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Abstract

Accurate forecasting of financial time series plays a critical role in understanding
market dynamics and informing investment decisions. However, the inherent
volatility, nonlinearity, and noise of financial data make accurate prediction
highly challenging. This study compares five deep learning architectures,
including recurrent neural network (RNN), gated recurrent unic (GRU), long
short-term memory (LSTM), and two hybrid models, RNN-LSTM and GRU-
LSTM, to evaluate their forecasting performance on the S&P 500 Index between
January 2022 and January 2025. Daily open, high, low, and volume values are
used as input features, while the closing price serves as the target variable. The
hyperparameters of all models are optimized using the random search procedure,
and their predictive accuracy is assessed based on RMSE, MAE, and MAPE.

The Diebold—Mariano test is further applied to examine whether differences
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in predictive accuracy among models are statistically significant. The empirical
results indicate that hybrid architectures, particularly the GRU-LSTM model,
outperform the standalone models by effectively capturing both short-term
fluctuations and long-term dependencies in financial time series. The GRU-LSTM
model achieves an approximately ten percent lower prediction error compared to
the LSTM model, demonstrating the effectiveness of hybridization in improving
deep learning forecasting performance. These findings confirm the robustness of
hybrid deep learning architectures for financial time series forecasting and provide

valuable insights for researchers and practitioners in quantitative finance.

Keywords: financial time series, recurrent neural network, gated recurrent unit,
long short-term memory, hybrid deep learning models

JEL dlassification: C22, C45, C53, G17

1 Introduction

Financial time series forecasting is a multidisciplinary field situated at the
intersection of economics, finance, statistics, and econometrics (Santos Jinior et
al., 2019). Stock market data often contain substantial noise and reflect complex
patterns influenced by political events, investor sentiment, and market instability
(Zhong & Enke, 2017). Because these series include both linear and nonlinear
components, they exhibit strong volatility and complicated temporal behavior.
Therefore, producing accurate forecasts is essential for investors and financial
analysts, as it supports informed decision-making and helps reduce financial risk
(Ren et al., 2023).

In the 1970s, statistical methods such as autoregressive integrated moving average
(ARIMA) were widely employed to analyze time series data (Box et al., 2015).
Although these models are generally simple and offer flexibility for most data,
their linear structure makes them insuflicient for forecasting problems (Firmino et

al., 2015). Studies conducted over the last few decades have shown that machine
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learning (ML) methods outperform traditional statistical methods. In particular,
the emergence of deep learning (DL), a subfield of ML that utilizes multi-layered
neural architectures such as artificial neural networks (ANNs), has been a turning
point for the analysis of time series. ANN-driven models, which do not require
the assumption of independence and stationarity, have been shown to be more
advantageous than linear models (Foster et al., 1992; Khashei & Bijari, 2011;
Xu et al., 2019).

Selecting appropriate input variables and optimizing network parameters are
essential for the effective deployment of ANNs. However, this selection process
is often a complex and challenging task (Hussain et al., 2008). This challenge is
partially addressed by recurrent neural networks (RNNs). In an RNN, the outputs
are related to the previous inputs; thus, it can handle past dependencies in time
series analysis. However, an RNN is insufficient to capture the long-term past
dependencies (Hochreiter, 1998). GRU and LSTM, as advanced forms of RNN,
effectively address this challenge. These architectures utilize gating mechanisms
that enable the models to capture long-term dependencies, a crucial capability for

accurate financial time series forecasting (Gao et al., 2021).

This paper investigates the effectiveness of RNN, GRU, LSTM, and hybrid
architectures in forecasting financial time series and compares their predictive
capabilities. The proposed hybrid models, RNN-LSTM and GRU-LSTM, are
designed to integrate the strengths of traditional recurrent structures and advanced
gated mechanisms to capture both short-term and long-term dependencies in
financial data. The empirical analysis uses the daily closing prices of the S&P
500 Index, a key benchmark representing the overall performance of the U.S.
stock market, covering the period from January 1, 2022, to January 27, 2025.
To ensure consistency and comparability, all models are trained using a 30-day
window, where each model uses the previous 30 observations to forecast the
next day’s closing price. Model performance is evaluated using three standard
accuracy measures (RMSE, MAE, and MAPE), while the Diebold—Mariano test

is employed to statistically assess whether the differences in predictive accuracy
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among the models are significant. The findings reveal that hybridization based on
deep learning methods provides a powerful alternative for financial forecasting,
offering improved accuracy, statistical robustness, and reliability. These results
demonstrate that the proposed hybrid frameworks can serve as valuable decision-

support tools for investors and researchers in financial markets.

The subsequent sections of this paper are organized as follows. Section 2 reviews
the existing literature and highlights key developments in the application of
deep learning methods to financial forecasting. Section 3 presents the theoretical
background and architectural structure of the RNN, GRU, and LSTM models,
as well as the proposed hybrid configurations. Section 4 describes the empirical
methodology, introduces the dataset, explains the data preprocessing and
hyperparameter optimization procedures, and presents the empirical results,
including the statistical evaluation based on the Diebold—Mariano test. Finally,
Section 5 discusses the main findings, interprets their broader implications for
financial modeling and forecasting, and outlines potential directions for future

research.

