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Abstract—This study investigates the effectiveness of deep
learning, specifically Long Short-Term Memory (LSTM) net-
works, for forecasting stock closing prices in the Saudi Arabian
market. Unlike prior research that focuses on narrow stock
subsets or individual technical indicators, we present the first
comprehensive evaluation across the top thirty companies by
market capitalization on the Tadawul Exchange. We compare
eight LSTM variants trained on different combinations of fea-
ture families, including technical indicators, calendar effects,
and macroeconomic variables such as Brent oil prices and
the Tadawul All Share Index (TASI). Despite the popularity
of complex feature engineering, our results show that models
using simpler macroeconomic inputs consistently outperform
those based on technical indicators. In particular, combining the
TASI with closing prices yielded the best results for 44.8% of
stocks, improving median accuracy by 6.19% over the closing
price-only baseline. Conversely, models incorporating extensive
technical indicators or applying advanced feature selection tech-
niques underperformed the baseline by 8 to 12%. These findings
challenge the assumption that greater complexity leads to better
performance in financial forecasting and highlight the value of
focused, economically interpretable features in the Saudi market
context.
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I. INTRODUCTION

The financial market exhibits highly dynamic and complex
behavior, shaped by multiple interrelated factors including the
global economy, political events, and investor sentiment [1],
[2], [3], [4]. This inherent volatility and non-linearity make it
challenging for investors, risk managers, and automated trading
systems to make well-informed decisions regarding asset man-
agement and profit maximization. Therefore, accurate stock
price forecasting is still a complex problem, mainly due to
the presence of noisy, non-stationary, and often incomplete
financial data [5], [6], [7]. These challenges have motivated
researchers to explore advanced predictive models capable
of capturing hidden temporal dependencies and improving
forecasting performance in such uncertain environments.

Various stock market prediction techniques have been
developed to forecast future trends and returns. Traditional
statistical methods, such as AutoRegressive Moving Average
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(ARMA) and Generalized AutoRegressive Conditional Het-
eroskedasticity (GARCH), suffer from key limitations when
dealing with non-stationary financial data. These models rely
on strong statistical assumptions such as linearity and noise-
free data, which restrict their ability to capture the complex,
nonlinear, and dynamic nature of financial markets. Further-
more, they often operate on univariate models and struggle to
incorporate external factors such as macroeconomic variables
that influence market behavior [8], [9], [6].

To address some of these limitations, Machine Learning
(ML) models such as Support Vector Machines (SVM) and
Random Forests (RF) have been introduced. These models
leverage the availability of large, high-dimensional datasets
and are capable of discovering hidden patterns and complex
relationships in data. While ML-based models offer greater
flexibility and improved predictive power over traditional sta-
tistical approaches, they still fall short in modelling temporal
dependencies, which is an intrinsic characteristic of financial
time series.

These challenges have led researchers to explore deep
learning-based methods for stock market prediction. In partic-
ular, Recurrent Neural Networks (RNNs) and their advanced
variant, LSTM networks, have gained popularity due to their
ability to handle sequential data and model long-term depen-
dencies. Standard RNNs, however, face challenges such as
the vanishing gradient problem, which limit their effectiveness
on long sequences [10], [11], [12], [6]. LSTM networks
address this issue through specialized memory cells and gating
mechanisms, enabling them to learn temporal patterns more
effectively. As a result, LSTMs have been widely applied in
financial forecasting, as shown by prior empirical studies that
they are particularly well-suited for capturing the temporal
dynamics and complex structure of financial markets [13],
[14], [15], [17].

The main contributions of this study can be summarized
as follows: First, this study addresses a notable gap in the
literature by providing a comprehensive analysis of stock price
forecasting across the top 30 market capitalization companies
on the Saudi Tadawul Exchange from 2006 to 2025. Unlike
much of the existing research that concentrates on individual
stocks or narrow sectors, our work offers crucial, broad market
coverage. This breadth allows us to identify patterns in how
different input families perform that are stable across many
large-cap stocks, rather than being tied to a single case study
or sector representative. Second, we demonstrate that a simple
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univariate model relying solely on the lagged closing price
serves as a surprisingly powerful baseline. This minimalistic
approach provides effective forecasts and establishes a bench-
mark that more complex, feature engineered and multivariate
models must clearly surpass to justify their added complexity,
and it serves as a reference point for judging whether additional
feature families genuinely add predictive value. Importantly,
this evaluation is grounded in multiple performance metrics
including a Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), Mean Absolute-Percentage Error (MAPE), and
win rate, ensuring that the assessment of predictive accuracy is
both rigorous and comprehensive. Third, we present a system-
atic comparison of different feature-engineering approaches by
evaluating the predictive contribution of lag features including
technical indicators, macroeconomic variables, and calendar
effects through eight distinct experimental scenarios, under
a shared LSTM architecture. Most significantly, our results
demonstrate that incorporating the TASI as a feature sub-
stantially outperforms complex technical indicator approaches
across all four evaluation metrics, challenging the conventional
belief that more sophisticated features necessarily improve
prediction accuracy. To our knowledge, this is the first study to
systematically demonstrate the predictive value of the TASI in
stock price forecasting and to turn that evidence into a simple
feature selection rationale that prioritizes market-wide macro
variables over large technical indicator sets.

The remainder of this study is organized as follows:
Section II presents a review of recent literature pertaining
to stock analysis and prediction. Section III presents the
theoretical concepts underpinning the research. A comprehen-
sive discussion of the experimental design, the data selection
process, and the prediction methodology will be provided in
Section IV. Section V presents the research results in detail.
This is followed by Section VI, which provides an in-depth
discussion of the key findings, interpreting their significance
in the context of research objectives. Finally, Section VII
summarizes the main insights and contributions of the study,
as well as potential directions for future work.

