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Abstract. Stock market prediction holds significant importance in the
world of finance, captivating the attention of both investors and financial
researchers. The integration of artificial intelligence and advancements in
computational power has led to substantial improvements in predicting
stock prices, surpassing the effectiveness of traditional programmed pre-
diction methods. In this paper, we explore three distinct and innovative
methods for stock price prediction: Long Short-Term Memory (LSTM),
LSTM combined with Simple Moving Average (LSTM-SMA), and LSTM
combined with Exponential Moving Average (LSTM-EMA). Our analy-
sis is conducted using a comprehensive historical dataset of Apple’s stock
prices, and the performance of each model is rigorously evaluated using
critical metrics, including Mean Absolute Percentage Error (MAPE),
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
R2 score. Additionally, the training time for each model is taken into
account. The results show that all three models LSTM, LSTM-SMA,
and LSTM-EMA give good prediction results for Apple’s stock price,
in which the LSTM model gives the best prediction results for the 21-
day cluster. However, in terms of computational time, the LSTM-SMA
model and LSTM-EMA model are more efficient than the LSTM model.
These findings highlight the potential of integrating advanced techniques
to achieve more accurate and efficient stock price predictions.

Keywords: Long Short-Term Memory - Simple Moving Average -
Exponential Moving Average + Neural Network - Prediction - Stock
Price

1 Introduction

Stock prediction is a significant challenge in the field of finance. Investors and
risk managers alike desire the ability to accurately forecast the trends and fluc-
tuations of stock prices in order to make intelligent and effective investment
decisions. In the digital age, the development of technology has generated a vast
amount of stock market data and advanced analytical tools, thereby creating
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opportunities to apply database-driven prediction methods to provide forecasts
for the stock market.

In recent years, many researchers have explored this topic from various per-
spectives. They have employed different approaches such as statistical methods
[3,7,9,15], supervised learning methods, with Long Short-Term Memory (LSTM)
being a typical example [4,8,14,16], and unsupervised learning [13]. Statistical
methods require several factors to achieve good results, such as data reliability
and adherence to standards and assumptions. On the other hand, neural net-
works, especially LSTM, have the capability to learn complex patterns and pro-
cess time series data. LSTM is able to store long-term information and capture
relationships in past data, enabling it to learn and predict trends, fluctuations,
and complex patterns in stock market time series data.

When trained on historical stock market data, neural networks have the abil-
ity to outperform traditional methods such as simple statistical models in terms
of prediction. Through continuous learning and updating during the training
process, neural networks can enhance prediction capabilities and provide more
accurate results. However, the effectiveness of both statistical methods and neu-
ral networks in stock market prediction can be influenced by various factors,
including sample size, data quality, and training methods.

We conducted experiments on a historical dataset of Apple Inc. stock
obtained from the website https://finance.yahoo.com/, spanning from January
2, 2019, to June 29, 2023, comprising 1,131 data points. This dataset provides
detailed information on the price fluctuations of Apple Inc. stock over the past
four years, enabling investors and financial analysts to analyze trends and fore-
cast prices for future periods.

In this paper, we focus on researching and comparing the performance of
three stock prediction methods: LSTM, LSTM combined with SMA technique,
and LSTM combined with EMA technique. Our objective is to evaluate and
compare the predictive capabilities of these methods, while determining which
method is the most effective in predicting stock prices.

The remainder of the article is structured as follows: Sect.2 describes the
methodology of the applied techniques. Section 3 presents the experimental eval-
uation of the methods’ results, and Sect. 4 concludes the paper.

