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A B S T R A C T

Financial time series forecasting is crucial in empowering investors to make well-informed decisions, manage
risks effectively, and strategically plan their investment activities. However, the non-stationary and non-
linear characteristics inherent in time series data pose significant challenges when accurately predicting future
forecasts. This paper proposes a novel Recurrent ensemble deep Random Vector Functional Link (RedRVFL)
network for financial time series forecasting. The proposed model leverages randomly initialized and fixed
weights for the recurrent hidden layers, ensuring stability during training. Furthermore, incorporating stacked
hidden layers enables deep representation learning, facilitating the extraction of complex patterns from the
data. The proposed model generates the forecast by combining the outputs of each layer through an ensemble
approach. A comparative analysis was conducted against several state-of-the-art models over financial time-
series datasets, and the results demonstrated the superior performance of our proposed model in terms of
forecasting accuracy and predictive capability.
1. Introduction

Financial time series forecasting is a crucial factor in the domain
of finance, offering invaluable insights and predictions essential for
informed decision-making by investors, financial institutions, and an-
alysts. The objective is to discern underlying patterns, relationships,
and dynamics within the data to generate accurate forecasts vital
for strategic planning, risk management, portfolio optimization, and
assessing investment opportunities. However, the complexity arises
from financial markets’ volatile and non-linear nature, the influence of
external factors, and inherent uncertainties. This specialized task within
time series forecasting has seen significant advancements, utilizing
sophisticated models and techniques to capture patterns and dynamics
effectively. Proposed methods, categorized into statistical and artificial
intelligence (AI) approaches, address the unique challenges of financial
time series forecasting. Commonly employed statistical methods in-
clude Autoregressive Integrated Moving Average (ARIMA) [1], Hidden
Markov Model [2], and fuzzy logic [3].

Accurate forecasting in financial time series encounters difficul-
ties due to the complex features of robust non-linearity and non-
stationarity, posing challenges for conventional statistical methods.
As a result, researchers have introduced various artificial intelligence
(AI) approaches tailored explicitly for financial time series forecasting.
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These AI-based forecasting methods encompass a range of techniques,
including the Support vector regression (SVR) [4,5], Artificial Neu-
ral Networks (ANNs) [6,7], Random Vector Functional Link (RVFL)
Network [8], Deep Neural Networks [9,10]. These AI methods lever-
age advanced computational algorithms and machine learning models
to capture intricate patterns, non-linearities, and temporal dependen-
cies within the data, thereby enhancing the forecasting accuracy for
economic and financial time series.

Neural networks have gained significant popularity because of their
capability to capture the hidden and non-linear pattern of time series
forecasting [11–13]. Deep learning models have remarkable success
across diverse fields, encompassing health [14], communication [15],
and financial time series prediction [9,11,16]. The hierarchical struc-
tures of deep learning models enable them to capture meaningful
representations of input data, contributing to their accurate time series
forecasting capabilities. Although neural networks have dominated
intelligent forecasting methods, ANNs typically lack the inherent ability
to retain the memory of past inputs, which is crucial for precise time se-
ries modelling. Zhang et al. [17] compared the forecasting performance
of ANNs with traditional statistical methods and found that ANNs tend
to underperform in capturing complex time series patterns and long-
term dependencies. Recurrent Neural Networks (RNNs) is a type of
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Fig. 1. Architecture of the RedRVFL having input layer and hidden layers equipped with LSTM cells.
ANN introduced for managing sequential data through the integration
of feedback connections [18]. Unlike traditional feedforward ANNs,
RNNs have the ability to preserve and store information from preceding
steps within the sequence, allowing them to capture temporal depen-
dencies and patterns. The critical advantage of RNNs over traditional
ANNs is their ability to handle variable-length inputs and outputs,
making them well-suited for time series prediction tasks [18].

However, fully trained deep learning models often encounter sub-
stantial computational burdens due to the iterative optimization pro-
cess involved in weight and bias adjustments. The feedforward and
back-propagation computations of output and gradients in each iter-
ation, combined with the necessity of processing the entire dataset in
multiple iterations, contribute to the computational complexity. This
paper introduces an innovative and efficient ensemble deep neural
network tailored to address the associated challenges for financial
time series forecasting. The proposed model harnesses the strengths
of both deep learning and ensemble learning while mitigating the
computational load. The study explores the predictive abilities of a
specific variant of randomized deep neural networks referred to as
RVFL (Random Vector Functional Link) networks. The hidden layers
within the RVFL network undergo random initialization and do not ne-
cessitate additional training. The randomization technique employed in
RVFL networks facilitates the incorporation of strong non-linearity and
generalization abilities [19]. The unique aspect necessitating training
is the linear output layer, where the weights are determined through
a closed-form solution, eliminating the need for iterative steps. Conse-
quently, the training process for the deep RVFL network is significantly
faster when contrasted with deep learning models because it relies
on iterative training. Additionally, the deep RVFL network integrates
ensemble learning techniques to enhance the robustness and reliability
of predictions [20]. Combining multiple models mitigates the inherent
uncertainties associated with a single model, leading to more accurate
and stable forecasts.

The edRVFL network is a neural network architecture that employs
randomized weights, resulting in fast training processes. However, a
limitation of the edRVFL network is its inability to capture the intricate
sequential patterns inherent in time series data due to the absence
of feedback connections within the network. Feedback connections
enable the network to incorporate the influence of previous predictions
or errors, allowing for detecting and modelling complex sequential
behaviours within the time series. Therefore, while the edRVFL net-
work offers advantages in terms of training speed, it cannot effectively
2

capture and exploit the temporal dependencies present in time series
data.

In order to address the limitations associated with the edRVFL
network and traditional RNNs, particularly in capturing complex tem-
poral dependencies and high computational cost, we have proposed an
ensemble deep network. Our proposed approach leverages the strengths
of both edRVFL, with its ensemble learning capabilities, and Recurrent
(LSTM) networks, known for their ability to model and capture long-
term dependencies. Combining these two architectures aims to enhance
the network’s capacity to capture and preserve the complex sequential
behaviour in time series data. The ensemble deep neural network
enables us to harness the advantages of edRVFL and LSTMs, ultimately
improving the network’s performance in modelling and forecasting
time series data with complex temporal dynamics.

The proposed model introduces several novel perspectives, which
can be summarized as follows:

• In this paper, a novel network Recurrent ensemble deep random
vector functional link (RedRVFL) is introduced, which leverages
randomized and sequential networks for financial time series
forecasting.