II. LITERATURE REVIEW

LSTM networks have been extensively explored for stock-
price forecasting, ranging from simple architectures to so-
phisticated hybrids. In [16], the authors conducted a study
which demonstrated that a single-layer LSTM with nine input
features including, macroeconomic indicators, like unemploy-
ment rate, technical signals like Moving Average Convergence
Divergence (MACD), and historical trading daily data can
effectively predict next-day Standard & Poor’s (S&P) 500
closing prices over a 2006–2020 large dataset with a RMSE
of 12.45 and correlation above 0.92, highlighting the trade-off
between depth and overfitting. In [17], the authors extended
this to a two-layer LSTM to understand the patterns over
time, followed by another two dense layers trained on only
60-day sliding windows of normalized daily closing prices
and trading volumes gathered from Yahoo Finance for Apple,
Google, Microsoft, and Amazon from 2012 to 2022. Their
model achieved an RMSE of 18.89, but the narrow training
set and the omission of potentially significant variables, such
as news sentiment and macroeconomic indicators, may limit
generalizability.

Similarly, in [5], the authors applied an LSTM model to
predict closing prices of 31 Vietnamese stocks, incorporat-
ing historical price data and three technical indicators. The
model achieved forecast accuracy above 93% for most of the
stocks included in the study, highlighting the effectiveness of
LSTM in time series prediction. However, the authors note
that the high volatility of prices within Vietnam’s emerging
stock market could affect its predictive robustness in different
contexts. In [15], the authors proposed a multi-value associated
network model of LSTM to predict multiple prices of a stock
simultaneously. The model predicts open, low, and high prices
on the Shanghai Stock Exchange (SSE), reporting overall
accuracy above 95% when compared to traditional LSTM and
deep RNN models. However, this approach limited the model’s
ability to optimize each price prediction effectively, as the
training process relied on a total loss function that did not
account for the individual sub-losses associated with the three
output branches (open, low, and high).

A study in [18], has pushed LSTM into hybrid and
decision-making roles. They proposed an automated stock
trading system using deep reinforcement learning with LSTM,
trained on data from 120 stocks across four indices. LSTM
extracts patterns from daily prices and technical indicators to
predict when to buy, sell, or hold stocks to achieve higher
returns. However, the model’s effectiveness relies on a vast
amount of training data to fully learn market characteristics.
Similarly, in [19], the authors embedded an LSTM within a
decision-support system, but for the Indian stock market. They
used normalized Open-High-Low-Close-Volume (OHLCV) data
along with technical indicators to predict the closing stock
price for the next thirty days. Using an optimised model, the
model yielded an RMSE of 4.13 and a MAE of 3.24 compared
to prominent statistical and machine learning models. How-
ever, the high computational cost associated with processing
historical stock data is the main limitation of the model. With
similar limitation of heavy computation and strict data ac-
cess requirements, reference[20] further enriched Bidirectional
Long Short-Term Memory (BiLSTM) with features extracted
by a Convolutional Neural Network (CNN) to predict the
direction for the next day (up or down) and a trend prediction
for several days ahead (up, down, no). In addition to typical
market data such as stock prices and trading volume of 14
stocks of a Chinese investment bank, the model incorporates
information about the relationships among various stocks based
on a knowledge graph and includes detailed records of each
investor’s trading activities, organized into simplified clusters.
The model achieved 74% accuracy in predicting the direction
of the next day’s closing price and 66% for 5-day trend
prediction, which are higher than the accuracies obtained from
Adaboost and RF models mentioned in their work. In a similar
manner, the authors in [21], integrated investor sentiment data
gathered from online stock forums with a set of 16 different
technical indicators of thirty stocks in the SSE market, then fed
that to an LSTM to predict the closing price one day ahead.
The model achieved a MAPE of 0.05, which is superior to
the other prediction models used in their work, such as CNN,
SVM, and also to their proposed model without including
sentiment analysis. However, the model is constrained by a
single market-specific sentiment source.

To enhance the accuracy of stock market predictions, a
recent study in [22] optimized LSTM hyperparameters via a
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metaheuristic, Artificial Rabbits Optimization (ARO), on five
years of Dow Jones Industrial Average (DJIA) data with a time
window sized 20 previous days. The model demonstrates the
lowest Mean squared error (MSE) and MAE for most of the
ticker symbols of the market, compared to the other four LSTM
models. Still, this improvement in predictive accuracy came
at the cost of increased computational overhead during the
search phase, as the metaheuristic nature of the ARO algorithm
requires extensive exploration of the search space. In [23], the
authors showed that preprocessing data using Complementary
Ensemble Empirical Mode Decomposition (CEEMD) for de-
composing price series to remove noise, Principal Component
Analysis (PCA) for reducing data dimensions, and LSTM for
predicting closing price of the next trading day for various
equity indices reduces RMSE by up to 7% over models that use
raw prices series. The comprehensive survey in [24] reviewed
the developments in machine learning techniques, including
LSTM and CNN, and highlights the advantages of hybrid
models and the integration of sentiment analysis to enhance
forecasting capabilities. The authors also acknowledged sev-
eral challenges associated with model building, such as the
need for large datasets containing non-stationary data and the
complexity of training advanced models.

The Saudi stock market (Tadawul) closely aligns with
global markets in its suitability for applying deep learning,
particularly LSTM networks for stock price prediction, offer-
ing a valuable context for advancing internationally established
models. In [25], the authors developed a binary classification
model to predict next-day stock price direction (up or down),
utilizing a comprehensive set of 31 features, including OHLCV
data from four companies over ten years, supplemented by
various technical indicators. Among the models evaluated, the
RF algorithm demonstrated the highest predictive accuracy
at 73.5%, outperforming both LSTM and Artificial Neural
Network (ANN). The predictive model was subsequently in-
tegrated into an automated investment system incorporating
risk management strategies, which yielded substantial returns
ranging from 65% to 86% across ten companies listed on
the Tadawul; however, the study was limited by its focus
on a mostly bullish market condition. In [26], the authors
found that multivariate LSTM models utilizing Open-High-
Low-Close (OHLC) inputs outperformed univariate models,
achieving a prediction accuracy of 97.49% when forecasting
closing prices over the following seven days. Their study was
based on a decade of historical data up to November 2022
for three major communication firms (Mobily, Saudi STC,
and Zain KSA). Still, the limited scope of input features that
exclude other influential factors, such as sentiment and macroe-
conomic indicators, restricts the generalizability. It limits the
model’s effectiveness in capturing broader market dynamics.
Extending this, in [12], the authors recently compared the
performance of the statistical analysis AutoRegressive Inte-
grated Moving Average (ARIMA) and LSTM algorithms for
stock price forecasting, following the application of Discrete
Wavelet Transform (DWT) to denoise historical closing price
data from four companies listed on Tadawul, and showed that
the proposed LSTM model achieved a prediction accuracy
of 97.54%, outperforming the ARIMA model in terms of
forecasting performance.