2 Literature Review

Over time, the analysis of financial time series has transformed from classical
statistical methods to more advanced DL-based approaches capable of analyzing
complex structures without relying on strong assumptions. The development of
DL models for forecasting financial time series can be traced back to early hybrid
approaches that combined statistical and ML models. Zhang (2003) introduced
a hybrid model that combines ANN and ARIMA to capture both linear and
nonlinear dynamics in time series forecasting. In the study, ARIMA is utilized to
forecast the linear element of the data, whereas ANN handles the prediction of the
nonlinear elements. The study demonstrated that the proposed model provided

higher accuracy in forecasting financial time series compared to standalone

models. Ince and Trafalis (2006) used ARIMA and vector autoregressive (VAR)
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models to extract the linear components, while support vector regression (SVR)
and ANN models were used to extract the nonlinear components. The findings
indicated that SVR achieved better predictive effectiveness compared to ANN, and
the use of inputs derived from parametric methods enhanced SVR’s forecasting
performance. Kim and Shin (2007) developed a hybrid model combining
adaptive time delay neural networks (ATDNN) and genetic algorithms (GA).
The hybrid model outperformed the traditional ATDNN, TDNN, and RNN
models. Khashei and Bijari (2012) proposed a hybrid model that included a base
model and a classifier. The model analyzed the errors of traditional methods and
optimized the forecasts using a probabilistic neural network (PNN). The findings
revealed that the proposed model delivered better performance than conventional
approaches. Collectively, these early studies established the foundation for
hybridization between statistical and neural models, highlighting that combining
linear and nonlinear components improves predictive power in financial time

series forecasting.

Following these early developments, research attention shifted toward
incorporating optimization algorithms and deeper architectures to enhance
learning capacity. Rather et al. (2015) used ARIMA and exponential smoothing
methods to forecast linear components and RNN for nonlinear components
in forecasting stock returns. The proposed model improved accuracy by using
weights optimized by GA, which outperformed conventional RNN models. Wei
(2016) developed an innovative model integrating an adaptive network-based
fuzzy inference system (ANFIS) and empirical mode decomposition (EMD).
By examining datasets from the Taiwan (TAIEX) and Hang Seng stock indices,
the study concluded that the proposed model surpassed alternative methods,
demonstrating lower RMSE values. The hybrid model improved forecasting
accuracy by reducing noise and effectively modeling nonlinear structures in
financial data. Bao et al. (2017) proposed a DL system, named WSAEs-LSTM,
which combines wavelet transforms (WT) and stacked autoencoders (SAE) to

enhance feature extraction and forecasting performance. The study demonstrated
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that the WSAEs-LSTM improved forecasting accuracy across six different stock
indices and provided higher profitability compared to traditional methods. The
model’s operational framework involves a series of steps: denoising the data
using WT, feature extraction by SAE, and finally feeding these features into the
LSTM layer. These advances signified a turning point, showing that hybrid deep
learning models could simultaneously manage noise reduction, feature extraction,

and nonlinear dependency modeling, which traditional approaches struggled to

address.

Kim and Won (2018) further extended this stream by combining LSTM and
GARCH-derived models for index volatility. Their proposed GEW-LSTM model
achieved lower error rates in terms of MSE, heteroscedasticity adjusted MAE, and
heteroscedasticity adjusted MSE, as empirically evidenced by tests on the KOSPI
200 Index. Santos Janior et al. (2019) developed an innovative hybrid model
by combining multilayer perceptron (MLP) and SVR. The proposed model
was evaluated using six different time series (e.g., Canadian lynx population,
sunspot data), and it outperformed existing hybrid methods. Jianwei et al. (2019)
integrated independent component analysis (ICA) and GRU for forecasting gold
prices. Their findings showed that the proposed model effectively captures long-
term trends and cyclical structures in gold prices, offering faster computation and
higher forecasting accuracy compared to conventional approaches. By the end of
this period, hybrid neural structures had matured beyond statistical integration,
focusing instead on advanced optimization and component decomposition to

capture both temporal and structural dependencies in financial markets.

Since 2020, hybrid architectures have been increasingly explored to further
enhance the forecasting capability of deep learning models. Barra et al. (2020)
utilized a series of convolutional neural network (CNN) based models, proposing
an innovative method that transforms time series into Gramian angular field
(GAF) images for stock market forecasting. The proposed system achieved higher
profits and increased market forecast accuracy in the analysis of the S&P 500

Index. Nabipour et al. (2020) examined various ML and DL methods to forecast
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the historical future values of the Iranian Stock Market and found that the LSTM
model achieved the highest level of accuracy and best fit among competing
methods. Liu and Long (2020) developed a hybrid model (EWT-dpLSTM-
PSO-ORELM) for financial time series forecasting, which decomposed data into
sublayers using empirical wavelet transform (EWT), while the LSTM network
was optimized using particle swarm optimization (PSO). Their model consistently
outperformed conventional forecasting techniques across major U.S. and Chinese
stock indices. Similarly, Hu et al. (2020) proposed combining GARCH and DL
methods to predict copper price volatility. Hybrid models created by integrating
volatility estimates derived from GARCH with memory networks such as LSTM
and BLSTM provided the highest prediction performance.