• The model employs recurrent cells to detect sequential patterns
within time series data and presents an innovative ensemble
architecture that integrates Recurrent connections and edRVFL
for improved financial time series forecasting. Furthermore, this
paper employs edRVFL for the first time in financial forecasting.

• This paper utilizes the layer-wise Bayesian Optimization tech-
nique for the hyperparameter tuning. Furthermore, this paper
presents the first implementation of edRVFL for financial time
series forecasting.

• The research conducts a comparative analysis with various bench-
mark models, encompassing both statistical methods and state-
of-the-art models. This investigation is conducted across eleven
diverse financial time series datasets. The assessment incorporates
three error metrics and a statistical test for performance compar-
ison. The findings from the experiments showcase the superior
performance of the proposed model.

2. Related methods

This section provides a brief overview of the literature related

to randomized neural networks, with a specific focus on the RVFL
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Fig. 2. Architecture of the RVFL network involves randomly initialized weights 𝑊 , hidden feature 𝐻 , and augmented feature 𝐷.
network, ensemble RVFL network, LSTM network, and the Bayesian
Optimization method for hyperparameter optimization.

2.1. Random Vector Functional Link (RVFL)

The RVFL architecture [21] is a feedforward network consisting of
a single hidden layer. Unlike conventional neural networks, the RVFL
network has a specific direct link connecting the input and output
layers. The hidden layer parameters of the network are initialized
randomly and then remain constant. The architecture of the RVFL
network, as depicted in Fig. 2, has an input, hidden, and output layer.

The non-linear hidden features generated from the hidden layer
employing randomly fixed parameters can be computed using Eq. (1):

𝐻 = 𝑓 (𝑊𝑋) (1)

Here, 𝑊 ∈ R𝑑×𝑛 signifies the weight vector, while 𝐻 ∈ R𝑛×𝑁

denotes the hidden features. The augmented feature combination of
input and hidden features is represented by 𝐷, and 𝑓 is a non-linear
activation function. Subsequently, the output weights 𝛽 are determined
by solving the optimization problem outlined below:

𝑅𝑉 𝐹𝐿 = min
𝛽

‖𝐷𝛽 − 𝑌 ‖2 + 𝜆‖𝛽‖2 (2)

Here, 𝑌 represents the true vector to be fitted, and 𝜆 denotes the reg-
ularization parameter that governs the RVFL network’s consideration of
model complexity.

Typically, optimization problems of this nature can be tackled using
methods such as Moore–Penrose pseudo inverse [22] and ridge re-
gression [23]. When employing the Moore–Penrose pseudo inverse ap-
proach, the contribution of ‖𝛽‖2 is disregarded, and 𝜆 is conventionally
taken as the value zero.

𝛽 = 𝐷†𝑌 (3)

Alternatively, for ridge regression where 𝜆 ≠ 0, the solution can be
expressed as:

Primal Space: 𝛽 = (𝐷𝑇𝐷 + 𝜆𝐼)−1𝐷𝑇 𝑌 (4)

Dual Space: 𝛽 = 𝐷𝑇 (𝐷𝐷𝑇 + 𝜆𝐼)−1𝑌 (5)

The choice between the primal and dual solutions depends on the
total number of feature dimensions, enabling a reduction in computa-
tional complexity during RVFL training [24].
3

2.2. Ensemble Deep Random Vector Functional Link (edRVFL)

Deep RVFL [25], employs deep representation learning within the
RVFL network. Unlike conventional RVFL, deep RVFL(dRVFL) incorpo-
rates a hierarchical structure through the stacking of multiple hidden
layers. The architecture leveraging deep representation learning makes
use of this hierarchical structure by sequentially stacking multiple
layers. Each hidden layer produces non-linear random features by
processing the input features, thereby generating a diverse set of feature
representations.

Furthermore, ensemble deep RVFL is introduced, capitalizing on
ensemble learning and the dRVFL network. The edRVFL network in-
corporates skip connections from input features and the non-linear
hidden representation of each layer to generate subsequent hidden
layer features. This architecture enables the network to acquire both
linear and non-linear representations at each hidden layer. Unlike
the dRVFL, which provides a singular set of predictions, the edRVFL
generates 𝐿 forecasts corresponding to each hidden layer. Unlike deep
neural networks, the edRVFL model undergoes training for multiple
output layers instead of a singular output layer. The final result is
obtained by combining the outputs derived from each hidden layer.

The architecture of an edRVFL network, consisting of L hidden
layers, each containing 𝑁 hidden nodes, is illustrated in Fig. 3. Let the
input feature is 𝑋 ∈ R𝑛×𝑑 , then the hidden feature obtained from the
initial hidden layer is computed using the equation:

𝐻1 = 𝑓 (𝑊 1𝑋) (6)

Here, 𝑊 1 ∈ R𝑑×𝑁 represents the weight vector for the initial hidden
layer, 𝑑 signifies the number of input features, and 𝑓 denotes the non-
linear activation function. The Eq. (6) can be extended to multiple
layers, yielding a general formulation:

𝐻 𝑙 = 𝑓 (𝑊 𝑙[𝐻 (𝑙−1), 𝑋]) (7)

where 𝑊 𝑙 ∈ R(𝑁+𝑑)×𝑛 represents weight vector for 𝑙th hidden layer.
Each hidden layer in this framework is considered as an independent
regressor. For a single hidden layer, the input features from the initial
layer, along with all hidden features contained within that layer, col-
lectively serve as the input for prediction. The outputs of each hidden
layer can be computed using the Eqs. (4) and (5).

2.3. Long Short-Term Memory (LSTM)

LSTM [18] is a class of RNN architecture introduced to tackle
challenges such as the vanishing gradient problem, ensuring efficient
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Fig. 3. Architecture of the edRVFL network.
Fig. 4. Architecture of the LSTM network.
handling of prolonged dependencies within sequential data. The LSTM
cell (Fig. 4) is composed of a gating mechanism, and each gate is tasked
with overseeing and controlling the information flow within the mem-
ory cells. The input gate 𝑖𝑡 manages the extent to which information
is allowed into the memory cell, forget gate 𝑓𝑡 manages information
retention in the memory cell, and the output gate 𝑜𝑡 determines the
extent of information from the memory cell is passed to the next hidden
state using the current input and prior hidden state.

