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Abstract

Prediction of time series is a vital issue related to an extensive array of financial, and social applications, and
engineering. The main challenge arises from the intricacy due to the temporal assets of time series and the
unavoidable weakening function of analytical systems. Therefore, it is usually problematic to precisely forecast
values, particularly in a multi-step ahead situation. Multi-step financial stock price forecast over a lasting
perspective is vital for predicting its instability, letting economic organizations charge and evade derivatives, and
banks to measure the hazard. Recently, Deep learning systems have been capable to perceive and analyze intricate
patterns and connections in the data automatically and haste up the trading procedure. This manuscript designs
and develops a Multi-Step Financial Stock Index Forecasting Model Using a Convolutional Neural Network with
Gated Recurrent Unit (MFSIFM-CNNGRU) model. The proposed MFSIFM-CNNGRU model relies on enhancing
the predicting model for the financial stock index. To accomplish that, the data normalization stage is initially
performed by employing z-score normalization to convert input data into a suitable format. Next, the proposed
MFSIFM-CNNGRU model designs a hybrid of convolutional neural network and gated recurrent unit (CNN-
GRU) technique for the prediction model. Eventually, the hyperparameter selection of the CNN-GRU model can
be implemented by the design of the improved whale optimization algorithm (IWOA). The efficiency of the
MFSIFM-CNNGRU method has been validated by comprehensive studies using the benchmark dataset. The
numerical result shows that the MFSIFM-CNNGRU method has better performance and scalability under various
measures over the recent techniques

Keywords: Multi-Step Financial Stock Index; Convolutional Neural Network; Gated Recurrent Unit; Z-score
Normalization; Improved Whale Optimization Algorithm

1. Introduction

Economic globalization is one of the 3 major globalization dimensions because the stock market become extremely

fluctuating, complex, and polymorphic. Stock price index forecast is essential for economic analysts and investors

to develop investment approaches and get sustainable earnings [1]. Consequently, a comprehensive analysis has
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been done on enhancing economic time series forecasting methods as an effective specialization. Gradually a stock
price time- series is a series of succeeding observations gathered from the stock market [2]. The forecast of these
time series could be built in multiple- or single-stage forward prediction. Certainly, a long-term prediction that is
multiple-stage forward is more effective for stock market investors to reach the finest outcomes and strategies for
the future [3]. However, current stock price forecast investigations only address single-stage forward predicting.
Thus, there is a necessity to examine multiple-stage ahead stock price prediction [4].

Another concern that needs attention is that economic time series were typically dynamic, highly fluctuated,
complex, and non-linear which makes their forecast challenging. In recent times, decomposition-based approaches
have been projected [5]. The major concept behind decomposition-based approaches is to deteriorate difficult time
series into component counts with a simplest framework that decreases time-series complication [6]. These
elements have simpler frameworks and more persistent trends, their forecast is simpler, and the predictable
precision is superior [7]. The investigators to forecast and analyse time series data [8] have utilized diverse
techniques. To overwhelm these issues, a hybrid method that associates with Support Vector Machine (SVM) to
resolve the non-linear regression estimation concern [9]. Another model integrates with Artificial Neural Network
(ANN) to forecast the non-linear part. Deep learning (DL) methodologies are also utilized in stock price prediction
[10].

This manuscript designs and develops a Multi-Step Financial Stock Index Forecasting Model Using Convolutional
Neural Network with Gated Recurrent Unit (MFSIFM-CNNGRU) model. To accomplish that, the data
normalization stage is initially performed by employing z-score normalization to convert an input data into a
suitable format. Next, the proposed MFSIFM-CNNGRU model designs a hybrid of convolutional neural network
and gated recurrent unit (CNN-GRU) technique for the prediction model. Eventually, the hyperparameter selection
of CNN-GRU model can be implemented by the design of the improved whale optimization algorithm (IWOA).
The efficiency of the MFSIFM-CNNGRU method has been validated by the comprehensive studies using the
benchmark dataset.

