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Abstract

The stock market is one of the most volatile and complicated markets,
making accurate price forecasting a challenging task. However, the
emergence of machine learning in recent decades has alleviated some of
these limitations by engaging the development of models for accurate stock
price prediction through neural networks. This study investigates the
application of recurrent neural network (RNN) models—specifically RNN,
long short-term memory (LSTM), and gated recurrent unit (GRU)—in
predicting the stock indices of the Iranian energy industry. Using daily time
series data from May Y, Y+ Y+ to May ), Y+ Y¢, the dataset was divided into a
training period (A+7%) and a testing period (Y +7%). In the first step, the optimal
architectures of each model (estimating hyper-parameters) were determined
for prediction horizons of Y, ¥, © (one week), and Y- trading days (one
month). Subsequently, prediction errors of the three machine learning
models were compared with the linear econometric model (ARIMA) across
various forecast horizons. The findings in two areas of cross validations of
machine learning models as well as predication error reveal the following
insights: First, as the forecast horizon increases, the batch size of optimal
prediction decreases for all three machine learning models, and the larger the
input training sample size leads to the smaller batch size. Second, in short-
term forecast horizons (), ¥, and @ trading days), machine learning models—
particularly LSTM-—demonstrate lower prediction errors than ARIMA,
while in the Y« -trading-day (Y-month) forecast horizon, ARIMA's predictive
accuracy approaches to the nonlinear machine learning models. Third,
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forecast accuracy decreases as the horizon lengthens, with accuracy
dropping from approximately 4A,e7 (for a Y-day horizon) to 4Y,°7 (fora Y-
day horizon). Finally, selecting the appropriate forecasting method for the
stock market indices of energy industries depends on the forecast horizon
and data characteristics.

Introduction

In the past decade, the stock market has gained significant popularity,
attracting both individual and institutional investors despite its inherent risks.
As a result, predicting stock price indices has become an appealing endeavor
for both institutional and private investors. Beyond the inherent complexities
of forecasting, there is ongoing debate about the predictability of stock
prices and returns. Research efforts across a wide range of disciplines,
including physics, economics, computer science, and statistics, have focused
on modeling stock price indices and employing various forecasting
strategies.

Predicting nonlinear time series, such as stock price indices, often relies on
neural network models to overcome some challenges. Among neural
network models, Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU) are two prominent models, which, according to international
research findings, have demonstrated superior performance. RNNs are
among the most effective methods for processing sequential or time-series
data, as they possess a high capability to identify complex nonlinear
relationships, unlike traditional forecasting models.

Despite extensive international research on the application of various
machine learning models for predicting economic variables, the Iranian
research landscape indicates a scarcity of published scientific articles in this
domain. Furthermore, the prediction of stock indices for energy-related
industries has not been explored in any prior studies. Given the above
context, the primary objective of this study is to predict four energy industry
indices using three models—RNN, LSTM, and GRU—and to identify the
best-performing model with the lowest prediction error. This will be
achieved using daily data from four energy industry stock indices from May
\,Y.Y., toMay ), Y- Y&,

This paper contributes to the literature in several ways. First, in addition to
the RNN and LSTM methods, which have been more commonly used in
domestic studies, the GRU method is also employed—a technique that, with
the exception of one article, has not been widely used in Iranian research.
Second, for the first time, stock indices for energy-related industries are
being predicted, filling a significant gap in the literature.
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Methods and Materials

Recurrent Neural Networks (RNNs) are among the most effective methods
for processing sequential or time-series data due to their superior ability to
identify complex nonlinear relationships, unlike traditional forecasting
models. The Long Short-Term Memory (LSTM) model, a prominent
member of the RNN family, replaces standard artificial neurons in the
hidden layers of the network with memory cells. These memory cells enable
the network to dynamically consider the architecture of the data and connect
memories with input data, thereby improving prediction accuracy. Given its
enhanced memory capacity for storing and interpreting historical data, the
LSTM model typically yields better results for large datasets. In contrast, the
Gated Recurrent Unit (GRU) has fewer parameters than LSTM, making its
estimation significantly faster.

In this study, data from four energy-related stock indices in the Iranian stock
market from May ), Y-Y-, to May ), Y-Y¢, were used. The energy indices

were predicted using three models: RNN, LSTM, and GRU.