𝑖𝑡 = 𝜎(𝑊𝑋𝑖𝑋𝑡 +𝑊ℎ𝑖ℎ𝑡−1) (8)

𝑓𝑡 = 𝜎(𝑊𝑋𝑓𝑋𝑡 +𝑊ℎ𝑓ℎ𝑡−1) (9)

𝑜𝑡 = 𝜎(𝑊𝑋𝑜𝑋𝑡 +𝑊ℎ𝑜ℎ𝑡−1) (10)

The cell state, 𝐶𝑡, is based on input, forget, and candidate cell state
𝑔𝑡. The candidate cell state and cell state are computed as follows:

𝑔𝑡 = tanh(𝑊𝑋𝑔𝑋𝑡 +𝑊ℎ𝑔ℎ𝑡−1) (11)

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝑔𝑡 (12)

Then, the output, current hidden state ℎ𝑡, is calculated by employing
the output gate to process the cell state through the tanh activation
function.

ℎ = 𝑜 ⋅ tanh (𝐶 ) (13)
4

𝑡 𝑡 𝑡
2.4. Bayesian optimization for hyperparameter tuning

Bayesian optimization (BO) stands out as an advanced technique
employed in hyperparameter tuning, utilizing a surrogate function to
describe the conditional probability of efficacy on a validation set [26].
Unlike traditional grid search methods, BO efficiently retains and uti-
lizes all previous computations, thus avoiding redundant evaluations
of suboptimal hyperparameter configurations. The algorithm integrates
an acquisition function to systematically identify the most promising
hyperparameter configuration for evaluation in subsequent iterations.

The Bayesian optimization algorithm (BOA) comprises five core
components: the surrogate function, the hyperparameter search space,
the acquisition function, the objective function, and the historical
record of evaluations. Within this framework, the objective function
is characterized by the predictive accuracy of the validation set. The
surrogate function is constructed through the tree-based Parzen win-
dow estimation (TPE) algorithm, and the chosen acquisition function is
the expected improvement. The formulation of the acquisition function,
denoted as 𝑆𝑓⋆

𝑜
(𝑣), is expressed as follows:

𝑆𝑓⋆ (𝑣) =
𝑓⋆
𝑜
(𝑓⋆ − 𝑓𝑜)𝑃 (𝑓𝑜|𝑣)𝑑𝑓𝑜 (14)
𝑜 ∫−∞ 𝑜
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Here, 𝑓⋆
𝑜 is the objective function, and 𝑓𝑜 signifies the predeter-

mined threshold for the objective function concerning the hyperpa-
rameters 𝑣. The TPE algorithm encompasses the subsequent steps,
explained in Algorithm 1.

Algorithm 1 TPE method for Hyperparameter Tuning
Input: Objective function 𝑓𝑜, TPE method , hyperparameter
space H𝑣, acquisition function validation 𝑆, initialized memory .
Output: Best hyperparameters 𝑣⋆ in memory .

1: for 𝑖 ← 1 to 𝑁 do
2: 𝑃 (𝑓𝑜|𝑣) ← Fit memory  using 
3: Maximize acquisition function  in Equation (14) to find the

next
hyperparameter choice 𝑣𝑖+1

4: Evaluate the objective function 𝑓𝑜(𝑣𝑖+1)
5: Update memory :  ←  ∪ (𝑣𝑖+1, 𝑓𝑜(𝑣𝑖+1))
6: end for

3. Proposed methodology

This section primarily addresses the proposed network. Subse-
quently, we will focus on the training algorithm, followed by a discus-
sion of the testing algorithm for the proposed model. Lastly, we will
discuss the hyperparameter tuning setup for the proposed model.

3.1. Recurrent ensemble deep random vector functional link network (Re-
dRVFL)

This paper introduces an innovative approach called the Recurrent
ensemble deep random vector function link (RedRVFL) network, aimed
at augmenting the capabilities of the existing edRVFL by integrating
recurrent connections to capture temporal and sequential behaviours.
While the edRVFL has proven effective for handling tabular datasets,
it falls short in capturing the nuanced sequential patterns inherent
in time series data. As a result, its application for forecasting future
trends in time series datasets is impractical. To address these limi-
tations, we present the RedRVFL network, designed to enhance the
edRVFL’s performance by incorporating recurrent connections to model
the sequential nature of time series data adeptly. The idea behind our
proposed model architecture originates from a gap identified in the
existing literature concerning sequential behaviour detection utilizing
randomized networks, particularly the edRVFL variant. The proposed
model consists of multiple hidden layers stacked on each other with a
skip connection to the input layer. Each layer processes input sequences
with the help of LSTM. The output of one layer serves as the input to the
next, allowing for hierarchical learning of complex temporal patterns.
Moreover, the RedRVFL hidden layer, which comes after the first layer,
also utilizes information from the raw input data with the help of a
skip connection for better representation. This integration equips the
RedRVFL network with the ability to capture long-term dependencies,
thereby enabling accurate predictions of future trends in time series
datasets. The RedRVFL algorithm decomposes the task into multiple
smaller tasks by initializing the hidden weights to be random and kept
fixed and computing output weights independently for each layer. The
network comprises a total of 𝐿 hidden layers, with 𝑁 hidden nodes
within each layer, akin to LSTM latent units. The structure of the
RedRVFL network having 𝐿 hidden layers is illustrated in Fig. 1.

Let 𝑋 denote the input data with dimensions 𝑅𝑛×𝑡𝑙×𝑑 , where 𝑛 is
the number of observations, 𝑡𝑙 signifies the temporal order or time lag,
nd 𝑑 indicates the number of feature dimensions in the time series
orecasting model. Reshaping the input data to 𝑅𝑛×𝑝, where 𝑝 = 𝑡𝑙 × 𝑑,
nitiates the processing stage. The input data X undergoes the first
5

idden layer comprised of LSTM unit in an unrolling way. The resulting o
utput, denoted as ℎ1𝑅𝐶 and derived from Eq. (13), possesses dimensions
f 𝑅𝑛×𝑁 .
1
𝑅𝐶 = 𝑓𝑙(𝑊

(1)
𝑅 ;𝑋) (15)

Here, 𝑓𝑙 represents the non-linearity function obtained from the
STM hidden layer. In other words, 𝑓𝑙(𝑊

(1)
𝑅 ;𝑋) signifies the randomly

nitialized weights 𝑊 (1)
𝑅 associated with the hidden layer compris-

ng LSTM cells and the input data 𝑋. The LSTM hidden layer pro-
esses the input 𝑋, yielding a hidden output denoted as ℎ1𝑅𝐶 obtained
rom Eq. (13).