Similarly, in [27], the authors explored LSTM and a
multiLayer perceptron (MLP) models across four key sectors

of the Saudi market using data spanning three years from 2018
to 2020, finding that while the LSTM model achieved higher
prediction accuracy compared to MLP, the generalizability of
both models is limited as they do not integrate broader feature
sets. In a more applied setting, in [10], the authors incorporated
oil closing prices into an LSTM model to predict next-day
trading signals (buy or sell) for three stocks in the Saudi
market, training on historical stock data including closing
prices, trading volume, technical indicators, and oil price data
from June 2018 to August 2019. Similar to [18], they fed the
predicted signals to a trading agent to decide whether to buy,
sell, or hold based on current share value, available balance,
and shareholdings. The proposed LSTM model generated next-
day trading signals with 55% accuracy, resulting in a 23%
investment return that outperformed the traditional buy-and-
hold strategy, which achieved 1.2%. However, its simplicity
of feature set and absence of a robust feature selection mech-
anism, which relies on trial-and-error, remain key limitations.
Table I and Table II provide a structured comparison of the
literature, organized by Saudi and international markets for
better readability. Collectively, these studies illustrate LSTM’s
flexibility for capturing temporal dependencies in financial
series, while also revealing recurring challenges in model
complexity, evaluation rigour, dataset diversity, and real-world
applicability.

In the Saudi market, the evidence on input design remains
fragmented. Some studies rely on closing prices alone and
compare LSTM with traditional or shallow models for a small
set of stocks or sector indices [12], [27]. While others use
multivariate OHLC inputs and report gains over univariate
specifications but only for three large communication stocks
[26]. Further work combines OHLCV data with long lists of
technical indicators [25], or mixes oil prices with technical
indicators for three stocks [10], yet none of these studies justify
the incremental value of technical indicators over a close-
only LSTM baseline or tests whether their findings generalize
across the main Tadawul listings. As a result, we are left with
scattered evidence on close-only, OHLC, technical indicators,
and oil-augmented designs. The present study combines these
strands within a single, unified LSTM framework by evaluating
close-only, OHLCV, technical, calendar, and macroeconomic
configurations across the top market-cap Saudi stocks, provid-
ing a cross-sectional view of when close alone suffices and
when richer inputs add value.

III. THEORETICAL BASIS

This section outlines the key concepts underlying our
approach to predicting stock prices in the Saudi market. First,
we look at the Efficient Market Hypothesis (EMH), which
suggests that stock prices reflect all available information and
are hard to predict. Then, we introduce LSTM networks, a type
of machine learning model that can learn patterns in time-based
data, such as stock prices. Finally, we discuss how investor
behaviour and psychological factors can create patterns that
LSTM models may be able to detect. These ideas provide the
foundation for our research and help explain why combining
finance theory with machine learning can be helpful.
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TABLE I. RELATED WORK ON INTERNATIONAL MARKETS PREDICTION USING LSTM ORDERED BY PUBLICATION YEAR, MOST RECENT FIRST,
2024–2020

Reference Data Period Input Technique Output Performance
Measure

[5] 31 Vietnamese stocks Start listed- Apr2021 OHLCV, three technical in-
dicators

LSTM 1-day-ahead closing price Accuracy

[18] Dow Jones, Chinese, India,
UK Stock Markets

Jan2009-Aug2020 Closing price, share, bal-
ance, Four technical indica-
tors

Cascaded
LSTM

128 temporal features Cumulative
Return, Max
Earning Rate,
Sharpe Ratio

[22] Dow Jones Jan2018-Jan2023 Closing price LSTM
ARO 1-day-ahead closing price MAPE,

MAE, MSE,
R2

[17] Four US tech stocks 2012-2022 Closing price LSTM 1-day-ahead closing price RMSE
[16] S&P 500 2006-2020 OC, three technical indi-

cators, five macroeconomic
factors

LSTM 1-day-ahead closing price RMSE,
MAPE

[19] India Stock Market Jan2020-July2020 OHLCV, closing price of
industry average

LSTM OHLCV, closing price of
industry average

RMSE, MAE,
MAPE

[21] Chinese Stock Market Jan2017-July2019 16 technical indicators, sen-
timent factor

LSTM 1-day-ahead closing price MAPE

[15] Chinese Stock Market - OHLCV and two technical
parameters

Associated
Net, LSTM

Next-day OLH MAE

[20] Chinese Stock Market Mar2012-June2018 29 basic stock data & stock
correlation, investor clus-
ters

BiLSTM Next-day direction, trend
over n days

Accuracy,
AUC

[23] Hong Kong, Dow Jones,
S&P 500, Chinese Stock
Markets

Jan 2010-Apr2018 Four abstract features out of
12

CEEMD
PCA
LSTM

1-day-ahead closing price,
direction of change

RMSE, MAE,
NMSE, DS

TABLE II. RELATED WORK ON THE SAUDI MARKETS PREDICTION USING LSTM ORDERED BY PUBLICATION YEAR, MOST RECENT FIRST, 2024–2020

Reference Data Period Input Technique Output Performance
Measure

[12] Four Saudi Stocks: Saudi
Arabian Mining Co, Yanbu
Cement Co., Sabic, Saudi
Indian