2 Methodology

2.1 Description of Data

The historical stock price data for Apple was downloaded from the website
https://finance.yahoo.com/ from January 02, 2019, to June 29, 2023, comprising
1,131 rows of data. The dataset contains information such as Date, Open, High,
Low, Close, Adj Close, and Volume, which are used for analyzing and tracking
stock prices and other assets in the financial market. Some of the stocks shown
in Table 1. Moreover, the data has been checked and does not contain any empty,
null, or NaN values.
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Table 1. Dataset

Date Open |High | Low |Close | Adj Close | Volume
02/01/2019 | 38.72 | 39.71 |38.56 |39.48 |37.99 148,158,800
03/01/2019 | 35.99 |36.43 |35.50 |35.55 |34.21 365,248,800

28/06/2023 | 187.93 | 189.90 | 187.60 | 189.25 | 189.25 51,216,800
29/06/2023 | 189.08 | 190.07 | 188.94 | 189.59 | 189.59 46,347,300

In the world of trading, the final trading price signifies the latest value at
which a stock is exchanged during regular trading hours. This closing price serves
as a pivotal reference point for investors to monitor the stock’s performance over
an extended period. The objective of this study is to forecast the closing price
of Apple’s stock market. Figure 1 illustrates the closing price of Apple’s stock
market spanning from January 02, 2019, to June 29, 2023.
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Fig. 1. Closing price of the Apple stock market.

A set of six additional variables has been developed to enhance the accuracy
of predicting stock closing prices, as implemented in the research [17]. These
newly introduced variables were utilized in the training process of the model.
Here are the details of these fresh variables:

— Stock High minus Low price (H-L)

Stock Close minus Open price (O-C)

— Stock price’s seven days’ moving average (7 DAYS MA)

— Stock price’s fourteen days’ moving average (14 DAYS MA)

Stock price’s twenty one days’ moving average (21 DAYS MA)

— Stock price’s standard deviation for the past seven days (7 DAYS STD DEV)

2.2 Min-max Scaling

Min-max scaling is a widely recognized technique used for normalization. It
involves mapping variables to a specific range, typically [0, 1], where the min-
imum and maximum values of a variable are set to 0 and 1, respectively. The
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primary objective is to ensure that variables are measured on a consistent scale,
enabling each variable to contribute proportionally during model fitting. This
normalization method helps align the scales of different variables, facilitating
fair comparisons and accurate analysis. The mathematical formula is,
T — T
Tscale = —_ (1)
Tmax — Lmin

where xs.q1e and x are scaled and the original input respectively. Similarly, zax
and Zpyi, are the maximum and minimum value of each feature, respectively.

2.3 Moving Average

Moving Average (MA) is an essential technique for analyzing time series data as
it effectively smooths the input data by averaging values over a specified time
period, thereby revealing their underlying price trend. Subsequently, a new time
series is generated based on these average values. There are several approaches to
calculating MA, with the two most prevalent methods being the Simple Moving
Average (SMA) and the Exponential Moving Average (EMA), both of which
have been extensively applied [2,5] in this field.

SMA is a method to predict the value of the next data point based on the
mean of the previous “n” data points. It involves calculating the average of
the past “n” data points, denoted as P; to P,, and using this average as the
predicted value for the next data point. Namely,

_hA+P+--+ P,
- .

SMA (2)

The choice of “n” significantly impacts the precision of the prediction. A
higher “n” means considering a more extended period in the past to compute
the present value. For instance, with n = 2, the average of the past two days’
stock prices is taken, while with n = 50, fifty days’ worth of stock prices are
considered. Naturally, using more data points provides more information about
the stock’s trends, leading to better predictions. However, using an excessively
large “n” can also destabilize the model, as it smoothes out finer fluctuations,
and looking too far back in time, such as the past 300 days, may not be optimal
for prediction accuracy.

On the other hand, EMA is a method for calculating a moving average by
giving greater weight to recent values rather than assigning equal weights to the

entire data.

EMA=k+ P+ (1—k)« EMA;_y), (3)

where P, represents the price at time ¢, and k£ denotes the weight assigned to
that particular data point. EM A,y corresponds to the value computed from
the previous t — 1 data points. The number of time points in the EMA is denoted
by N, and the weighting factor is calculated as k = 2/(N + 1).
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The EMA has an edge over the SMA as it exhibits greater responsiveness to
price fluctuations. This characteristic renders it particularly valuable for short-
term trading strategies.