Subsequently, the feature dataset 𝑋 is concatenated with the output
1
𝑅𝐶 , forming a combined representation denoted as [ℎ1𝑅𝐶𝑋]. This com-
ined representation maintains dimensions of 𝑅𝑛×(𝑝+𝑁). This processing
nd concatenation procedure repeats for the following hidden layers,
here the outputs from the previous layers and the original features

erve as inputs. The outputs from the subsequent hidden layers are
omputed as follows, similar to Eq. (16):
𝑙
𝑅𝐶 = 𝑓𝑙(𝑊

(𝑖)
𝑅 ; [ℎ(𝑖−1)𝑅𝐶 , 𝑋]) (16)

Additionally, the output weights 𝛽𝑙 corresponding to 𝑙th hidden
ayers can be computed using the Eqs. (4) and (5), employing Ridge
egression as the chosen method for weight computation. The loss
unction for the 𝑙th hidden layer is formulated as:

𝑙 = min
𝛽𝑙

‖[ℎ𝑙𝑅𝐶 𝑋]𝛽𝑙 − 𝑌 ‖2 + 𝜆‖𝛽𝑙‖
2 (17)

Here, 𝛽𝑙 represents the output weight vector corresponding to the
th layer, with 𝜆 serving as the regularization parameter. The output
eight values follow the Eqs. (4) and (5) for primal and dual space,

espectively.
In the augmented feature matrix 𝐷 = [ℎ𝑙𝑅𝐶 𝑋], which concatenates

he input and hidden features, the final output at the 𝑙th layer can be
alculated as:

𝑦𝑙 = [ℎ𝑙𝑅𝐶 𝑋]𝛽𝑙 (18)

.2. Training

The training algorithm for the RedRVFL can be summarized in Al-
orithm 2. Firstly, the hyperparameters, including the hidden layer di-
ension, the number of hidden layers, and the regularization strength,

re specified. Following this, the hidden layer weights undergo ran-
om initialization, and a feed-forward computation is performed using
qs. (6) or (7) to evaluate the hidden state.

Later, the training algorithm concludes by yielding the output lay-
rs’ weights, denoted as 𝛽 = [𝛽1, 𝛽2,… , 𝛽𝐿]. These output weights
ncorporate the learned information from each layer and can be utilized
or various downstream tasks, including decision-making or regression,
epending on the specific application context. The training algorithm
rovides a systematic and iterative process for optimizing the network’s
eights and achieving desirable performance on the given task.

.3. Testing

The final forecast generated by the RedRVFL model is constructed
s an ensemble of outputs of each hidden layer. To combine these
orecasts effectively, various forecast combination approaches can be
mployed. The efficiency and robustness of mean and median in fore-
asting are highlighted in recent research by Wang et al. [27]. As
iscussed in the study, these aggregation methods provide reliable
orecasts by effectively summarizing data and minimizing the impact of
utliers. Wang et al.’s comprehensive review underscores the effective-
ess of mean and median in capturing underlying trends and patterns
n time series data. This paper adopts the median as the combination

perator in our proposed RedRVFL model.
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Algorithm 2 RedRVFL training algorithm
Input: 𝑁 hidden latent LSTM units, number of layers 𝐿,
regularization parameter 𝜆.
Output: 𝛽 = [𝛽1, 𝛽2,… , 𝛽𝐿]

1: Randomly initialize the weights 𝑊 (1)
𝑅 ,𝑊 (2)

𝑅 ,…𝑊 (𝑙)
𝑅

2: for 𝑙 ← 1:𝐿 do
3: if 𝑙 = 1 then
4: Calculate ℎ1𝑅𝐶 using 𝑊 (1)

𝑅 from Equations (13) and (15)
5: Calculate 𝛽1 using 𝜆 from Equation (4) or (5)
6: else
7: Calculate ℎ𝑙𝑅𝐶 using 𝑊 (𝑙)

𝑅 from Equations (13) and (16)
8: Calculate 𝛽𝑙 using 𝜆 from Equation (4) or (5)
9: end if
0: end for

The entire testing process for the RedRVFL model is outlined in
lgorithm 3. Upon completing the training process, the RedRVFL model
omputes the predicted output, denoted as 𝑦̂, through a feed-forward
echanism. By employing the ensemble approach and utilizing the
edian as the combination operator, the RedRVFL model leverages

he collective wisdom of multiple outputs, resulting in an enhanced
orecast that demonstrates improved performance. The values are pre-
et and treated as constants throughout the testing method. Typically,
alidation data is used to hyper-parameter tune these parameters. This
uarantees that the hidden outputs are normalized and distributed
hroughout training.

Algorithm 3 encompasses the steps involved in generating predic-
ions using the RedRVFL model. It incorporates the essential operations,
rom initializing the network and training it with the available data
o computing the final forecast through the ensemble approach, incor-
orating the individual outputs from all layers. The RedRVFL model
nsures a robust and efficient testing process that produces accurate
nd reliable predictions by adhering to this algorithmic procedure.

Algorithm 3 RedRVFL testing algorithm
Input: The hidden layer weights 𝑊𝑅, output layer weights 𝛽,
regularization parameter 𝜆
Output: 𝑦̂

1: for 𝑙 ← 1:𝐿 do
2: if 𝑙 = 1 then
3: Compute ℎ1𝑅𝐶 using 𝑊 (1)

𝑅 from Equations (13) and (15)
4: Compute output 𝑦1 using Equation (18)
5: else
6: Compute ℎ𝑙𝑅𝐶 using 𝑊 (𝑙)

𝑅 from Equations (13) and (16)
7: Compute 𝑦𝑙 using Equation (18)
8: end if
9: end for

10: Compute the final output 𝑦̂ by taking the median of 𝑦1,… 𝑦𝐿

3.4. Hyper-parameter tuning

Hyperparameter tuning is crucial as it optimizes the performance
and generalization ability of deep learning models. Layerwise param-
eter tuning offers advantages over traditional tuning methods by al-
lowing for a more nuanced adjustment of model parameters, which
can enhance convergence and overall model efficiency, especially in
complex neural network architectures. The experimental setup used
for the proposed model involves the same hyper-parameter setup as
used in [20]. The hyper-parameters for the RedRVFL are as follows:
the number of latent units for LSTM, 𝑁 , the number of hidden layers,
𝐿, the regularization parameter 𝜆, and the input scale.