Jan2019-July 2023 Closing price LSTM 7-day-ahead closing price RMSE, MSE

[26] Three Saudi Stocks: STC,
Mobily, Zain

Jan2017-Nov2022 OHLC LSTM 7-day-ahead closing price RMSE, MAE,
MAPE, MSE

[27] Four Saudi Sectors: Energy,
Industrial, Financial, Com-
munication

2018-2020 Closing price LSTM 1-day-ahead closing price RMSE, MSE,
R2

[25] Four Saudi Stocks: Sabic,
Jarir, Alrajhi, STC

Jan2010-Aug2021 OHLCV, 26 technical indi-
cators

LSTM Next-day price direction Accuracy,
Precision,
Recall

[10] Three Saudi Stocks: Al-
inma, Alrajhi, SABIC

Mar2012-April2020 OHLCV, Oil price, month
number, five technical indi-
cators

LSTM Next-day buy/sell signals Accuracy

A. Market Efficiency versus Predictability

The EMH, first proposed by the authors in [28], suggests
that financial markets are efficient, meaning that asset prices
quickly and fully reflect all available information. If this is true,
it becomes challenging to consistently make profits by predict-
ing price movements or employing trading strategies. However,
many studies have shown that fundamental markets do not
always behave this way. Factors such as slow information
flow, investor psychology, market structure, and regulation can
cause inefficiencies [29], [30]. These inefficiencies may allow
room for prediction. In such cases, machine learning methods,
especially those that can handle patterns over time, can pro-
vide a valuable alternative to traditional financial models by
challenging some of the assumptions of EMH, particularly.

B. LSTM Mechanics in Financial Time Series Prediction

LSTM networks, a type of RNN, have been shown to work
very well with sequential data [31], including financial time

series forecasting [32], [33].

Traditional RNNs often struggle with problems such as
vanishing gradients. They cannot handle long-term patterns,
but LSTMs overcome this by using a gated memory structure
that stores and updates information over time [34], [35].
This structure consists of three main parts: a forget gate
that removes unnecessary information, an input gate that
adds new relevant data, and an output gate that determines
which information to pass on. These mechanisms enable
LSTMs to capture complex time-based patterns, making them
highly suitable for forecasting stock prices [36]. In Tadawul,
stock movements are influenced by various factors, including
changes in oil prices, political events, and seasonal effects such
as those observed during Ramadan [10], [37]. LSTMs can
learn these nonlinear patterns without heavy manual feature
design. While the EMH suggests that prices cannot be pre-
dicted from past information, studies in behavioural finance
show that inefficiencies do exist [29], [38], [39], especially
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in emerging markets [30], [37]. Therefore, combining LSTMs
with technical and macroeconomic indicators can help uncover
proper predictive signals in Tadawul’s market environment
[40].

C. Behavioral Tadawul Market Efficiency

While the EMH assumes that investors act rationally and
that markets always reflect all available information, behavioral
finance shows that emotions and mental shortcuts often lead
to mistakes in judgment. These behaviors can create patterns
in the market that the EMH cannot explain [29], [38]. In
the Tadawul, several examples of such behavior affect how
prices move. One typical pattern is herding, where individ-
ual investors follow the crowd instead of making their own
decisions. This often causes trends to grow stronger, even
when they are not supported by fundamentals [39]. Another
example is overreacting to news, such as sudden changes in oil
prices or updates related to major plans like Vision 2030 [41],
[42], [43]. These reactions can lead to bigger price changes
than necessary [30]. Additionally, some seasonal effects have
been observed, particularly during Ramadan, where studies
such as [37] have found unusually high returns, likely due
to shifts in mood and trading habits. These behaviours create
inefficiencies that are hard to capture with traditional models.
That’s why advanced machine learning techniques, such as
LSTM networks, are helpful. They can detect complex and
hidden patterns in market data, making them well-suited for
forecasting in behavior-driven markets like Tadawul.

IV. DATA AND METHODOLOGY

Fig. 1 summarizes the end-to-end workflow, executed in-
dependently for each stock in our top-30 Tadawul universe (29
after cleaning). Details of every step appear in the subsections
below:

A. Dataset and Market Universe

This study utilizes a comprehensive dataset comprising
historical financial and macroeconomic data relevant to the
Saudi Arabian equity market. Historical daily OHLCV data
were collected from Yahoo Finance using ticker symbols with
the “.SR” suffix, which marks shares listed on the Saudi
Exchange (Tadawul). The primary focus is on the thirty largest
publicly traded companies on the Tadawul Exchange, selected
based on free float market capitalization to represent the most
liquid and actively traded equities. The data collection period
spans from each company’s first available trading day to May
8, 2025. Following data cleaning procedures, 29 companies
remained for analysis. Table III lists the top 30 stocks listed
on Tadawul based on free float market capitalization as of
2025. Fig. 2 illustrates the proportional allocation of stocks by
sector.

B. Inputs and Feature Set

To capture the factors influencing Saudi stock price move-
ments, we use 37 predictive variables. The predictors are
grouped by their source and role into four families: Raw
OHLCV, Technical indicators, Calendar features, and Macroe-
conomic features, as shown in Table IV.

1) Raw OHLCV: Our feature set begins with the raw daily
Open, High, Low, Close, and Volume series downloaded from
Yahoo Finance (“.SR” tickers). These variables capture each
session’s price range and trading activity. These stock-level
series serve as the basis from which all technical indicators
are computed.

2) Technical indicators: All technical indicators are com-
puted directly from each stock’s OHLCV.

a) Moving averages: SMA and EMA over rolling
windows of 5, 10, 20, 50, 100, and 200 days to capture
multi-horizon trend dynamics. Short windows (5–20 days)
reflect immediate moves; long windows (50–200 days) reflect
underlying trends.

b) Momentum indicators: MACD (main MACD line,
signal line MACDs, and histogram MACDh) to detect mo-
mentum shifts. RSI to identify overbought/oversold conditions
and potential turning points.

c) Volatility: We record the lower Bollinger Band
(BBL 20 2.0), middle Bollinger Band (BBM 20 2.0), and
upper Bollinger Band (BBU 20 2.0). From these, we compute
Bollinger Bandwidth (BBB 20 2.0), which measures volatility
through the distance between the bands, and Bollinger Band
Percentile (BBP 20 2.0), which shows where the current price
falls within the envelope.

d) Volume-based On-Balance Volume (OBV): which
measures sustained buying or selling pressure.