2.4 Long Short Term Memory

The Recurrent Neural Network (RNN) was initially designed to handle sequential
or time-related data effectively. However, when propagated through multiple
time steps, the gradient may experience either an exponential decrease or a
significant increase. The issue of diminishing gradients can result in ineffective
weight updates and the loss of distant information, commonly referred to as
vanishing gradients [10].

In 1997, Hochreiter and Schmidhuber introduced the LSTM model [11], a
significant advancement in the realm of RNNs, specifically designed to address
challenges related to vanishing gradients and long-term dependencies. While an
RNN model comprises a sequence of recurrent neural network modules, the stan-
dard RNN models often employ a simple structure, typically using a tanh layer
as the repeating module. In contrast, LSTM models also follow a sequential
structure akin to RNNs but with slightly different configurations for the repeat-
ing modules. As shown in Fig. 2, LSTM incorporates four key components (cell,
forget gate, input gate, output gate) that interact in a specialized manner to
enhance its capabilities.

(=)

Forgeti
Gate ! |

igmt)jid

L®

Fig. 2. Architecture of a cell Long Short-Term Memory

The sequence of steps in the LSTM model is as follows:

— The first step in LSTM determines which information is allowed to pass
through the cell state. It is controlled by a sigmoid function in a layer called
the forget gate. It takes inputs h;—1 and z; and outputs a value between 0
and 1 for each value in the cell state C;_1. A value of 1 indicates “keep all
information”, and 0 indicates “discard all of it”.

fe=0 Wy [hi—1,2¢] + by) (4)
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where o denotes the sigmoid function, W, denotes the weight of forget gate,
by denotes the bias of forget gate, z; is input at time ¢, and h;_; is the output
of the hidden layer at time ¢ — 1.

— Next, we decide what information to store in the cell state. This step consists
of two parts. The first part is a hidden layer of the sigmoid function called the
input gate layer, which decides what values to update. Then, a tanh function
generates a vector of a new state value C; that can be added to the cell state.
The results of these two layers are combined to form an update for the cell
state.

ip =0 (Wi [he—1, 2] + by) (5)
Cy = tanh (W¢ - [hy—1, 4] + be) (6)

where o denotes the sigmoid function, Wy denotes the weight of forget gate,
b; denotes the bias of input gate, x; is input at time ¢, hy—; is the output of
the hidden layer at time ¢ — 1, W, is the weight of cell, and b, is the bias of
cell.

— At this point, we update the old cell state C;_1 to a new state C;, which has
been decided in the previous steps, and in this step, we simply carry out that
decision.

— We multiply the old cell state by f;, which corresponds to forgetting the parts
that we decided to forget early on. The candidate element 7; * C, is a newly
computed value corresponding to how much should be added to each cell state
value.

Cy :ft*thl‘Fit*éb (7)

— Finally, we need to decide how much output to return. The output at this
stage will be based on the cell state but will be a filtered version. First, we
run it through a sigmoid layer where we decide which parts of the cell state
will be in the output. Then, the cell state is passed through a tanh function
(to squash the values between —1 and 1) and multiplied by the output of a
sigmoid gate, thus outputting only the parts we decided.

o =0 (Wo [he—1, 2] + bo) (8)
hi = o x tanh (C}) , 9)

where o denotes the sigmoid function, W, denotes the weight of output gate,
and b, denotes the bias of output gate.

Based on its operating mechanism, LSTM is considered superior to RNN. LSTM
can access information from a larger set of data, making it highly suitable for
long-term time series forecasting. The LSTM model has found applications in
various fields due to its ability to capture long-term dependencies in sequential
data. Some notable applications of LSTM include: Time Series Forecasting [1],
Speech Recognition [6], Natural Language Processing [12], etc.
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3 Experimental Results

During the model construction phase, we will establish three distinct models,
each corresponding to one of the following methods: LSTM, LSTM combined
with SMA, and LSTM combined with EMA. More precisely, the LSTM model
will be trained using data organized into clusters of 7-day, 14-day, and 21-day
intervals. For the LSTM with the SMA method, we will first apply a simple mov-
ing average to smooth the data within 7-day, 14-day, and 21-day clusters before
feeding it into the LSTM model. On the other hand, the LSTM with EMA app-
roach will involve smoothing the data within 7-day, 14-day, and 21-day clusters
using exponential moving averages before inputting it into the LSTM model.
These models will exhibit diverse performances and outcomes when applied.
Through careful observation and evaluation, we aim to identify the optimal
model for predicting the closing price of Apple’s stock.