In the RedRVFL network, the output from each hidden layer is
6

propagated to the subsequent hidden layer, enabling the extraction of
advanced features. Notably, each hidden layer represents a regressor
and is associated with a distinct set of hyperparameters specific to that
layer. Moreover, each layer’s hyperparameters depend on the preceding
layer’s hyperparameters. Consequently, the tuning of hyperparameters
occurs based on the layerwise Bayesian optimization technique and is
kept fixed, and then the hyperparameter for the next layer is fined-
tuned. This approach ensures a systematic and sequential refinement
of the model’s hyperparameters throughout the network.

4. Experiments

This section describes an empirical investigation conducted on
eleven financial time series sourced from Yahoo Finance,1 an Open
Source platform. We provide a brief overview of the dataset and the
pre-processing steps applied. Subsequently, evaluation metrics are de-
fined. Finally, we describe the benchmark models and the experimental
settings.

4.1. Dataset description

Table 1 summarizes the descriptive statistics for eleven financial
time series datasets. These time series data comprise various index
datasets and stock exchange datasets. The stock-indexed datasets are
the following: Dow Jones Industrial Index (DJI), Hang Seng Index
(HSI), Korean Composite Stock Price Index (KOSPI), RUSSELL 2000,
National Association of Securities Dealers Automated Quotations Stock
Exchange (NASDAQ), National Stock Exchange 50 (NIFTY50), Stock
Exchange Sensitive Index (SENSEX), and Standard & Poor’s 500 Index
S&P500). The stock exchange datasets are the London Stock Exchange
LSE), New York Stock Exchange (NYSE), and Shanghai Stock Ex-
hange (SSE) Composite Index. The data is collected daily from 2013

to 2022 and is publicly accessible through the official website of Yahoo
Finance.2

The data pre-precessing approach ensures better outputs from the
machine learning model. In deep networks, maintaining proper ini-
tialization of weights and biases is essential for prediction [28]. Con-
straining the range of weights and biases to [0, 1] promotes diversity
among neurons, aiding in the effective capture of complex patterns
and preventing uniform feature acquisition [20]. This range facilitates
diversity among neurons, thereby enhancing the ability to capture
intricate patterns effectively while averting uniform feature acquisition.
This paper uses max–min normalization as a pre-processing technique
for the raw data. Let us consider that the maximum and minimum
values of the datasets are denoted as 𝑥𝑚𝑎𝑥 and 𝑥𝑚𝑖𝑛, respectively.
Subsequently, the data undergoes a transformation to be constrained
within the specified range of [0, 1], accomplished through the utilization
of the Equation:

𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
(19)

The dataset undergoes division into three subsets: training, vali-
ation, and test data. Specifically, the validation set comprises 10%
f the dataset, serving the purpose of fine-tuning the model during
raining, while the test set constitutes 20%. The partitioning considers
ime series behaviour; hence, validation data immediately follows the
raining data, and the test data follows the validation data. Following
he training and fine-tuning phases, the training and validation data
ets are combined to form the full training data set. Subsequently,
esting is conducted using this consolidated data set.

1 https://finance.yahoo.com/.
2 https://finance.yahoo.com/.

https://finance.yahoo.com/
https://finance.yahoo.com/
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Table 1
Dataset summary.

Dataset Mean Median Min Max Skewness Kurtosis Range Std.

DJI 23 426.381 23 441.759 13 104.139 36 799.648 0.372 −1.106 23 695.508 6527.001
HSI 24 698.745 24 358.269 14 687.019 33 154.121 0.021 −0.339 18 467.101 3181.866
KOSPI 2253.495 2099.490 1457.640 3305.209 1.285 0.825 1847.569 364.156
NASDAQ 7623.561 6867.359 3019.51 16 057.44 0.779 −0.567 13 037.93 3497.702
NIFTY50 10 601.953 10 092.35 5285.00 18 812.50 0.724 −0.453 13 527.50 3556.175
RUSSELL2000 1474.502 1426.550 849.35 2442.74 0.714 −0.292 1593.39 370.931
SENSEX 35 272.887 32 720.16 17 905.910 63 284.191 0.746 −0.482 45 378.281 12 086.134
S&P500 2742.172 2584.84 1426.189 4796.56 0.674 −0.650 3370.37 872.8410
LSE 4558.64 3893.50 1002.207 9910.00 0.364 −1.350 8907.793 2532.684
NYSE 12 283.167 11 928.629 8443.509 17 353.759 0.634 −0.515 8910.25 2188.937
SSE 3017.059 3090.635 1950.012 5166.35 0.052 0.827 3216.338 527.809
r

i

4.2. Evaluation metrics

This paper incorporates three error measures for evaluation pur-
poses. Firstly, Root Mean Square Error (RMSE) is utilized, and it
computes the square root of the mean of the squared variances between
predicted and observed values. Another measure used is the mean ab-
solute error (MAE), which provides a straightforward evaluation of the
average absolute difference between predicted and actual values. MAE
is not sensitive to outliers and provides a scale-dependent measure of
model performance. The mean absolute percentage error (MAPE) serves
as a measure to assess forecast accuracy within diverse time series data.
It computes the average percentage difference between predicted and
actual values, facilitating unbiased comparisons irrespective of scale
variations. The specific definitions of these three measures are provided
in the following Equations:

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑓𝑖)2 (20)

MAE = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑓𝑖| (21)

MAPE = 1
𝑛

𝑛
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑓𝑖
𝑦𝑖

|

|

|

|

× 100 (22)

Here, 𝑦𝑖 represents the actual value, 𝑓𝑖 represents the forecasted
value, and 𝑛 represents the total number of observations.

4.3. Compared models

In order to evaluate the effectiveness of our proposed model, we
conducted a thorough assessment by comparing it against a number of
existing benchmark models. This included Statistical, machine learning,
deep learning models, and decomposition technique-based models. As
the proposed model is a hybrid of both machine learning and deep
learning algorithms, so we needed to compare it against state-of-the-art
benchmarks in both domains for a comprehensive evaluation.

The compared models used are named as follows:

1. Autoregressive Integrated Moving Average (ARIMA) [1]
2. Persistence [29]
3. Support Vector Regression (SVR) [4]
4. Temporal Convolutional Neural Network (TCN) [30]
5. Long Short-Term Memory (LSTM) Network [31]
6. Gated Recurrent Unit (GRU) [32]
7. Variational Mode Decomposition LSTM (VMD-LSTM) [33].
8. Random Vector Function Link Network (RVFL) [34]
9. Empirical Wavelet Transform-RVFL (EWTRVFL) [35]

10. Ensemble deep echo state network (edESN) [36].
11. Ensemble deep RVFL (edRVFL) [20].
12. Empirical Wavelet Transform-edrvfl (EWTedRVFL) [20].
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Table 2
Hyper-parameter search space for the benchmark models.