Qiu et al. (2020) introduced an RNN-based hybrid model that combines
LSTM, GRU, and rectified linear unit (ReLU) layers to enhance stock market
prediction performance. Sezer et al. (2020) carried out an extensive literature
review emphasizing the superior performance of DL models over traditional
ML techniques. Islam and Hossain (2021) introduced a hybrid GRU-LSTM
approach for FOREX forecasting, demonstrating complementary capabilities of
both models in reducing error rates. Their study showed and analyzed the hybrid
model’s performance over 10-minute and 30-minute intervals using four key
currency pairs, including combinations of the euro, British pound, U.S. dollar,
and Canadian dollar. Luo et al. (2021) introduced a hybrid approach based on
ensemble empirical mode decomposition (EEMD) for forecasting financial data,

which improved both precision and directional accuracy.

Between 2021 and 2025, a growing number of studies have focused on developing
and comparing hybrid DL architectures across various financial domains. As
summarized in Table 1, this period marks a methodological shift from single-
model frameworks toward multi-layer and cross-domain hybrids integrating
CNN, GRU, and LSTM components. The listed studies collectively demonstrate
how hybrid deep learning approaches have become the dominant paradigm in
recent financial forecasting research, particularly due to their superior ability to

model complex temporal-spatial dependencies.
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Recent studies have also expanded toward multi-domain applications. Zhao
and Chen (2022) proposed a hybrid CNN-LSTM model capturing spatial and
temporal dependencies in stock prices. Song and Choi (2023) combined CNN
and GRU layers within an ensemble framework, improving directional prediction
accuracy. Das et al. (2024) applied encoder—decoder hybrid architectures
(AE-LSTM and AE-GRU) for stock and cryptocurrency forecasting, while Ge
(2025) introduced a wavelet-based hybrid MEMD-AO-LSTM model for the
S&P 500 and CSI 300 indices, achieving superior predictive performance. These
recent contributions underline the continuing evolution and relevance of hybrid
DL frameworks, particularly those integrating memory-based and convolutional

components, in capturing the complex dynamics of financial markets.

Table 1: Previous Works

Reference | Dataset  Method - Best model
Yang (2021) MDLZ, HRL LSTM, GRU LSTM and GRU
Zhao and Chen (2022) | S&P 500 Index SN ARIMA RCSNet
Freeborough and van
Zyl (2022) S&P 500 Index RNN, LSTM, GRU GRU
L IBM, HDFC, ARIMA, GRU, LSTM,
Pirani et al. (2022) SNOWMAN, BHEL BiLSTM GRU
Sako ct al. (2022) §stockindicesand 6 N, LSTM, GRU GRU
oreign exchange rates
RNN, CNN-LSTM,
. DAX, DOW, and S&P | GRU-CNN, ensemble
Song and Choi (2023) 500 Index models and ML DL methods
methods
European financial ARIMA, ETS-ANN, ETS-ANN and
Ampountolas (2023) | 2 s and BTC kNN ARIMA
EMD-SA, EEMD-
Al-hnaity and Abbod FTSE 100, S&P 500 SVR, EEMD-RNN,
(2016) Index, and Nikkei 225 | EEMD-BPNN, EEMD-GA-WA
EEMD-GA-WA, AR
ARIMA, MLP,
BTC, Sunspot data, and i BSARMA, LSTM,
Kumarecal. 2023) | ¢\ perimental data ARIMA-ANN, PSARMA-LSTM
BSARMA-LSTM
Seabe et al. (2023) BTC, ETC, and LTC LSTM, GRU, BiLSTM i BiLSTM
Giir (2024) Silver price AN CRY: CNN-LSTM-GRU
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Apple stock price, JP
Das et al. (2024) Morgan Chase, BTC, Iig’%ﬁ’ /?]{:{%1/{-\[]}:_ AE-GRU
S&P 500 Index > T
S&P 500 Index,
Pokouecal. 2024) | TOTALENERGIES,  ARIMA LYTM, GRU ey
EURO/USD ’ ’
Dao (2024) Apple stock price hz’xl;shf/([)—rgfe{géRU LSTM-GRU
Raman etal. (2024) | BTC ARIMA R M GRU: psTM-GRU
LSTM, EMD-LSTM,
CEEMDAN-LSTM,
Zhu et al. (2024) CS1300 Index C-LSTM, EMD-C- SerMPAN-C-
LSTM, CEEMDAN-
C-LSTM
RW, ARIMA, MLP,
. BTC, Amazon stock Ty (NN, ARMA-
Kabir et al. (2025) price, Google stock price, CNN-LSTM. LSTM- LSTM-mtrans-MLP
CSI 300 Index mtrans-MLP >
MLP, ELM, BPNN,
RBEF, transformer,
GRU, BiLSTM,
S&P 500 Index, CSI 300 i LSTM, WT-LSTM,
Ge (2025) Index VMD-LSTM. EMD- MEMD-AO-LSTM
LSTM, EEMD-LSTM,
AO-LSTM, MEMD-
AO-LSTM