2. Literature Works

Agarwal et al. [11] developed an innovative hybrid technique that incorporates Successive Variational Mode
Decomposition (SVMD) with an LSTM system. SVMD s utilized as a data-decomposition model to assist the
division of difficult unique series into its decomposed basic mode functions to decrease non-stationarity. This
method is examined for either synthetic signals or financial time series data. Bai et al. [12] focused on dynamically
representing the real-time decision-making situations from a finer granularity; the TSIS is developed depending
on the information method. Subsequently, a Denoised Neighborhood Rough Set (DNRS) technique depending on
the TSIS is projected by local density feature to attain the objective of feature selection (FS) that could poor the
sound effect on instance data. Then, the MKELM and multivariate empirical mode decomposition (MEMD) are
utilized to forecast and decompose. Eventually, the developed TSIS prediction method is applied to stock
prices. Fan etal. [13] introduced a developed stock price prediction model based on the Extended LSTM (XLSTM)
model, intended to improve analytical precision through either long or short-term periods. We manage extended
investigations by evaluating and building techniques that depend on LSTM and XLSTM structures for several
stocks. Our outcomes establish that the XLSTM technique dependably surpasses the LSTM method through each
time horizon and stock, with the implementation gap expanding as the forecast period amplifies.

Diane and Brijlal [14] initially focus on dual new non-linear ML models, like the ANN and RF. We develop and
then relate the execution of these dual technigues in forecasting stock market accomplished volatility for the JSE
Financials Index (JFIN) and the JSE Basic Material Index (JBIND) through a period of 5 years. Depending on
project outcome, the RF classifier outperformed the ANN technique for either the JBIND or JFIN index. The
authors [15] project an innovative hierarchical FS with local shuffling (HFSLS) and models reweighting (MR)
depend upon LSTM, called HFSLSMR-LSTM, for stock price prediction. Particularly, for every layer, local
shuffling disturbs every aspect to re-predict, its forecast value is related to the true value to determine the feature
significance, and the essential characteristics are chosen and returned to the subsequent layer.

In [16], we aimed to the consequences of novelty like stock prediction and financial risk management. We
deliberate dual substantial models that have a prominent role in stock prediction. ANN as absence of few data
points does not hamper the function of network. Next, SVM has multiple attributes, and owing to simplest decision
limitations, it evades over-fitting. This work initially looks at the diverse technologies utilized in SMP. Fang et al.
[17] developed a new long-term prediction FTS movement approach based on an adaptive LSTM technique. The
adaptive network primarily contains dual layer of LSTM monitored by a pair of Batch Normalization (BN) layers,
binary classifier, and dropout layer. To acquire the significant advantages points, we projected to utilize an adaptive
cross-entropy loss function that improves the predictive capability on the sharp variations and diminishes the minor
oscillations.
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Figure 1. Overall Process of MFSIFM-CNNGRU model
3. The Proposed Method

In this manuscript, we focus on designs and develop a MFSIFM-CNNGRU model. The proposed MFSIFM-
CNNGRU model relies on enhancing the predicting model for financial stock index. To accomplish that, the
MFSIFM-CNNGRU model has z-score normalization, prediction using CNN-GRU, and parameter optimizer are
demonstrated in Fig. 1.

A. Stage I: Z-score Normalization

Initially, the data normalization stage is performed by employing z-score normalization to transform an input data
into a suitable format. Z-score normalization is also called standardization, which is a method employed to rescale
data by converting it into a distribution with a mean of 0 and a standard deviation of 1 [18]. In the situation of
multi-step financial stock index prediction, Z-score normalization aids in managing the fluctuating measures of
financial data by regulating the features and creating them similarly. This normalization technique is particularly
beneficial when utilizing ML techniques such as regression or neural networks, as it speeds up convergence and
enhances prediction accuracy. By eliminating the impact of outliers and ensuring that every feature has equivalent
alteration, Z-score normalization improves the model's steadiness and performance in predicting stock index trends
over multiple steps.

B. Stage II: Prediction using CNN-GRU

Next, the proposed MFSIFM-CNNGRU model designs a hybrid of CNN-GRU technique for the prediction model.
The GRU is a variation of the RNN. The GRU was presented to improve the RNN calculation and, more accurately,
to overwhelm the gradient vanishing problem [19]. Stimulated by the new LSTM, such that an individual cell of
the memory is lost, the GRU accepts dual gates, such as the reset and the update gates that are only liable for
updating and inputting the information and determining which information transfers to the following phase and
that must be prevented. The mathematic expression of the GRU is transcribed as shown:

R, =o(W,x; @ W.he_y @ b;) (€]
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Zy = o(Wyx, @ Wyhi_1 © by) (2)
Cy = tanh(Wxe @ W.(R O he_y) @ b.) 3)
00=01-Z)OC1+Z, Dc, 4)

Whereas W,., W,, W,, b,., b,, and b, represents bias and weights trainable parameters in the update and reset gates,
while Z, and R; signifies outputs of the update and reset gates, correspondingly x, denotes input vector at time-
step t, h,_, symbolize accessible data at the preceding time step, o stands for the function of sigmoid, @means
basic addition process, O, denotes hidden layer (HL) at present time t, and c, signifies candidate output state.