Model Parameter Values

ARIMA 𝑝∕𝑞 [1, 2, 3]
𝑑 [0, 1]

SVR
𝐶 [2−10 , 20]
𝜖 [0.001, 0.01, 0.1]
Radius [0.001, 0.01, 0.1]

LSTM

Hidden nodes [4, 8, 16, 32, 64]
Layers [1, 2, 3]
Optimizer Adam
Activation tanh

GRU

Hidden nodes [4, 8, 16, 32, 64]
Layers [1, 2, 3]
Optimizer Adam
Activation tanh

TCN

Filters [4, 8, 16, 32, 64]
Kernel size [1, 2, 3]
Optimizer Adam
Activation [sigmoid, tanh,ReLU]

edESN

Reservoir size [20, 200]
Spectral radius [0.95, 1]
Input scalings [0, 1]
Leaky rate [0.95, 1]
Transient [1, 49]
Regularization

[0, 1]parameter

RVFL-based models

Hidden nodes [20, 200]
Layers [1, 12]
Regularization

[0, 1]parameter
Input scaling [0, 1]
𝑘 [2, 3, 4]
Window [48, 96, 124]

4.4. Experimental settings

For a fair and thorough comparison, we fine-tuned the settings
of all models using a cross-validation method. The specific values
we explored during this fine-tuning process are detailed in Table 2,
providing insights into how we optimized the models. It is worth noting
that certain settings remained consistent across all models to maintain
uniformity. These fixed settings include a batch size of 32, a learning
ate of 0.001, and a set number of training epochs at 100. For VMD-

LSTM [33], we adopted the parameters from the original paper, making
necessary adjustments for a fair comparison.

In the case of RedRVFL, we took a strategic approach to opti-
mization. Each layer underwent individual optimization using Bayesian
optimization, involving 100 iterations for each layer. For example, if
RedRVFL is configured with 10 layers, the total Bayesian optimization
terations would be 1000.

To ensure fairness and comparability across all models, we stan-
dardized the number of Bayesian optimization iterations for RVFL,
EWTRVFL, edESN, edRVFL, EWTedRVFL, and RedRVFL. This stan-
dardization ensures that each model undergoes an equal optimization



Applied Soft Computing 161 (2024) 111759A. Bhambu et al.
Table 3
RMSE results.

Dataset ARIMA [1] Persistence [29] SVR [4] TCN [30] LSTM [31] GRU [32] RVFL [34] EWTRVFL [35] VMD-LSTM [33] edESN [36] edRVFL [20] EWTedRVFL [20] RedRVFL†

DJI 2123.402 422.841 490.419 501.810 432.603 436.595 375.830 379.753 438.390 353.158 342.784 342.821 345.485
HSI 4369.332 369.522 685.370 5691.688 353.231 356.730 378.378 378.820 388.228 378.317 378.351 373.716 374.805
KOSPI 591.239 32.057 53.544 552.733 35.348 35.377 31.256 52.137 29.724 31.266 30.494 30.688 30.515
NASDAQ 1965.874 204.260 355.617 542.154 184.003 204.869 208.540 248.033 182.092 212.829 207.732 207.893 207.423
NIFTY50 1498.384 178.021 241.950 207.554 179.097 195.829 171.968 247.344 157.208 336.214 172.273 173.147 170.843
RUSSELL2000 226.980 32.971 51.536 38.483 33.086 39.374 32.273 37.786 35.594 43.253 32.027 31.960 32.160
SENSEX 4987.525 608.845 772.853 739.142 606.935 654.839 579.022 676.718 535.616 1124.155 579.597 591.038 578.746
S&P500 323.681 54.063 77.296 74.428 51.008 51.745 51.191 58.180 50.453 60.965 52.270 50.173 50.165
LSE 2244.193 152.899 256.863 196.461 164.800 163.838 142.864 145.099 148.142 144.734 141.895 145.879 141.145
NYSE 1054.741 197.376 229.789 226.688 197.330 238.223 173.338 179.689 206.635 392.097 169.497 170.292 171.312
SSE 225.251 36.033 44.736 35.027 37.336 36.028 33.588 33.662 40.815 35.206 33.506 33.626 33.401
Table 4
MAE results.

Dataset ARIMA [1] Persistence [29] SVR [4] TCN [30] LSTM [31] GRU [32] RVFL [34] EWTRVFL [35] VMD-LSTM [33] edESN [36] edRVFL [20] EWTedRVFL [20] RedRVFL†

DJI 1851.642 290.014 411.655 400.781 280.529 289.431 296.002 293.599 291.208 270.596 257.917 258.025 260.992
HSI 3691.853 275.741 575.280 5386.436 267.376 268.293 291.449 287.657 298.647 285.074 291.407 282.396 286.844
KOSPI 487.465 24.558 43.750 529.566 27.923 26.650 24.338 43.367 21.988 24.336 23.909 24.144 23.869
NASDAQ 1701.543 152.941 306.098 456.414 138.670 165.005 159.789 196.998 140.026 164.049 159.300 161.094 159.338
NIFTY50 1282.927 129.108 196.400 167.893 130.113 152.149 131.165 199.065 117.692 256.671 131.523 132.506 129.925
RUSSELL2000 203.447 25.315 43.569 30.404 26.716 31.312 25.935 30.630 27.558 34.679 25.726 25.674 25.872
SENSEX 4269.155 439.651 628.069 598.377 430.150 493.717 438.811 524.567 386.950 850.952 438.867 451.186 439.500
S&P500 273.792 38.682 64.436 60.374 38.324 38.083 39.200 45.590 36.537 47.167 40.443 37.721 37.681
LSE 2137.535 107.245 222.421 152.261 113.851 113.404 97.439 98.541 103.280 98.709 100.407 99.108 98.467
NYSE 899.926 139.648 188.925 179.455 134.157 178.370 135.537 141.923 139.237 328.470 130.879 131.886 133.503
SSE 198.578 26.018 36.392 26.637 27.721 25.909 25.146 25.432 30.027 26.856 25.194 25.503 25.064
Table 5
MAPE results.