Notes: MDLZ: Mondelez International, HRL: Hormel Food Corp, RCSNet: Residual-CNN-Seq2Seq, IBM:
International Business Machines, HDFC: The Housing Development Finance Corporation, SNOWMAN: Snowman
Logistics, BHEL: Bharat Heavy Electricals Limited, DAX: Deutscher Aktienindex, ETS-ANN: exponential
smoothing-ANN, DOW: Dow Jones Industrial Average, SA: simple average, BPNN: back propagation NN, GA:
genetic algorithm, AM: attention mechanism, BTC: Bitcoin, ETH: Ethereum, LTC: Litecoin, MLP: multilayer
perception, TCN: temporal convolutional network, GPR: Gaussian process regression, RDG: reduced density
gradient, LAS: listen, attend, and spell, CEEMDAN: complete ensemble EEMD with adaptive noise, RW: random
walk, MEMD: multivariate empirical mode decomposition, ELM: elaboration likelihood model, RBF: radial
basis function, VMD: variational mode decomposition, AO: Aquila optimizer, EEMD: ensemble empirical mode
decomposition.

Source: Author’s own compilation.

Table 1 provides an overview of previous research utilizing combined methods in
empirical analyses. As can be seen from Table 1, analyzing financial time series

with hybrid methods increases the forecasting performance of DL models.

Taken together, the reviewed literature reveals that while significant progress has
been made in hybridizing neural architectures, most studies emphasize LSTM/
GRU or CNN-based models. However, there remains limited comparative analysis

of RNN-LSTM and GRU-LSTM structures under identical hyperparameter

optimization and evaluation conditions, a gap that this study aims to address.
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3 Methodology

The methodological framework of this study follows a structured DL workflow
consisting of four main stages: data collection, data preprocessing, model
development, and performance evaluation. The financial data were first collected
and organized, followed by preprocessing procedures to ensure consistency and
stability. Next, the recurrent and hybrid deep learning models were developed
and optimized using the random search method for hyperparameter tuning,
Finally, model performance was assessed using multiple error metrics to evaluate
forecasting accuracy and robustness. The theoretical background and architecture

of each model employed in this study are summarized in the following subsections.

3.1 Recurrent Neural Network (RNN)

RNN, specifically the Elman-type recurrent neural network (simple RNN), is
used to process sequential information through recurrent connections between
hidden layers at different time intervals (Rumelhart et al., 1986). In an RNN,
each recurrent module, also referred to as a recurrent unit, is fed by the previous
hidden state (4.,), allowing information from prior time steps to influence the
current output. Thus, long-term dependencies can be stored in memory through
the network’s recurrent connections. In practical applications, RNNs can struggle
to capture long-term dependencies, especially when dealing with large datasets. In
the empirical analysis, the Elman-type RNN architecture was employed to model
sequential dependencies and temporal dynamics within the financial time series

data. The formulation of a simple RNN is given by Equation (1).
hy = tanh(W[h;_q,x¢] + b) (1)

In Equation (1), & is the bias vector, x, is the input at time 7, 4, is the hidden state,
W is the weight matrix, and zanh (the hyperbolic tangent activation function) is
used to ensure that the input values remain within the range of -1 and +1. Figure

1 illustrates the overall architecture of the RNN model.
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3.2 Gated Recurrent Unit (GRU)

To address the vanishing gradient problem observed in recurrent neural networks,
the GRU was first developed by Cho et al. (2014). In an RNN, information
is stored in memory through a specialized network that incorporates recurrent
processing. The basic recurrent process in RNN is carried out by the recurrent unit.
To overcome the limitations of RNN in capturing long-term dependencies, GRU
uses gating structures that integrate mechanisms to capture past dependencies
within the data, allowing the model to retain and update relevant information

over time.

A GRU consists of two gates: update and reset gates. The update gate facilitates
the transfer of the current input (x,) and the output from the previous cell (4.,)
to the next cell, ensuring the concurrent processing of current and past data. The
reset gate is responsible for weighting (W) the information that was previously
learned and ensuring that the required information is transferred to the following

iteration.

The formulations of the update gate, reset gate, and hidden state (4,) are provided

in Equation (2).
7y = o(Wy[he—1, x¢])
1y = o(We[he—q, x¢]) )

he =@ = z)heq + z;he

In Equation (2), z, is the update gate, 7, is the forget gate, and o is the sigmoid

activation function. The general structure of the GRU model is given in Figure 1.
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3.3 Long Short-Term Memory (LSTM)

Hochreiter and Schmidhuber (1997) initially introduced LSTM to overcome the
vanishing gradient issue in RNNs and to efficiently model long-term dependencies
within datasets. LSTM is capable of capturing long-term dependencies using
memory cells. A simple RNN contains one layer; however, the LSTM model
consists of four layers, including a memory unit along with an input gate, forget

gate, and output gate.