Input Layer

GRU GRU GRU GRU
GRU Layer

GRU GRU GRU GRU

CNN Extracted Feature

Figure 2. Structure of CNN-GRU

CNN is a type of DL structure mostly applied to resolving different types of time series, audio, text, and,
significantly for processing image information. It operates in dual differentiated phases: classification and feature
extraction. The CNN structure closely resembles the normal ANN to which it can be established that numerous
layers should be required to attain the last task. There is a collaboration of HL, an input layer, and an output layer.
Over the output and input layers, the HL is made from a pooling, a convolutional, a fully connected (FC), and an
activation layer. The convolutional layers are applied to remove the possible characteristics from the input area.
The layer of pooling was presented to improve the computing by reducing the feature count mapping by
remembering simply the necessary. During these layers, the max pooling is normally applied. The FC layer is the
final stage, and it is finally the CNN method utilized for the concluding prediction of the method.

It is a mixture of the CNN and the GRU. The GRU restores the information nearly the important characteristics
offered by the block of CNN; that can be attained by transitioning the fattened layer output value to the gate
components for tracking the sequence state. Lastly, the significance of joining the CNN by the GRU is that
reaction to either CNN or GRU models has been concatenated to offer the last response. Fig. 2 illustrates the
structure of CNN-GRU.

C. Stage I11: Parameter Optimizer

Eventually, the hyperparameter selection of CNN-GRU model can be implemented by the design of the IWOA.
The WOA is a new model, which differentiates itself in its novel architecture and its smaller controller parameters
after comparison with another optimization [20]. Additionally, the WOA converges rapidly is most impressive,
and implements superior to other intellectual models in various numeric optimization and engineering difficulties.

Nevertheless, the W0A even required breaking down several obstacles. Once directing complex issues with several
variables, it hunts gradually and is liable to become trapped in local ideals using a weaker convergence capability.
As a result, this paper improves the filling of the primary population locations of the model over chaotic mapping.
Then, it balances the local and global searching competence in the convergence procedure of the model, thus
enhancing the speed of convergence.

Chaotic Inverse Learning

Attaining optimum searching performance depends cripplingly on the accurate initialization of swarm methods.
As regards the WOA,, its arbitrary setup can result in an uneven distribution of whales through the searching region.
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As a result, when the wealth is not allowed, the majority of the whales will produce in places apart from the best
point that might improve the time to hunt for the optimum point and slow rates of convergence.

There is a dual chaotic perturbation equation: The Tent and the Logistic maps that are typically utilized by people.
The Logistic mapping tends to allocate points more consistently near the intermediate values. The Tent map is
simpler and even offers improved uniform traversal, providing the model with an advanced searching speed.
Moreover, when we utilize reverse learning to increase the initialization of the population, they might importantly
improve the speed of the convergences. Therefore, to utilize the advantages of either initialization technique, this
study makes the primary population using the principles of chaotic mapping and reverse learning.

During population optimization methods, while a greater N improves the global searching ability of the model, it
considerably decreases the speed of convergence. The chaotic map application to manage the first whale
population to decrease the correlation among sample individuals. The mathematic description of the model is
described as shown:

1 1
2x; + rand(0,1) x N 0<x< >

Xipq1 == 1 1 ,i=1,..,N (5
2(1—xl-)+rand(0,1)><N §<x§1

Whereas N characterizes the individual counts within the population group. x; signifies the individual whale
objects. The randomly generated variable aids stop the iterations into small or unstable periodical designs. The
development creates a greater change in increasing its efficiency and robustness.

Subsequently, we apply the chaotic sequence to make the consistent primary population.
Xij = Xminj + Ziej(Xmaxj — Xmin;) (6)
x?j = Xminj + Xmaxj — Xij ™

Whereas x;; characterizes the inverse population. xp,;,; and xp,y; symbolize the maximum and minimum whale
individuals in the j th column, individually. Lastly, we associate the reverse population that are composed of the
best N individuals selected based on their optimal fitness.