Dataset ARIMA [1] Persistence [29] SVR [4] TCN [30] LSTM [31] GRU [32] RVFL [34] EWTRVFL [35] VMD-LSTM [33] edESN [36] edRVFL [20] EWTedRVFL [20] RedRVFL†

DJI 0.0546 0.0099 0.0127 0.0125 0.0102 0.0104 0.0089 0.0089 0.0105 0.0082 0.0078 0.0078 0.0079
HSI 0.1529 0.0118 0.0205 0.2874 0.0103 0.0103 0.0129 0.0125 0.0116 0.0125 0.0129 0.0124 0.0127
KOSPI 0.1906 0.0099 0.0182 0.2203 0.0112 0.0106 0.0088 0.0149 0.0088 0.0088 0.0086 0.0087 0.0086
NASDAQ 0.1229 0.0132 0.0296 0.0403 0.0123 0.0144 0.0124 0.0151 0.0123 0.0127 0.0124 0.0125 0.0123
NIFTY50 0.0751 0.0094 0.0117 0.0098 0.0104 0.0121 0.0080 0.0120 0.0094 0.0154 0.0080 0.0080 0.0079
RUSSELL2000 0.0975 0.0143 0.0168 0.0168 0.0145 0.0176 0.0127 0.0148 0.0154 0.0168 0.0127 0.0126 0.0127
SENSEX 0.0745 0.0095 0.0115 0.0104 0.0103 0.0115 0.0079 0.0094 0.0092 0.0152 0.0079 0.0081 0.0080
S&P500 0.0642 0.0106 0.0175 0.0152 0.0102 0.0103 0.0095 0.0110 0.0106 0.0114 0.0097 0.0091 0.0091
LSE 0.2864 0.0138 0.0158 0.0196 0.0145 0.0144 0.0127 0.0129 0.0131 0.0129 0.0131 0.0130 0.0128
NYSE 0.0560 0.0101 0.0116 0.0119 0.0099 0.0131 0.0086 0.0090 0.0106 0.0204 0.0084 0.0084 0.0085
SSE 0.0580 0.0080 0.0115 0.0085 0.0084 0.0079 0.0075 0.0076 0.0091 0.0080 0.0075 0.0076 0.0075
process, contributing significantly to the reliability and robustness of
our comparative analysis.

5. Empirical results and discussion

This section provides an overview of the empirical results of com-
paring the proposed and existing models. We present a detailed analysis
using RMSE, MAE, and MAPE evaluation metrics. Next, we discuss
the computational complexity of both the proposed and compared
models. Subsequently, the results will be discussed using a statistical
test, namely Wilcoxon’s test. This test will enhance understanding of
the observed differences and significance among the evaluated models.
By incorporating evaluation metrics and statistical testing, a compre-
hensive assessment of the proposed model’s performance relative to
existing models will be presented, allowing for a robust and thorough
comparison.

The results of this evaluation are presented in Tables 3, 4, and 5.
These tables provide a detailed overview of the performance metrics,
including RMSE, MAE, and MAPE, allowing for a thorough analysis
and comparison of the model’s performance on the financial time series
datasets.

The comparative analysis reveals that certain models perform best
on specific time series datasets, as indicated by the numbers in bold.
The proposed model consistently delivers excellent performance across
the majority of datasets. In particular, the edRVFL, VMD-LSTM model
demonstrates exceptional performance. The EWTedRVFL model also
achieves remarkable accuracy compared to the other models. It is worth
noting that in select cases, the VMD-LSTM and EWTedRVFL model ex-
cels due to its adeptness in employing decomposition techniques, while
the edESN model leverages its Echo State Network (ESN) architecture
effectively. Upon examination of the results presented in Tables 3, 4,
and 5, as well as the dataset statistics in the Table 1, it becomes evident
that our proposed model struggles to achieve superior performance on
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highly volatile data such as the SENSEX. However, when considering
the overall efficacy across a wide range of volatilities, the RedRVFL
model performs better. These findings highlight the effectiveness and
competitiveness of the proposed model while recognizing the strengths
exhibited by the decomposition methods in specific scenarios.

Visualization study
In this investigation, we conducted a comprehensive analysis using

visualization techniques on two prominent datasets sourced from Ya-
hoo Finance3 — specifically, the Dow Jones Index (DJI) and S&P500
datasets. The visual depictions portrayed in Fig. 5 aim to delve deeply
into the temporal patterns manifested in these datasets, presenting both
the raw data and the predictions generated by the RedRVFL model on
the corresponding test datasets.

This meticulous visual scrutiny significantly enhances our under-
standing of the effectiveness of the RedRVFL model in forecasting
financial time series. The alignment observed between the model’s
predictions and the actual data emphasizes its proficiency in accurately
predicting closing prices, bolstering our confidence in its predictive
capabilities. Consequently, this investigation emerges as a meaning-
ful exploration into the predictive prowess of the RedRVFL model,
particularly within the realm of financial time series forecasting.

Computational time
Efficient computation time calculation is essential for evaluating

algorithmic efficiency, informing resource allocation decisions, and
gauging solution scalability in practical scenarios. The computational
costs of the algorithms, encompassing both proposed and comparison
models, have been meticulously outlined in Table 6, except the persis-
tence model, which does not require training. The computation time
(in sec) is computed by keeping the hyperparameter fixed on the DJI

3 https://finance.yahoo.com/.

https://finance.yahoo.com/
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Fig. 5. Visualization of raw data and forecasts for DJI and S&P500 index dataset.
Table 6
The table illustrates the computational cost of the proposed model and compared baselines.

Model ARIMA SVR TCN LSTM GRU VMD-LSTM RVFL EWTRVFL edESN edRVFL EWTedRVFL Proposed

Time (in sec) 1.65 0.02 41.59 26.57 22.42 100.78 0.02 0.03 0.58 0.11 0.13 1.02
dataset and keeping all settings fixed for fair comparison. The VMD-
LSTM algorithm takes the longest time to compute, while the RVFL
algorithm takes the shortest. The results show that techniques based
on randomization perform better in terms of computational efficiency
compared to algorithms that need training, while techniques based on
decomposition take more time than the base model. The results are
evidence of the Randomization technique’s superiority over the trained
algorithms. The proposed model takes more time to compute than the
base model. This is because it has more parameters, especially with the
incorporation of LSTM.