In LSTM, updated information is continuously transferred between the memory
cell and the gate structures. Thus, information obtained from past data can easily
represent future information, and long-term dependencies can be captured more
effectively than in RNNs and GRUs. Equation (3) presents the mathematical
formulation of the LSTM model.

X= hffl]

fe=6(Ws - X +by)

i, =8W, - X+b)

0y =8(W, * X +b,) 3)
C, = tanh(W, - [hy, x,] + b)

Ce=fi OCqy +it OC,

h; = 0; © tanh(C.)

In Equation (3), W}, W,, W,, and W, represent weight matrices of the LSTM;

bf, b;, b,, and b, are the bias vectors; J is the activation function, and © represents

the Hadamard (element-wise) multiplication operator.

Figure 1 illustrates the core structural differences between RNN, GRU, and
LSTM architectures in a compact form, focusing on information flow and gating

mechanisms rather than full computational details.
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Figure 1: RNN Structure (top-left), GRU Structure (top-right), and LSTM Structure (bottom)
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Source: Author’s own illustration.

3.4 RNN-LSTM Hybrid Model

Based on the basic RNN and LSTM structures introduced in Sections 3.1-3.3,
the first hybrid architecture integrates a simple RNN layer and an LSTM layer
within a single end-to-end network. The main idea is to combine the ability of the
RNN to capture short-term temporal dependencies with the ability of the LSTM
to preserve long-term information through its memory cells. Similar hybrid
recurrent designs have been shown to improve forecasting performance in stock
index and cryptocurrency markets (Qiu et al., 2020; Koduru et al., 2025; Xiao,
2025; Yunita et al., 2025).

In the first stage, the simple RNN layer computes a sequence of hidden states

h, ™" using the recurrence in Equation (1). This sequence summarizes the recent

dynamics of the input series and acts as an intermediate representation.
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In the second stage, these RNN hidden representations are passed to the LSTM
layer. The LSTM cell receives /Jt(RNN/ as its input, and the gates and cell state
are updated according to Equation (3), with x, replaced by 4,“*". Denoting
the LSTM hidden state by 4,"*™, the final prediction of the hybrid model is

obtained through a dense output layer:
j;t — Wohé,STM(RNN) + b(] (4)

with notation consistent with Sections 3.1-3.3. Here, Equation (4) is specific
to the RNN-LSTM hybrid architecture and explicitly reflects that the LSTM
hidden state is obtained from representations generated by the preceding
simple RNN layer. In this way, the hybrid RNN-LSTM model jointly exploits
short- and long-term temporal information within a unified architecture, and
recent evidence indicates that such hybrids can outperform single-architecture
RNN or LSTM models in financial time series applications (Koduru et al., 2025;
Qiu et al., 2020; Xiao, 2025; Yunita et al., 2025).

3.5 GRU-LSTM Hybrid Model

The second hybrid architecture combines a GRU layer with an LSTM layer in a
sequential configuration. The GRU is used to model recent dynamics through its
update and reset gates, while the subsequent LSTM layer focuses on capturing
long-horizon and higher-order temporal dependencies. This type of GRU-LSTM
hybrid has been reported to yield competitive or superior forecasting accuracy in
foreign exchange and other financial time series settings (Islam & Hossain, 2021;
Qiu et al., 2020; Yunita et al., 2025).

In the first stage, the GRU layer produces a sequence of hidden states hZ(GRU)
according to Equation (2). These GRU hidden representations, which already
embed information about recent observations, are then used as inputs to the
LSTM layer.
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In the second stage, the LSTM cell updates follow the same formulation as in
Equation (3), with x, replaced by 4,*””. Denoting the LSTM hidden state again
by 5,*™, the final output of the hybrid model is obtained through a dense layer:

91 = Wohe "M 4 by (5)

Using the same notation as in the previous subsections, Equation (5) corresponds
specifically to the GRU-LSTM hybrid architecture, in which the LSTM hidden
state is derived from GRU-based representations in the first stage. GRU-LSTM
hybrid architecture leverages the complementary memory mechanisms of the two
recurrent units within a single model: the GRU efficiently filters and transforms
recent information, while the LSTM provides a richer long-term memory. This
design is in line with previous work documenting the benefits of GRU-LSTM
hybrids in currency and general time series forecasting (Islam & Hossain, 2021;
Qiu et al., 2020; Yunita et al., 2025).

Figure 2: Architecture of the Hybrid RNN-LSTM and GRU-LSTM Models

Note: (@) RNN-LSTM hybrid architecture; (b) GRU-LSTM hybrid architecture.

Source: Author’s own illustration.

In this study, RNN-LSTM and GRU-LSTM hybrid models were adopted instead
of the commonly used LSTM-GRU architecture. The main motivation was to

provide a broader comparative perspective by combining recurrent structures with
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different memory behaviors. RNN components capture short-term sequential
dependencies, whereas LSTM and GRU units effectively learn long-term
nonlinear relationships. This complementary design enhances interpretability and
contributes to the literature by offering new empirical insights into the interaction
of distinct recurrent architectures in financial forecasting. The overall workflow
and layer-by-layer structure of both hybrid models are illustrated in Figure 2 for

clarity.