3) Calendar features: To capture temporal patterns and
specific events that may influence trading behaviour, we incor-
porated several calendar-based features. Day of the week and
day of the year are represented through sinusoidal functions
(dow sin, dow cos, doy sin, doy cos) to preserve temporal
continuity and capture any recurring seasonal patterns in
market behavior. Additionally, we created binary indicators
for specific calendar events known to affect Saudi market
behavior. The Ramadan indicator identifies trading days during
the holy month, which has been documented to influence
market volatility and returns in Islamic markets. The quarter-
end proximity flag (qtr end 5d) marks the five days preceding
quarterly financial reporting periods, typically associated with
increased trading activity and volatility. All variables in this
group are computed from the trading date only and do not use
price or volume information.

4) Macroeconomic features: Given Saudi Arabia’s posi-
tion as a major oil exporter and the importance of global
economic conditions, we incorporated key macroeconomic
indicators. Brent crude oil prices serve as a critical external
factor, supplemented by its daily return (Brent ret) and 60-day
rolling volatility (Brent vol60) to capture both level and risk
dimensions of oil market dynamics. TASI represents overall
market sentiment and provides context for individual stock
performance within the broader Saudi equity market. These
inputs are external series merged to the stock-level table by
date and are not derived from the stock’s OHLCV.

C. Data Preprocessing

1) Data merging: We align and join, by date, each stock’s
OHLCV with the engineered technical and calendar features
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Fig. 1. Methodology overview: Daily OHLCV per stock is combined with engineered technical features, calendar features, and external macro features (TASI,
Brent). After data merging, cleaning, a fixed train/test split, we build eight input scenarios (A–H) and train the same LSTM per stock and per scenario. This

pipeline is executed for each stock among the top market-cap Tadawul companies (29 after cleaning). The bottom band illustrates test predictions, performance
metric computation, and cross-stock/sector comparison.

A Energy

B Basic Materials

C Utilities

D Financial Services

E Technology

F Communication Services

G Consumer Cyclical

H Healthcare

I Consumer Defensive

J Real Estate

K Industrials

X Removed 

G

6.7%

X

Fig. 2. Percentage breakdown of the top 30 Tadawul stocks by sector.

and the external macro series (TASI, Brent). The merge is
restricted to common trading days, with one record per stock
per date after alignment.

2) Data cleaning: The data cleaning process involved
removing rows containing NaN values resulting from rolling-
window calculations in technical indicators, where the first
several observations could not be computed due to insufficient
lookback data. Any residual missing values after alignment
were dropped. Stock 4325 (Umm Al Qura Development &
Construction Co.) had no data remaining after cleaning, yield-
ing a final sample of 29 stocks.

3) Data splitting: The dataset was divided into training
and testing periods to ensure robust out-of-sample evaluation.
Training data spans from the earliest available date (after data
cleaning) to December 31, 2024, while the testing period
covers January 1, 2025, to May 8, 2025.

4) Data normalization: All numeric features are standard-
ized using a 60-day rolling window, computed strictly from
prior observations at time t. The same transformation is applied
during validation and testing, preserving temporal causality
and avoiding look-ahead bias.
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TABLE III. TOP 30 STOCK COMPANIES IN TADAWUL BY SECTOR AND
TICKER

No. Ticker Company Sector

1 2222 Saudi Arabian Oil Co. (Saudi
Aramco)

Energy

2 1120 Al Rajhi Bank Financial Services
3 2082 ACWA Power Co.∗∗ Utilities
4 7010 Saudi Telecom Co. (STC) Communication Services
5 1180 The Saudi National Bank Financial Services
6 2010 Saudi Basic Industries Corp.

(SABIC)
Basic Materials

7 1211 Saudi Arabian Mining Co. (Ma’aden) Basic Materials
8 4013 Dr. Sulaiman Al Habib Medical

Svcs. Grp.
Healthcare

9 1010 Riyad Bank Financial Services
10 7203 Elm Co.∗∗ Technology
11 1150 Alinma Bank Financial Services
12 1060 Saudi Awwal Bank Financial Services
13 5110 Saudi Electricity Co. Utilities
14 2280 Almarai Co. Consumer Defensive
15 2020 SABIC Agri-Nutrients Co. Basic Materials
16 7020 Etihad Etisalat Co. (Mobily) Communication Services
17 1080 Arab National Bank Financial Services
18 1050 Banque Saudi Fransi Financial Services
19 1140 Bank Albilad Financial Services
20 7202 Arabian Internet & Comm. Svcs.

Co.∗∗
Communication Services

21 4280 Kingdom Holding Co. Industrials
22 4325 Umm Al Qura Dev. & Construction

Co.∗
Industrials

23 4250 Jabal Omar Development Co. Consumer Cyclical
24 8210 Bupa Arabia for Cooperative

Insurance Co.
Financial Services

25 4300 Dar Al Arkan Real Estate Dev. Co. Real Estate
26 1111 Saudi Tadawul Group Holding Co.∗∗ Financial Services
27 4030 National Shipping Co. of Saudi

Arabia (Bahri)
Industrials

28 4100 Makkah Construction &
Development Co.

Consumer Cyclical

29 8010 The Co. for Cooperative Insurance
(Tawuniya)

Financial Services

30 4142 Riyadh Cables Group Co.∗∗ Industrials
∗Umm Al Qura Dev. & Construction Co. (4325) was subsequently excluded during
data cleaning due to no data left after cleaning.

∗∗Recently listed companies such as ACWA Power (2082), Elm Company (7203),
Riyadh Cables Group (4142), Saudi Tadawul Group Holdings (1111), and Arabian
Internet & Communications Services (7202) have limited trading histories (≤650 days).