Dynamic Inertia Weight and Non-linear Convergence Factor

In the WOA, it is generally recognized that A and B are the dual essential parameters. A is typically reliant on a,
whereas C is frequently affected by r. Due to WOA, A plays an important role in the local exploitation abilities
and WOA’s exploration. To improve its capabilities of global exploration, we utilize 3 approaches: changing the
variation curve of A, presenting dynamical inertia weights, and joining the WOA by the simulated annealing
process and adaptive mutation perturbation.

1. Non-linear Convergence Factor

We apply non-linear convergence factors to change the variation curve. Based on Eq. (3), as a improves, A
additionally improves. It is detected that as A becomes greater, the iteration step size of the optimizer model rises.
Nevertheless, as the step size improves, the model’s concentration on the local area reduces. As a result, by
decreasing the value of a, and thus minimizing the size of the step, the local exploitation ability is improved.
Normally A reduces linearly from (2-0) within the WOA, then in several composite optimizer issues, this might
cause the model to untimely converge to local exploitation.

t
Tmax

—tan ((1.2* )2

= -
d=adg-e

8)

Here t embodies the present iteration count. T, Signifies the maximal iteration amount. d, denotes the primary
control factor. Earliest to the iteration, the value of a is greater than the new. During the last phases of iteration,
the curve suddenly reduces to a lower value.

2. Dynamic Inertia Weight

Based on this, we can apply dynamical inertia weights to update the locations of the whales’. The equation is as
demonstrated:

) = 1_<ﬂt>+ _(nt) 9
w(t) = Wmax sin Y- Wppip * SN T €))
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Where w characterizes the dynamic inertia weight. w,i,and wy.y refers to the minimum and the maximum of the
dynamical inertia weight. T, signifies the maximal iteration counts, whereas t represents the present iteration
amount. Finally, the equation below characterizes the spiral location adjustment:

X+ 1) = [Xpese(©) — X(@)| - € coss(2ml) + Xpese (1) - (£)  (10)

Whereas [ denotes randomly selected value inside the interval [1, 1]. w is moderately greater at the start of the
iteration that creates the model have improved abilities in global exploring, stopping initial convergence to local
ideals.

3. Adaptive Mutation Perturbation and Simulated Annealing Operation

Consequently, we can combine the simulated annealing principles into the WOA.. Additionally, for each individual
is possible to converge toward the optimum solution, this optimum individual might even not be the global optimal.
So, we utilize the equation.
Xt =t _.xt +(1—7>-xt (11)
bnew Maxiter bgaussian Maxiter bcauchy
At the start of the iteration, we utilize the Cauchy mutation for sharper and larger variations. The t is lower which
may assist the WOA get away from the local ideals. Once the iteration continues, t becomes higher. The IWOA

is applied to define the hyperparameter contained in the CNN-GRU system. The MSE is measured as function of
an objective and its mathematical formulation is given below.

1 L M
, 2

MSE =2 (v —d)) (12)
j=1i=1

While L means a resultant value of data; M signifies the resultant value of layer; d} and y} means the proper and
achieved scales for jth unit in tth time respectively.

4. Experimental Validation

The experimental evaluation of the MFSIFM-CNNGRU technique can be tested using three datasets [21]. Dataset
1: Dow Jones Composite Average (DJCA), Dataset 2: Dow Jones Industrial Average (DJIA), and Dataset 3: Dow
Jones Transportation Average (DJTA).
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Figure 3. Actual and Prediction Results on 50 Epochs
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Fig. 3 displays a thorough predictive outcome analysis of the MFSIFM-CNNGRU methodology with 50 epochs.
The figure identified that the MFSIFM-CNNGRU algorithm has accomplished effective predictive values below
three datasets. It is noted that the difference between the actual and predictive values is significantly low.
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Figure 4. Actual and Prediction Results on 100 Epochs

Fig. 4 displays a detailed predictive outcomes analysis of the MFSIFM-CNNGRU technique with 100 epochs. The
figure indicated that the MFSIFM-CNNGRU approach has achieved effectual predictive values below three
datasets. It is denoted that the change between the actual and predictive values is considerably low.
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Figure 5. Loss curve of MFSIFM-CNNGRU model under MSE, MAPE, MSE, and RMSLE
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Table 1: Overall outcomes of MFSIFM-CNNGRU system with various measures and three datasets