4 Data and Data Preprocessing
4.1 Data

For the purpose of forecasting the closing prices of the S&P 500 Index, historical
data between January 1, 2022, and January 27, 2025, were obtained from Yahoo
Finance. The dataset includes daily open, close, high, and low prices as well as the
volumes. The closing prices and the train—test split are illustrated in Figure 3, and
the descriptive statistics are summarized in Table 2. After excluding weekends and
public holidays during which the market was closed, a total of 768 observations
were included in the analysis. In this study, the variables of opening, high, low, and
volume (OHLYV) are utilized as feature inputs. This approach enables the model
to capture dependencies embedded in the daily dataset (Zhang et al., 2024).

Table 2: Summary Statistics of S&P 500 Index

Price Close High Low Open .~ Volume

Count 768 768 768 768 768
Mean 4631.42 4657.80 4602.33 4631.06 4,187,477,382
Min. 3577.03 3608.34 3491.58 3520.37 1,639,500,000
25% 4091.07 4124.53 4069.79 4087.28 3,691,362,500
50% 4441.60 4462.68 4408.41 444358 4,019,965,000
75% 5187.67 5209.19 5153.21 5173.90 4,494,580,000
Max. 6118.70 6128.185 6088.74 6121.43 9,354,280,000
Std. dev. 681.75 678.88 684.53 682.14 858,720,873

Source: Author’s own calculation.

20
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4.2 Data Preprocessing

In this study, the optimal hyperparameters of the DL methods were determined
using the random search technique to improve the forecasting results. When
splitting the data into training and test sets, the temporal order of observations
was preserved so that past information was used to forecast future values,
consistent with the sequential nature of time series data. To effectively capture
these dependencies in the forecasting process, the sliding window method is
employed. In this approach, the (7 + 1)” observation is forecast based on the
previous 7 observations. This process is repeated until the last observation is

predicted.

To identify the optimal hyperparameters for each deep learning model, the
random search technique was employed. Unlike grid search, which exhaustively
evaluates every possible combination of parameters, random search samples
random combinations within a defined search space (e.g., number of neurons,
dropout rate, learning rate, optimizer). This approach substantially reduces
computational time while maintaining a high likelihood of finding near-optimal

solutions (Bergstra & Bengio, 2012).

4.2.1 Data Scaling

Due to the volatile and non-stationary structure of financial time series, forecasting
with DL methods requires substantial computational time and resources. In
order to both reduce the computational process and to prevent the data sizes
from affecting each other, all data are scaled to the range of 0-1 by applying the
min-max method to the data. The min-max method used in the scaling is given
in Equation (6).

Xi — Xmin

Xg = ————— (6)

Xmax — Xmin
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In Equation (6), x, is the scaled data, x; is the raw data, x,,,. and x,,,, are maximum

min
and minimum data, respectively. Min-max scaling maintains the proportional
relationships among variables and prevents gradient saturation, providing more
stable convergence in neural network training, particularly when using sigmoid

or tanh activation functions.

4.2.2 Data Partitioning

The S&P 500 closing price used in this study is split into training and test sets,
taking into account the characteristics of the time series data. The first 80 percent
of the data, from March 1, 2022, to June 12, 2024, is the training set, while the
remaining 20 percent, from June 13, 2024, to January 24, 2025, is the test set. The
dataset includes a total of 614 observations for training and 154 observations for
testing. Table 3 outlines the distribution of observations along with the respective

date ranges for both the training and test sets.

Figure 3: Train—Test Split
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Source: Author’s own illustration.
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Table 3: Train—Test Split

Dataset | Train data Test data
2022.03.01 — 2024.06.12 2024.06.13 — 2025.01.24
S&P 500
614 observations 154 observations

Source: Author’s own compilation.

4.2.3 RNN, GRU, LSTM, and Hybrid Models Data Preprocessing

The hyperparameters of the RNN, GRU, LSTM, and hybrid methods, and their
respective ranges, are shown in Table 4. The optimal parameters are identified
using the random search technique. To capture the nonlinear relationships and
volatility in the financial time series, all models are constructed with a minimum
of two layers. In addition, the window size for all models is fixed at 30 days in
order to account for past dependencies in the time series during the analyses.
The window size refers to the number of past observations included in the model
to predict future values. The window size was set to 30 days, corresponding to
approximately one calendar month of trading activity (about 21-22 trading
days). This choice is consistent with prior empirical studies (Das et al., 2018; Gao
etal., 2021; Li et al., 2024), which demonstrated that a 30-day horizon effectively
captures monthly cycles, momentum persistence, and volatility clustering while

preserving model stability despite weekend market closures.

The number of hidden neurons in each model is a critical hyperparameter,
representing the core processing units that perform nonlinear transformations
and extract complex features from the input data. In this study, this number was
systematically determined by searching the discrete range {32, 64, 96, 128, 256,
512} using the random search optimization approach. This method was specifically
chosen over grid search for its proven efficiency in finding near-optimal solutions

across high-dimensional hyperparameter spaces (Bergstra & Bengio, 2012).