D. Model Architecture and Evaluation Procedure

To isolate the effect of inputs, all scenarios share a fixed
network and training setup; the full specification appears in
Table V. Briefly, the model ingests a multivariate 60-day
window, stacks two LSTM layers (96 units with sequence
return and 0.20 dropout; then 64 units), applies a 32-unit ReLU
dense layer, and outputs the next-day closing price with a
linear head. Models are trained with mean-squared error using
Adam (learning rate η = 0.001), mini-batches of 32 for up to
80 epochs with early stopping after 6 consecutive validation
epochs without improvement.

To evaluate predictive accuracy, we use three standard
metrics: MAE, RMSE, and MAPE. MAE is defined by Eq. (1),
and RMSE and MAPE by Eq. (2) and Eq. (3).

MAE =
1

n

n∑
i=1

|yi − ŷi| (1)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (2)

MAPE =
1

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (3)

where, n is the number of observations in the test set,
yi is the actual closing price for observation i, and ŷi is the
corresponding predicted closing price.

E. Scenario Descriptions

To assess the marginal contribution of different feature
groups to forecasting performance, we define eight LSTM-
based experimental scenarios:

1) Scenario A (Close-only baseline): Uses only the Close
price as input. This baseline tests whether price memory alone
is sufficient for short-horizon forecasting.

2) Scenario B (Full feature set): Uses all 37 features,
including prices, technical indicators, calendar patterns, and
macroeconomic data. This is the most complete model, as-
suming access to all possible signals at the end of the day.

3) Scenario C (Selected features): Uses only a carefully
chosen subset of features based on importance scores (corre-
lation and SHAP). This tests if fewer, more relevant signals
can perform as well as the complete set.

4) Scenario D (OHLCV): Open, High, Low, Close prices,
and Volume only, focusing on raw trading activity without
engineered indicators or external inputs.

5) Scenario E (Close + calendar): Combines Close with
calendar features (day-of-week and day-of-year sine/cosine,
Ramadan, qtr end 5d) to test seasonal and temporal effects.

6) Scenario F (Close + Brent): Uses Close with Brent oil
inputs. Since oil plays a key role in Saudi Arabia’s economy,
this model tests whether oil price movements help improve the
forecasting of stock prices.

7) Scenario G (Close + TASI): Uses Close and TASI. TASI
reflects the overall market mood and helps capture broader
trends that may influence individual stocks.

8) Scenario H (Close + Brent + TASI): Combines Close
with both Brent and TASI to test whether combining global
and local market signals improves predictions.

Each scenario is designed to test the model’s ability to
predict stock prices and to understand the significance of
specific inputs. By comparing them, we can determine which
types of information enhance predictions in the Saudi stock
market. Table VI summarizes the inputs and intent of each
scenario.
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TABLE IV. PREDICTOR INPUTS GROUPED BY SOURCE AND ROLE, WITH REPRESENTATIVE EXAMPLES

Group Examples

Raw OHLCV (stock-level) Open, High, Low, Close, Volume
Technical indicators (engineered from
OHLCV)

Moving averages: SMA n, EMA n (n = 5, 10, 20, 50, 100, 200); Momentum: MACD, MACDs, MACDh,
RSI; Volatility (Bollinger): BBL 20 2.0, BBM 20 2.0, BBU 20 2.0, BBB 20 2.0, BBP 20 2.0; Volume-
based: OBV

Calendar features (engineered from
date)

dow sin, dow cos, doy sin, doy cos; flags: Ramadan, qtr end 5d

Macroeconomic features (external
series)

TASI; Brent, Brent ret, Brent vol60

TABLE V. UNIFIED LSTM ARCHITECTURE AND TRAINING SETTINGS
USED FOR ALL SCENARIOS (A–H)

Component Setting

Input window 60 trading days (multivariate sequence)
Target Next-day closing price
Layer 1 LSTM (96 units), return_sequences=True
Regularization Dropout = 0.20 (after Layer 1)
Layer 2 LSTM (64 units)
Head Dense(32, ReLU) → Dense(1, linear)
Loss Mean Squared Error (MSE)
Optimizer Adam, learning rate = 0.001
Batch size 32
Epoch cap 80
Early stopping Patience = 6; restore best weights=True
Validation split 15% of training data
Evaluation metrics MAE, RMSE, MAPE (%)

V. RESULTS

Eight model variants were evaluated, ranging from a simple
baseline, Variant A (Close price only) to models applying
advanced features (Variants B–H). Performance was assessed
using MAE, RMSE, and MAPE. The analysis focuses on MAE
as the primary evaluation metric due to its direct interpretabil-
ity and robustness to outliers, though results are validated
across all three measures. Full per-ticker MAE/RMSE/MAPE
values are provided in the Supplementary Material (Table IX).

Table VII shows that market-aware models achieved su-
perior predictive performance. Variant G (Close + TASI)
achieved the highest performance for 44.8% of stocks with
a median 6.19% improvement over baseline. Variant F (Close
+ Brent oil) ranked second, optimal for 24.1% of stocks with a
3.17% median improvement. Combined, these macroeconomic
variants were top-performing for nearly 70% of evaluated
stocks.

Complex feature engineering approaches proved counter-
productive. In contrast, Variant B (Close + all features)
achieved optimal results for only 10.3% of stocks and under-
performed the baseline by 11.66%. Variant C (Close + selected
features), despite employing advanced techniques including
mutual information, correlation filtering, and SHAP-based
ranking, was optimal for just 3.4% of stocks with an 8.32%
performance decline. Variant D (OHLCV) failed to achieve
optimal performance for any stock, while Variant E (Close
+ calendar features) was optimal for only 3.4% of stocks,
despite incorporating seasonal effects specific to the Saudi
market. Even combining individually successful features failed
to yield benefits, Variant H (Close + Brent + TASI) was optimal
for only 6.9% of stocks despite incorporating the two most

effective individual inputs.

To assess variation in model performance across mar-
ket segments, we initially considered a sector-level analysis.
However, several sectors included fewer than three stocks,
making statistical comparisons infeasible. To address this, we
aggregated sectors into three broader, economically mean-
ingful groups: Oil-Sensitive (Energy, Basic Materials, Utili-
ties), Financial (Financial Services), and Demand & Services
(Technology, Communication Services, Consumer Cyclical,
Healthcare, Industrials, Consumer Defensive, Real Estate).
These groupings reflect shared economic drivers: resource
price exposure, interest rate sensitivity, and consumer demand
patterns, respectively. Fig. 3 shows the three groups and the
percentage of stocks in each group.