Empirical study using Wilcoxon test
We conducted an empirical study employing the Wilcoxon test, an

essential statistical tool for evaluating performance through compar-
ative analysis. In this context, it is crucial to note that a lower rank
signifies superior performance. The 𝑝-value, a key metric derived from
the paired Wilcoxon test, provides valuable insights into the statistical
significance of observed differences.

Tables 7, 8, and 9 present the outcomes of the statistical compar-
isons involving the proposed model: RedRVFL and other models used
for comparison using RMSE, MAE, and MAPE respectively. These tables
feature the average ranks, with the model achieving the lowest rank
being considered the most favourable in terms of performance.

The proposed model consistently obtains a lower average rank
across all tables, as shown in Tables 7, 8, and 9. This illustrates that the
proposed model exhibits statistical superiority when contrasted with
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the comparative model.
Table 7
Statistical comparison between proposed and other models using Wilcoxon’s test using
RMSE.

Method Avg. rank p-value

RedRVFL† 2.63
EWTedRVFL [20] 3.81 5e−1
edRVFL [20] 3.45 3e−1
edESN [36] 8.45 9e−4
VMD-LSTM [33] 5.45 6e−1
EWTRVFL [35] 7.90 9e−4
RVFL [34] 4.63 9e−4
GRU [32] 7.63 2e−2
LSTM [31] 6.18 8e−2
TCN [30] 10.36 9e−4
SVR [4] 11.18 9e−4
Persistence [29] 6.36 4e−1
ARIMA [1] 12.90 9e−4

6. Ablation study

The proposed model is introduced primarily utilizing the recur-
rent neural network, edRVFL network, and BOA hyper-parameter tun-
ing. Then, the ablation study is conducted to validate the importance
of each component. We have mainly defined three variants for the
comparison, and these are as follows:

1. edRVFLBOA: This variant involves the fine-tuning of hyperpa-

rameters within the edRVFL network using the BOA algorithm.
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Fig. 6. The figure illustrates a bar plot illustrating normalized RMSE performance. The bars represent three different models: RedRVFLGrid, edRVFLBOA, and RedRVFLBOA.
Table 8
Statistical comparison between proposed and other models using Wilcoxon’s test using
MAE.

Method Avg. rank p-value

RedRVFL† 3.27
EWTedRVFL [20] 4.36 6e−1
edRVFL [20] 4.27 7e−1
edESN [36] 8.36 4e−3
VMD-LSTM [33] 5.00 1e−2
EWTRVFL [35] 8.09 9e−4
RVFL [34] 5.36 5e−2
GRU [32] 7.18 1e−2
LSTM [31] 5.18 6e−1
TCN [30] 10.54 9e−4
SVR [4] 11.36 9e−4
Persistence [29] 5.18 1e−2
ARIMA [1] 12.81 9e−4

Table 9
Statistical comparison between proposed and other models using Wilcoxon’s test using
MAPE.

Method Avg. rank p-value

RedRVFL† 2.63
EWTedRVFL [20] 3.54 4e−1
edRVFL [20] 3.27 3e−1
edESN [36] 8.00 4e−3
VMD-LSTM [33] 6.45 9e−3
EWTRVFL [35] 7.00 4e−3
RVFL [34] 4.00 2e−2
GRU [32] 8.45 1e−2
LSTM [31] 6.54 4e−2
TCN [30] 10.63 9e−4
SVR [4] 10.90 9e−4
Persistence [29] 6.72 4e−3
ARIMA [1] 12.81 9e−4

2. RedRVFLGrid: RedRVFL network employing grid search for hy-
perparameter tuning.

3. RedRVFLBOA: RedRVFL network utilizing the BOA algorithm for
hyperparameter tuning.

The ablation study results are depicted in Fig. 6, illustrating the
normalized error on the vertical axis to highlight distinctions among
the variants. Initially, edRVFLBOA demonstrates strong performance,
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but as depicted in the figure, the proposed model consistently sur-
passes edRVFLBOA by a substantial margin in later layers. Notably, Re-
dRVFLGrid exhibits poor performance in the initial layers but demon-
strates improved performance compared to edRVFLBOA in subsequent
layers. RedRVFLBOA, incorporating both BOA and weighted connec-
tions, emerges as the superior variant, emphasizing the necessity of
BOA for enhanced performance, particularly beyond the initial layers.
This is particularly evident in the layer-wise application of BOA, al-
lowing for diverse configurations for each layer. The proposed model,
integrating both recurrent connections and BOA, consistently outper-
forms all other variants, underscoring the recommendation to leverage
both components for optimal edRVFL performance. This outcome high-
lights the inherent advantage of deep networks in extracting complex
features from input data, emphasizing the potential of the proposed
model across diverse applications.

7. Conclusion

This paper introduces an innovative Recurrent Ensemble Deep Ran-
dom Vector Functional Link (RedRVFL) neural network for financial
time series forecasting. The hidden layer weights are initialized ran-
domly and remain constant throughout training. Output layer weights
are determined using a closed-form solution. The hidden layers in
this model are unsupervised and randomly initialized, and they utilize
recurrent neural networks to identify sequential patterns within time
series data. The model’s hyperparameters are fine-tuned using layer-
wise Bayesian optimization, with each hidden layer receiving input
from the preceding layer. The final output is a combination of outputs
from each layer. Notably, the proposed model offers a significant
advantage over traditional deep learning techniques by leveraging ran-
domization and avoiding the computational burden of backpropagation
algorithms providing more practical applicability. Empirical results
demonstrate the superiority of the proposed model, as evidenced by
three error metrics and statistical tests.

The proposed model exhibits superiority for several reasons:

• The RedRVFL’s architecture used the importance of both ensem-
ble learning and recurrent networks. The RedRVFL treats each
hidden layer as an individual predictor, and as a result, the
ensemble of these reduces individuals’ uncertainty.

• The proposed model’s output layer adeptly captures linear pat-
terns from the direct link and nonlinear patterns from the hidden
layer features.
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• The time series patterns are easily detected with the help of recur-
rent neural networks without losing the time series information
in the data.

The empirical results demonstrate that our model performs better
han the other models on the eleven financial time series datasets. The
ssential advantage of our model lies in its ability to efficiently detect
ime series patterns, exhibiting both efficacy and computational cost
dvantages. Future works could focus on enhancing the interpretabil-
ty of the RedRVFL network, addressing its limitations when applied
o highly volatile financial time series datasets. Additionally, explor-
ng methodologies such as weighting averaging, meta-learning-based
ggregation, and decomposition-based methods could offer valuable
nsights.
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