To enhance the generalization ability of neural networks and prevent overfitting,

a common issue in deep learning models, the dropout regularization technique
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was applied. Dropout temporarily removes each neuron (or hidden unit) from the
network with a defined probability (dropout rate) during training. This process
prevents neurons from becoming overly dependent on one another and enables
the model to learn more robust and independent representations. In this study,
dropout rates within the range of 0.0-0.5 were tested, as this interval is widely
accepted in the literature and suitable for financial time series tasks. The optimal
dropout rate was determined together with other hyperparameters using the
random search optimization method. Employing dropout within this range and
as a regularization mechanism has been proven to be highly effective in controlling

overfitting (Srivastava et al., 2014; Hinton et al., 2012).

The learning rate is one of the most critical hyperparameters that controls the
magnitude of weight updates during training (Bengio, 2012). A smaller learning
rate ensures stable convergence but increases training time, while a larger value
accelerates learning but may cause divergence or oscillation. In this study, learning
rates within the range of 0.0001 to 0.1 were tested using the random search

optimization method to identify the most suitable configuration for each model.

Table 4: Model’s Parameters

Selected best parameters
Parameter RNN- GRU-
range RNN GRU = LSTM = yorM = LSTM
Layer 1 32, 64, 96,
neuron 128, 256, 512 96 256 512 256 256
Dropout 0,0.1,0.2,
rate 0.3,0.4, 0.5 0.1 0.1 0.2 0.2 0.3
Layer 2 32, 64, 96,
neuron 128, 256, 512 o4 12 96 o4 128
Learning 0.0001, 0.001,
rate 0.01, 0.1 0.001 0.001 0.001 0.001 0.001
Adam, SGD,
Optimizer ﬁiz‘;ﬁ?’ RMSprop Adam Adam Adam Adam
RMSprop

Source: Author’s own compilation.
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Regarding optimization algorithms, adaptive gradient-based optimizers such as
Adam, RMSprop, and Nadam were evaluated, as they dynamically adjust the
learning rate based on first- and second-order moments of the gradients. These
optimizers have shown superior performance in handling non-stationary and
noisy time series data compared to traditional methods like SGD (Kingma &
Ba, 2015; Tieleman & Hinton, 2012). Based on empirical results, Adam and

RMSprop yielded the best convergence stability and lowest error across models.

4.3 Evaluation Metrics

To measure and compare the predictive accuracy of DL models, basic statistical
error metrics are used in this study. The mathemartical representations of these

error metrics are provided in Equation (7).

1 n
Root mean squared error = —Z i — 9:)?

i=1

n

1
Mean absolute error = ;Z ly; — 9il )

i=1

100" y; — il
Mean absolute percentage error = — —_—
n i=1 Vi

In Equation (7), y; and ¥; are the actual and predicted values, respectively, and
n refers to the number of data points collected. All model evaluation metrics,
including RMSE, MAE, and MAPE, were computed based on the test dataset to
ensure unbiased assessment of predictive accuracy and to avoid any potential data
leakage from the training process. The evaluation metrics presented in Equation
(7) were employed as they are widely used in financial time series forecasting.
RMSE and MAE quantify prediction errors, whereas MAPE expresses them in
percentage terms, allowing straightforward interpretation and comparison across

models.
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4.4 Analysis of the Results

The results of the empirical analysis indicate that the model with the highest error
rates, considering all performance criteria, is the RNN, as shown in Table 5. The
RMSE for the RNN is calculated as 126.63, the MAE as 115.21, and the MAPE
as 1.99 percent. This indicates that the older RNN architecture faces challenges
in capturing long-term dependencies and handling the complex patterns present
in the dataset. Among the individual models, both GRU and LSTM show more
effective control over the historical information because of their gate structures.
However, among the standalone models, the LSTM outperforms the GRU and

shows a greater ability to capture long-term dependencies.

Table 5: Forecasting Performance Results of Deep Learning Models

| RNN GRU | LSTM  RNN-LSTM = GRU-LSTM
RMSE 126.63 87.14 66.39 69.07 59.82
MAE 115.21 77.6 51.23 53.27 44.53
MAPE 1.99 1.35 0.90 0.93 0.78

Source: Author’s own calculation.

In the case of the hybrid models, the RNN-LSTM model obtained RMSE, MAE,
and MAPE values of 69.07, 53.27, and 0.93 percent, respectively, indicating a
slightly lower performance compared to the standalone LSTM model. In contrast,
the GRU-LSTM model achieved an RMSE of 59.82, an MAE of 44.53, and a
MAPE of 0.78 percent, making it the best-performing model of all the considered
models. Figure 4 illustrates the predictive performance of all models on the test

dataset.
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Figure 4: Actual and Predicted Values of S&P 500 Closing Index, (@) RNN, (b) GRU,
(c) LSTM, (d) RNN-LSTM, (¢) GRU-LSTM
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Source: Author’s own illustration.