O
il-

Se
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itiv
e

F
inancial

Dem
an
d
&
S
erv
ices

G

6.9%

A Energy

B Basic Materials

C Utilities

D Financial Services

E Technology

F Communication Services

G Consumer Cyclical

H Healthcare

I Industrials

J Consumer Defensive

K Real Estate

Fig. 3. Percentage breakdown of the stocks in three groups.

Table VIII demonstrates Variant G (Close + TASI) consis-
tent effectiveness across groups. Under random chance, any
variant would win roughly 12.5% of the time (1/8). Vari-
ant G (Close + TASI) significantly exceeds this benchmark,
capturing 54.55% of Financial stocks (4.4× chance), 50% of
Oil-Sensitive stocks (4× chance), and 33.33% of Demand &
Services stocks (2.7× chance).

Fig. 4, Fig. 5, and Fig. 6 provide individual stock visualiza-
tions for each sector group. Variant G (Close + TASI) appears
alone when optimal; otherwise, the best-performing alternative
appears in orange. While no single variant proves optimal for
all stocks, Variant G (Close + TASI) emerges as the dominant
general-purpose solution across diverse economic sectors. The
orange lines visible in over half the stocks demonstrate oppor-
tunities for stock-specific optimization, yet Variant G (Close +
TASI) broad effectiveness confirms its value as the preferred
baseline approach. Notably, recently listed companies, marked
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TABLE VI. SIMPLIFIED LSTM INPUT SCENARIOS AND THEIR PURPOSE

Scenario What It Uses Why It Matters

A Close price only Tests if recent closing prices alone can predict future prices (price memory).
B All 37 features Uses all available signals, including prices, indicators, calendar data, and

economic information, to test maximum prediction ability.
C Selected top features Checks if a smaller set of the most useful features can perform as well as the

full list.
D OHLCV Focuses on basic trading data without additional indicators or external inputs.
E Close + calendar patterns Tests whether time-based patterns (e.g., weekdays, Ramadan) contribute to

price prediction.
F Close + Brent oil price Evaluates how oil prices, crucial to the Saudi economy, influence stock

movements.
G Close + TASI Adds the general market trend (TASI) to assess the impact of market sentiment

on individual stocks.
H Close + Brent + TASI Combines both oil and market trend information to determine if their joint use

enhances forecast accuracy.

TABLE VII. PERFORMANCE SUMMARY OF MODEL VARIANTS

Variant Description Win Rate (%) Median
Improvement over

Baseline (%)

G Close + TASI 44.8 6.19
F Close + Brent oil 24.1 3.17
B Close + all features 10.3 -11.66
H Close + Brent + TASI 6.9 1.55
A Close price only 6.9 baseline
E Close + calendar

features
3.4 0.48

C Close + selected features 3.4 -8.32
D OHLCV 0 0.45

TABLE VIII. SECTOR GROUP PERFORMANCE ANALYSIS

Sector Group Number of
Stocks

Best Variant Win Rate (%)

Oil-Sensitive 6 G (Close + TASI) 50.00
Financial 11 G (Close + TASI) 54.55
Demand & Services 12 G (Close + TASI) 33.33

with double asterisks (**) in Table III, show substantially
worse forecasting performance, highlighting the critical im-
portance of sufficient trading history for reliable predictions.

VI. DISCUSSION

The results challenge the commonly held belief that in-
creased feature complexity leads to superior predictive ac-
curacy in financial markets. All models employed identical
LSTM architectures, isolating the effect of feature selection
and revealing that simpler, macroeconomic-based inputs con-
sistently outperform sophisticated technical indicators.

Viewed against recent LSTM-based forecasting studies, our
results help clarify what different feature choices actually con-
tribute. Many works report strong performance, but treat the
input design as fixed, offering limited insight into how much
each additional feature family improves on a simple price-
based baseline. Some studies argue that multivariate OHLC or
OHLCV inputs yield better predictions than univariate closing
prices [15], [19], [26], while others rely on closing prices
by default [22], [27] or augment them with large sets of
technical indicators and hybrid components [5], [16], [18],

[21], [23], [25]. Our eight-scenario framework brings these
variations together in a single empirical setting: with the LSTM
architecture held constant, we systematically compare close-
only, OHLCV, technical indicator, and macroeconomic con-
figurations across the largest Tadawul-listed companies. The
evidence shows that closing prices form a strong baseline, that
OHLCV data do not systematically improve upon this baseline,
and that extensive technical-indicator sets rarely deliver gains.
By contrast, a small set of macroeconomic variables (TASI
and Brent) provides consistent, albeit moderate, improvements
over the closing price baseline for a large share of stocks.
In this way, the study synthesizes scattered findings in the
literature into a coherent picture of what each class of inputs
adds beyond the closing price itself.

The systematic failure of complex feature engineering
approaches reveals a fundamental insight about information
processing in LSTM networks. Variant C (Close + selected
features), despite employing advanced techniques including
mutual information, correlation filtering, and SHAP-based
ranking that are customized for each stock, degraded perfor-
mance by 8.32% compared to the baseline. Variant B (Close
+ all features) underperformed by 11.66%. Similarly, Variant
D (OHLCV) achieved zero optimal results, demonstrating
that even basic microstructural data cannot enhance LSTM
predictions beyond what is captured by closing price alone.
Variant E (Close + calendar features) proved equally ineffec-
tive, with only 3.4% optimal performance despite incorporating
known calendar effects such as Ramadan. This suggests that
LSTM architectures efficiently capture price-based patterns
from closing prices alone, making technical indicators largely
redundant. Technical indicators such as moving averages, RSI,
and MACD are essentially mathematical transformations of the
same underlying price information that LSTM networks can
learn implicitly through their temporal modeling capabilities.
The addition of these derived features introduces noise rather
than signal, as they provide no genuinely new information
beyond what the network can extract from the raw price
sequence.