Parameter Configuration: The LSTM network will have a consistent setup
across all three methods. The input layer will contain 128 units, with
“return_sequences” set to True and the “input_shape” taking values from the
training set. A Dropout rate of 0.2 will be applied. Intermediate layers 2, 3, and
4 will share the same configuration, each with 128 units and a Dropout rate
of 0.2. The output layer of the LSTM will be a fully connected layer (Dense),
resulting in a model size of 461,441 parameters.

Data Splitting: The training set will encompass closing price data from Jan-
uary 02, 2019, to December 30, 2022, while the test set will cover data from
January 03, 2023, to June 29, 2023. To implement the early stopping method,
Early Stopping callbacks with “monitor” set to ’loss’ and a “patience” of 30 will
be used. Additionally, the validation set will consist of 10% of the data for all
methods.

The hardware setup for the project comprises a Ryzen 3 2200G processor, a
256 GB SSD, 16 GB RAM, and an RX570 graphics card. For coding and experi-
mentation, we utilize the Google Colab v2.15.0 platform along with the Python
programming language. Additionally, we incorporate essential libraries such as
TensorFlow v2.6.0, Numpy v1.22.2, and Scikit-learn v1.0.2 to facilitate the con-
struction and experimentation processes.

3.1 Evaluation Criteria

To assess the model’s performance, we will use the following metrics: MAPE
(Mean Absolute Percentage Error), MAE (Mean Absolute Error), RMSE (Root
Mean Square Error), and R2 score. These metrics are commonly used in forecast-
ing and statistics to evaluate the accuracy of prediction models. They measure
the level of deviation between predicted values and actual values. With n rep-
resenting the number of samples in the dataset, Y denoting the actual value of
the ¢t-th sample, and Y; representing the predicted value of sample ¢.
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— MAPE, which measures prediction accuracy, calculates the ratio of the sum
of absolute errors of predictions to the sum of the actual values. A lower
MAPE value indicates a more accurate model assessment.

1 n
MAPE = - Z

t=1

Y, - Y,
Y,

(10)

— MAE quantifies the average deviation between predicted values and actual
values, using absolute values for computation. A lower MAE value signifies a
better model accuracy.

1 — ~
MAE = - ‘Yt—Yt‘ (11)
n
t=1

— RMSE assesses the accuracy of a prediction model in comparison to real
data. A lower RMSE value indicates a higher level of model accuracy.

RMSE =

S (vi-7) (12)
t=1

— R2 score score evaluates how well a model fits the data. It is computed by
taking the sum of the squares of the differences between the predicted and
actual values, dividing it by the sum of the squares of the differences between
the mean of the actual values and the actual values, and subtracting this
result from 1. A higher R2 score indicates a better fit of the model to the
data, serving as a metric for model accuracy assessment.

> (-7
RR=1-2= (13)

S (vi-v)

t=1

S|

3

3.2 Analysis of Results

In this study, we conducted stock price predictions of Apple using three different
methods: LSTM, LSTM combined with the SMA technique, and LSTM com-
bined with the EMA technique. Specifically, we used data clusters of 7 days, 14
days, and 21 days to input into the prediction models and evaluated the results
using several performance evaluation metrics such as MAPE, MAE, RMSE, and
R2.

Subsequently, we compared the experimental results to gain a better under-
standing of the performance of each method. Additionally, testing with different
data clusters allowed us to identify the most suitable data cluster to achieve
the highest accuracy. The general results of the three methods can be found in
Table 2.
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Table 2. Experimental Results for Stock Price Prediction of Apple using Different

Methods and Data Clusters.