Stock Dataset MSE RMSLE MAE MAPE
DJCA 0.0497 0.1399 0.2138 0.4839
DJIA 0.0458 0.1356 0.204 0.4806
DJTA 0.0527 0.1427 0.2186 0.4859

Performance Measures
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0.5 1 0.484 p. 4871 2.486
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Values
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0.140 g, 136 9-143
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0.050 9 Q46 2-853
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Figure 6. Prediction outcomes of MFSIFM-CNNGRU system with three datasets

The overall outcome of loss analysis of the MFSIFM-CNNGRU approach on the MSE, MAPE, MSE, and RMSLE
is shown in Fig. 5. The figure shows that the MFSIFM-CNNGRU algorithm has meant the reduced DJCA loss,
DJIA loss across DJTA loss. It is also noted that the values of loss get soaked with the epoch count of 100.

In Table 1 and Fig. 6, the overall prediction outcomes of MFSIFM-CNNGRU system with three datasets. Based
on DJCA dataset, the MFSIFM-CNNGRU model attains MSE of 0.0497, RMSLE of 0.1399, MSE of 0.2138, and
MAPE of 0.4839. In addition, depending on DJIA dataset, the MFSIFM-CNNGRU approach reaches MSE of
0.0458, RMSLE of 0.1356, MSE of 0.204, and MAPE of 0.4806. Eventually, with respect to DJTA dataset, the
MFSIFM-CNNGRU system accomplishes MSE of 0.0527, RMSLE of 0.1427, MSE of 0.2186, and MAPE of
0.4859.

Table 2, an overall comparative outcomes of the MFSIFM-CNNGRU technique with existing approaches in terms
of MSE and MAE [2].

Fig. 7 illustrates the comparative MSE inspection of the MFSIFM-CNNGRU system. The table values implicit
that the MFSIFM-CNNGRU method outperformed the superior performances. Based on MSE, the MFSIFM-
CNNGRU methodology has reached lesser MSE of 0.0458 where the 1D-CapsNet-LSTM, RNN, LSTM, CNN-
LSTM, and SVR models have realized better MSE of 0.1320, 0.1156, 0.0976, 0.0797, and 0.0620.

Table 2: MAE and MAE outcomes of MFSIFM-CNNGRU algorithm with existing methods

Methods MSE MAE

1D-CapsNet-LSTM 0.1320 0.7651
RNN Model 0.1156 0.7473
LSTM Model 0.0976 0.6317
CNN-LSTM 0.0797 0.6154
SVR Algorithm 0.0620 0.5980
MFSIFM-CNNGRU 0.0458 0.4806
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Figure 7. MSE outcome of MFSIFM-CNNGRU algorithm with existing models
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Figure 8. MAE outcome of MFSIFM-CNNGRU algorithm with existing models

Fig. 8 establishes the MAE result of the MFSIFM-CNNGRU methodology is reported. The outcomes confirmed
that the 1D-CapsNet-LSTM technique has displayed ineffectual outcomes with greater MAE of 0.7651. In the
meantime, the RNN and LSTM methods have shown significant performance with MAE of 0.7473 and 0.6317.
Furthermore, the CNN-LSTM and SVR algorithms have proficient reasonable results with MAE of 0.6154 and
0.5980. Finally, the MFSIFM-CNNGRU system establishes maximum performance with lower MAE of 0.4806.

5. Conclusion

In this manuscript, we focus on designs and develop a MFSIFM-CNNGRU model. The proposed MFSIFM-
CNNGRU model relies on enhancing the predicting model for the financial stock index. To accomplish that, the
data normalization stage is initially performed by employing z-score normalization to convert input data into a
suitable format. Next, the proposed MFSIFM-CNNGRU model designs a hybrid of the CNN-GRU technique for
the prediction model. Eventually, the hyperparameter selection of the CNN-GRU model can be implemented by
the design of the IWOA. The efficiency of the MFSIFM-CNNGRU method has been validated by comprehensive
studies using the benchmark dataset. The numerical result shows that the MFSIFM-CNNGRU method has better
performance and scalability under various measures over the recent techniques.
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