Results and Discussion
Table (V) presents the forecasting errors (RMSE) of different models for
various time horizons, using Y- - daily data points (approximately one year)

and \ - forecasting windows.

Table (V). Forecasting errors of different time horizons using three machine
learning models (RNN, LSTM, and GRU) and one linear econometric model

(ARIMA)
Time Horizons Indices RNN LSTM GRU ARIMA
Chemical Y Y SRR A
Coal 1Y L YF Y0 Y0
\ day
Energy AR Y AR A
Oil Products N0 AR AN A
Chemical RN )Y g Gy
Coal <Yy Yo e v
y days
Energy 5010 RN ey TS
Oil Products RN UL Yy ey
Chemical e\ Yy PAT Ce Yy
Coal A 0 0) NN L5
o days (v week) ’ ’ ’ ’
Energy Y0 Y AL LYY
Oil Products G ¥y ) N o CevE
v+ days (\ month) Chemical M N L 5F v
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Coal LYY C A AN LAY0
Energy .’~b\ ~’.a\/ ~’.a‘) -’.9-
Oil Products 5y AF 44 P )

» For a very short-term forecasting horizon () trading day), the LSTM
model performs well in predicting the chemical and coal indices. The RNN
and GRU models perform better for predicting the oil products and energy
indices, respectively. The econometric ARIMA model does not outperform
any of the other models in forecasting the indices.

» For a two-business-day forecasting horizon, the LSTM model performs
well in forecasting the coal, energy, and oil products indices. The RNN
model, with a slight margin, outperforms the LSTM model in predicting the
chemical index. The GRU and ARIMA models do not outperform any of the
other models in predicting the indices.

» For a five-business-day (one-week) forecasting horizon, the LSTM
model performs better in predicting the coal and energy indices. The RNN
model outperforms others in forecasting the chemical index. Both the RNN
and GRU models show similar performance in predicting the oil products
index. Similar to previous findings, the ARIMA model underperforms
compared to the other models. Notably, the RMSE values for the five-day
horizon are higher than those for the two-day horizon, indicating a decrease
in forecasting accuracy as the forecasting horizon expands.

» For a relatively long-term forecasting horizon (Y- trading days or \
month), the LSTM model performs better in predicting the coal index. The
nonlinear RNN and GRU models perform better in predicting the energy and
oil products indices, respectively. Similar to previous findings, the RMSE
values for the Y--day horizon are higher than those for the o-day horizon,
further confirming the decline in forecasting accuracy as the prediction
horizon expands.

In summary, the LSTM model demonstrates superior performance in most
scenarios, particularly for short- to medium-term horizons. The RNN and
GRU models also show competitive performance, depending on the specific
index and forecasting horizon. In contrast, the ARIMA model consistently
underperforms across all horizons, highlighting the limitations of linear
econometric models in capturing the complexities of nonlinear time-series
data. The increase in RMSE values as the forecasting horizon expands
underscores the inherent challenges in maintaining prediction accuracy over
longer periods.
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Conclusion

This study demonstrates that machine learning and time-series methods can
be effectively used to predict data related to the chemical, coal, energy, and
oil products indices. However, the choice of the appropriate method depends
on the forecasting horizon and the characteristics of the data. Given the high
accuracy of machine learning models, particularly the LSTM model, in
forecasting, it is recommended that investors in financial markets pay
attention to signaling mechanisms and the existence of profitable strategies
across parallel markets. By understanding and predicting movements
between markets, it becomes possible to manage risk and achieve favorable
returns.

Furthermore, the superior performance of the LSTM model across various
forecasting horizons highlights its potential as a reliable tool for predicting
complex and nonlinear time-series data. Future research could explore the
integration of these models with other advanced techniques or the
application of hybrid models to further enhance prediction accuracy.
Additionally, policymakers and market regulators could benefit from these
findings by incorporating predictive analytics into their decision-making
processes to improve market stability and investor confidence

JEL Classification: CeY, CVe, GYY, GY+

Keywords: Machine Learning, Artificial Intelligence, Recurrent Neural
Network, Long Short-Term Memory, Gated Recurrent Unit, Stock Market
Forecasting
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