Method Cluster Value Epochs | Training time
MAPE | MAE | RMSE | R2 (seconds)
LSTM 7-days 0.0237 3.8823 | 4.4520 | 0.9167 | 236 529.1066
14-days | 0.0171 2.7637 | 3.3151 | 0.9550 | 256 977.6710
21-days | 0.0140 2.2685 | 2.7940 | 0.9672 | 277 1637.5458
LSTM-SMA 7-days 0.0170 2.8032 | 3.5610 | 0.9487 | 206 150.6537
14-days | 0.0156 2.5766 | 3.3633 | 0.9546 | 258 192.8566
21-days | 0.0169 2.7848 | 3.6121 | 0.9480 | 205 142.0111
LSTM-EMA | 7-days 0.0188 3.1369 | 4.0096 | 0.9357 | 149 114.1174
14-days | 0.0170 2.8194 | 3.6231 | 0.9463 | 166 107.8286
21-days | 0.0162 2.6887 |3.5321 | 0.9504 | 182 130.1446

Below is a comment on the prediction results of three methods LSTM, LSTM
combined with SMA and LSTM combined with EMA based on evaluation indi-

cators and training time:

Prediction Method Using the LSTM Model: The best results are achieved
when using a data cluster of 21 days, with MAPE = 0.0140, MAE = 2.2685,
RMSE = 2.7940, R2 = 0.9672. This indicates that the LSTM model has the
ability to accurately predict with a large data cluster.

Training time increases with the data cluster, ranging from 529s for a 7-day
cluster to 1637s for a 21-day cluster. The LSTM model requires longer training
time when using larger data clusters (Figs.3 and 4).
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Prediction Method Using LSTM Combined with SM A Technique: The
results show that this model performs better than the pure LSTM method with

smaller data clusters (Figs.5, 6, 7 and 8).
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The best results are achieved when using a data cluster of 14 days, with
MAPE = 0.0156, MAE = 2.5766, RMSE = 3.3633, R2 = 0.9546.

The training time of the model with SMA technique is significantly faster
compared to the pure LSTM model, ranging from 142 (for a 21-day cluster) to
1925 (for a 14-day cluster).
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Prediction Method Using LSTM Combined with EMA Technique: The
results also show improvements compared to the LSTM method with smaller
data clusters (Figs.9, 10 and 11).

The best results are obtained when using a data cluster of 21 days, with
MAPE = 0.0162, MAE = 2.6887, RMSE = 3.5321, R2 = 0.9504.
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The LSTM model combined with EMA technique is also faster than the pure

LSTM model, with training times ranging from about 107 s (for a 14-day cluster)
to 130s (for a 21-day cluster).
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In summary, the findings indicate that all three models, namely LSTM,
LSTM-SMA, and LSTM-EMA, yield favorable predictions for Apple’s stock
price. Among them, the LSTM model stands out with the most accurate predic-
tions within the 21-day cluster. Nevertheless, when considering computational
time, both the LSTM-SMA and LSTM-EMA models outperform the LSTM
model. Nonetheless, the choice of suitable techniques and data clusters for achiev-

ing precise predictions still hinges on the unique objectives and requirements of
the model.
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Fig. 11. Closing price Apple’s stock is predicted by LSTM with EMA in 21-day clusters

4 Conclusions and Future Work

In this study, we have demonstrated the feasibility and performance of applying
the data smoothing methods, SMA and EMA, to the Apple Stock dataset. Our
results show promising values in terms of accuracy, time, training speed, and data
processing when using SMA and EMA instead of directly inputting data into
the LSTM model. For future research, we aim to enhance the capability of the
LSTM with the EMA method to achieve even higher performance and potentially
surpass the traditional LSTM’s capabilities. Additionally, we will apply this
approach to a broader range of datasets to provide more comprehensive and
rigorous evaluations.
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