The superior performance of macroeconomic variants pro-
vides a contrast to the redundancy of this technical indicator.
Variant F (Close + Brent oil) achieved optimal performance
for 24.1% of stocks, reflecting the Kingdom’s central role in
global energy markets. Variant G (Close + TASI) performed
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Fig. 4. Oil-Sensitive group (Energy, Basic Materials, and Utilities). Variant G (Close + TASI) predictions (blue) vs. Actual prices (black). If Variant G (Close +
TASI) is not the top model for a stock, the best-performing alternative is overlaid in orange.
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Fig. 5. Financial group (financial services). Variant G (Close + TASI) predictions (blue) vs. Actual prices (black). If Variant G (Close + TASI) is not the top
model for a stock, the best-performing alternative is overlaid in orange.
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Fig. 6. Demand & services group (technology, communication services, consumer cyclical, healthcare, industrials, consumer defensive, and real estate). Variant
G (Close + TASI) predictions (blue) vs. Actual prices (black). If Variant G (Close + TASI) is not the top model for a stock, the best-performing alternative is

overlaid in orange.

best for 44.8% of stocks with a median 6.19% improvement
over baseline. Unlike technical indicators that derive from the
same price data, TASI provides independent information not
captured in individual stock prices. TASI captures market-wide
sentiment, liquidity conditions, and systematic risk factors that
affect individual stock behavior. This represents a fundamen-
tally different information source rather than a more complex
processing of the same data.

The failure of technical indicators and success of individ-
ual macroeconomic variants reflects a fundamental principle:
practical feature engineering requires genuinely distinct infor-
mation sources rather than mathematical transformations of
the same data. However, Variant H (Close + Brent + TASI)
achieved optimal performance for only 6.9% of stocks despite
combining individually successful features, demonstrating that
even orthogonal information sources can create harmful in-
teractions when combined, making simpler approaches more
reliable.

A critical constraint emerges from data availability that

transcends model sophistication. Recently listed companies
such as ACWA Power (2082), Elm Company (7203), Riyadh
Cables Group (4142), Saudi Tadawul Group Holdings (1111),
and Arabian Internet & Communications Services (7202) have
limited trading histories (≤ 650 days) and show dramatically
worse performance (average MAE: 16.936) compared to es-
tablished stocks (≥ 3, 000 days, average MAE: 0.844). This
twenty-fold performance deterioration underscores that data
availability is more fundamental than feature complexity.

These findings have immediate practical implications for
portfolio management and algorithmic trading systems. Variant
G (Close + TASI) emerges as the most effective general-
purpose approach, showing consistent performance across di-
verse sectors even though it may not be optimal for every
individual stock. The results provide clear guidance: models
based on fundamental economic signals outperform complex
feature engineering in Saudi Arabia’s market. Portfolio imple-
mentations may achieve further gains through selective model
customization when sufficient trading history is available.
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It is important to acknowledge several assumptions and
limitations of this study. First, only a predetermined set of daily
predictors (OHLCV, TASI, Brent, and calendar effects) and the
biggest Tadawul-listed companies are included in the analysis.
Therefore, the results might not apply to small-cap stocks,
intraday timeframes, or situations where firm fundamentals or
other information sources are accessible. Second, to isolate
the contribution of different feature families, we use the same
LSTM architecture and hyperparameters for all stocks and
scenarios. While this design ensures a fair comparison across
inputs, it may underestimate the best achievable performance
for particular stocks or alternative architectures. Third, the
testing evaluation window is relatively short (January to May
2025), longer or multi-regime evaluation periods could lead to
different relative rankings of the scenarios. Finally, we assume
that daily closing prices and a 60-day lookback window are
sufficient for one-day-ahead forecasting, and other horizons
and window lengths are not explored here. Together with
the earlier observation that performance sharply deteriorates
for newly listed stocks with short trading histories, these
limitations define the scope within which our conclusions
should be interpreted.

Overall, with the LSTM architecture held fixed, our results
show that supplying inputs that introduce new information is
more important than augmenting the dataset with technical
indicators and other complex transformations derived from the
same price data.

VII. CONCLUSION

This study examined how different input features affect
the performance of LSTM models in forecasting stock prices
within the Saudi market. Through a systematic evaluation of
eight structured model variants across the 30 largest Tadawul-
listed companies (29 after cleaning), we show that simpler,
macroeconomic-based inputs consistently outperform complex
technical indicators and advanced feature engineering tech-
niques.

Feature engineering was most effective when it introduced
genuinely distinct information. Models incorporating TASI
and Brent oil prices, which reflect broader market conditions,
delivered the strongest performance. The Close + TASI model
(Variant G), in particular, reduced median error by 6.19%
compared to a closing-price baseline. In contrast, models
built on extensive technical indicators or automated selection
pipelines degraded accuracy by 8 to 12%.

This performance gap likely reflects the LSTM’s ability to
capture temporal patterns directly from raw price sequences.
When technical indicators such as moving averages, RSI, and
MACD replicate patterns already present in historical data,
they contribute more noise than a proper signal.

Data availability emerged as an even more critical deter-
minant of accuracy. Recently listed firms with limited trading
histories (≤650 days) experienced MAE that rose dramatically,
reaching levels twenty times higher than established stocks.
This finding highlights the importance of historical depth and
cautions against applying deep learning models in data-scarce
settings.

Overall, our results challenge the notion that large and ad-
vanced feature sets lead to better forecasts, demonstrating that

a parsimonious set of economically meaningful variables en-
hances both performance and interpretability in LSTM-based
stock forecasting. To transition this single-market (Saudi)
finding into a generalizable framework, our future research
will be built on three pillars. First, we will systematically test
indicator combinations across diverse markets. Second, we will
challenge the sufficiency of closing prices by incorporating
richer, complementary data sources, such as intraday trans-
actions and sentiment measures. Third, we will benchmark
these findings against advanced architectures, including hybrid
LSTM-Transformer models. This grand unified study will be
essential for validation, enabling us to isolate a core set of
universal features and quantify the predictive power of market
specific indicators.
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