direction, and one that
processes it in the backward direction. These layers are
designed to capture short- and long-term dependencies in the
data and can help the model learn complex patterns and trends.

The Dense layer is the output layer of the model and is
responsible for generating the final prediction. In our
implementation, we use a single Dense layer with one output
neuron, which produces a single scalar value representing the
predicted stock price for the next time step.

2.4. Model Training

We train the bi-LSTM model using the training set. The
training process involves feeding the model a sequence of
closing prices and predicting the next value in the sequence.
The predicted value is then compared to the actual value, and
the model parameters are adjusted to minimize the difference
between the predicted and actual values.

2.5. Model Evaluation

After training the model, we evaluate its performance using
the testing set. We feed the model a sequence of closing prices
from the testing set and predict the next value in the sequence.
We then compare the predicted value to the actual value and
calculate the mean squared error (MSE) between the two.

Mean squared error (MSE) loss function could be written
by:

13 -
MSE:;Z(yi_yi)z (7

i=1

where Y, is the true value, J,is the predicted value, and

n is the number of data points.

3. Summary

The bi-LSTM model achieved an MSE of 0.00020 on the
testing set, which indicates that the model is able to accurately
predict future values of the Apple Inc. We can also visualize
the predicted values against the actual values using a line
chart. Figure 2 shows the actual and predicted values of the
Apple Inc for the testing set.



— Actual
Predicted

180

160

140

120 1

AAPL Stock Price
=3
o

8

8

"

T

0 100

T

200

After training and evaluating the Bi-LSTM model on the
historical stock price data, we can draw some conclusions
about its performance and effectiveness for predicting future
stock prices.

First, we can see from the plot of actual vs. predicted stock
prices that the Bi-LSTM model is able to capture some of the
trends and patterns in the data, although there are also some
instances where the predictions deviate significantly from the
actual values. This suggests that the model is able to capture
some of the short-term dependencies in the data, but may
struggle with longer-term trends or sudden changes in the
market.

Second, we can look at the mean squared error (MSE) of
the model on the testing data as a measure of its performance.
In our experiments, we achieved an MSE of around 0.0003,
which is relatively low and suggests that the model is able to
make accurate predictions on the testing data. However, it's
important to note that the MSE may not be the most
informative metric for evaluating the performance of a stock
price prediction model, since it doesn't take into account
factors such as transaction costs, market volatility, or other
external factors that can affect the actual returns on an
investment.

Overall, we can conclude that the Bi-LSTM model is a
promising tool for predicting future stock prices, but that it
may not be able to capture all of the complex dynamics and
fluctuations of the market. Further research and
experimentation may be needed to improve the performance
of the model and make it more robust and reliable for real-
world applications.

In this paper, we used a bi-LSTM neural network to analyze
a financial time series dataset and make predictions about
future values. The model achieved good performance, with an
MSE of 0.00020 on the testing set. The bi-LSTM is a
powerful tool for analyzing financial data, and its use can lead
to more accurate predictions and better decision-making in
the financial industry.
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Figure 2 Actual and predicted values of the Apple Inc for the testing set
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