When all empirical results are considered collectively, the GRU and LSTM
models, which feature gate mechanisms in their architectures, and the hybrid
GRU-LSTM models built using these components, consistently demonstrated
superior performance in capturing the long-term dependencies and nonlinear
patterns characteristic of financial time series such as the S&P 500. In particular,
the GRU-LSTM model provides the best results when all performance criteria
are taken into account. The GRU-LSTM model outperformed the RNN model
by approximately 53 percent, 61 percent, and 61 percent, respectively, when
the RMSE, MAE, and MAPE criteria are taken into account. The same model

provided 9.9 percent, 13.1 percent, and 13.3 percent improvements, respectively,
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in performance criteria compared to its closest competing LSTM model. Figure
5 presents a comparative illustration of RMSE, MAE, and MAPE values across

all models.

Figure 5: RMSE, MAE, and MAPE Comparison of Models
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Source: Author’s own illustration.

4.5 Diebold-Mariano Test for Forecast Accuracy Comparison

To assess whether the observed differences in forecasting performance across the
proposed models are statistically significant, the Diebold—Mariano (DM) test
was employed. The DM test evaluates the null hypothesis that two competing
forecasting models exhibit equal predictive accuracy, based on the loss differential
of their forecast errors. Following the standard methodology introduced by
Diebold and Mariano (1995), pairwise comparisons were conducted among all

models using squared forecast errors as the loss function.
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Figure 6: Pairwise Diebold—Mariano (DM) Test Results for Model Comparisons
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The results of the DM test are summarized in Figure 6, which provides a
comprehensive visual comparison of predictive accuracy across model pairs. The
figure presents a heatmap representation of the pairwise DM statistics along with
their corresponding p-values, allowing for an intuitive assessment of statistical
significance. Blue shades indicate statistically significant differences in forecast
accuracy at the 5 percent level (p < 0.05), while red shades denote non-significant
differences. Directional arrows are used to identify the dominant model in each
comparison, with leftward arrows indicating superior performance of the row
model and downward arrows indicating superior performance of the column

model.

The overall pattern displayed in Figure 6 clearly demonstrates that the hybrid

GRU-LSTM model achieves the most consistent and statistically significant
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improvements in forecasting accuracy when compared with both standalone
architectures (RNN, GRU, and LSTM) and the alternative hybrid configuration
(RNN-LSTM). In particular, the concentration of significant test outcomes
favoring the GRU-LSTM model provides strong statistical evidence thatits superior
predictive performance is not driven by random variation but reflects a genuine
improvement in forecast accuracy. These findings reinforce the effectiveness of
hybrid deep learning architectures, especially those combining complementary

recurrent memory mechanisms, in financial time series forecasting.

The empirical findings of this study are largely consistent with previous research
documenting the superior performance of gated recurrent architectures,
such as GRU and LSTM, over simple RNN models in financial time series
forecasting (Gao et al., 2021). In line with earlier studies, the results confirm
that hybrid deep learning architectures tend to outperform standalone models
by jointly capturing short-term dynamics and long-term dependencies (Qiu
et al., 2020; Islam & Hossain, 2021). However, this study also provides new
insights by offering a controlled and systematic comparison of RNN-LSTM and
GRU-LSTM hybrid structures under identical data, optimization, and evaluation
settings. The results demonstrate that the GRU-LSTM architecture consistently
achieves superior forecasting accuracy, and the Diebold—Mariano test further
confirms that these improvements are statistically significant. In this respect, the
study not only confirms existing conclusions in the literature but also extends
them by highlighting the relative effectiveness of alternative hybrid recurrent

configurations.
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5 Conclusion

Forecasting financial time series is of great importance to investors and financial
institutions due to their volatile and complex nature. For such a critical task,
DL methods have recently gained considerable attention and are strengthening
their place in academic research. In this study, DL techniques and hybrid
models are applied to predict the S&P 500 Index closing values for the period
between 2022 and early 2025. The results of the analysis indicate that the RNN
architecture struggles to capture long-term dependencies in time series data.
However, architectures such as GRU and LSTM show a better ability to capture
long-term dependencies due to their gating mechanisms. In particular, the LSTM
architecture achieved the second-best overall performance and ranked first among
standalone models. Examining hybrid models, the RNN-LSTM model produced
results very close to those of the LSTM model. This finding underscores the
potential of hybrid architectures, especially when compared to the standalone
RNN. The top-performing model, GRU-LSTM, achieved an approximately 10
percent improvement in prediction performance over the LSTM model in terms
of the performance criteria. These results suggest that both the GRU and LSTM
models are effective in capturing the volatility and long-term dependencies in

financial time series data.

Investors, financial institutions, investment strategists, and risk managers should
consider advanced DL methods and their hybrid derivatives as alternatives to
traditional econometric approaches. The performance of these methods can
be further enhanced by integrating features derived from additional technical
indicators and macroeconomic variables and by applying data preprocessing
techniques (e.g., smoothing). In addition, the complex and volatile nature of
financial time series requires the use of more recent approaches, such as attention
mechanisms or alternative hybrid models. Improving the performance of different
DL methods contributes to more accurate risk assessment and identification of
potential opportunities for investors. In conclusion, the use of hybrid methods
such as GRU-LSTM, as applied in this study, holds considerable potential for
achieving superior long-term forecasting performance in financial time series and

improving the accuracy of decision-making.
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