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Abstract: The integration of machine learning and stock forecasting is attracting increased
curiosity owing to its growing significance. This paper presents two main areas of study:
predicting pattern trends for the next day and forecasting opening and closing prices
using a new method that adds a dynamic hidden layer to artificial neural networks and
employs a unique random k-fold cross-validation to enhance prediction accuracy and
improve training. To validate the model, we are considering APPLE, GOOGLE, and
AMAZON stock data. As a result, low root mean squared error (1.7208) and mean absolute
error (0.9892) in both training and validation phases demonstrate the robust predictive
performance of the dynamic ANN model. Furthermore, high R-values indicated a strong
correlation between the experimental data and proposed model estimates.

Keywords: deep learning; forecasting; artificial neural network; stock price prediction;
machine learning

1. Introduction

Trend theory in stock price forecasting is a crucial technical analysis method primarily
associated with the price and time domains. A stock trend refers to a specific configuration
observed in a stock’s time series chart that signifies a potential price trend. In [1], over
50 extensively recognized stock patterns have been analyzed, and the findings suggest that
each stock trend possesses a significant possibility of achieving a forecast price.

In this study, we propose a dynamic artificial neural network (ANN) model integrated
with a randomized k-fold cross-validation and adaptive sliding K-day window technique
for predicting future stock price trends. The dynamic structure allows the model to vary
the number of hidden-layer nodes for each window shift during training, enabling it to
autonomously capture underlying patterns in the data. We focus on forecasting the opening
and closing prices for the next day and extend the model to predict a sequence of 10 future
days using input parameters from historical stock data.

The experimental results show that the proposed dynamic ANN model achieves high
predictive accuracy for three major companies, Apple, Google, and Amazon, with rmse
and mae metrics reported across training, validation, and overall windows. The model
performs competitively compared to conventional architectures such as LSTM and GRU
and demonstrates strong adaptability across different window sizes (K = 30 to 80). This
supports its generalizability across market conditions and stocks from different sectors.

The motivation behind this approach lies in the limitations of static ANN architec-
tures, which often require manual tuning of parameters. ANNSs, unlike traditional linear
or nonlinear forecasting models, can automatically learn complex patterns without prior
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assumptions [2-5]. However, optimal network design (for example, the number of nodes
in the hidden layer) remains challenging. To address this, our proposed architecture incor-
porates both a sliding window approach and randomized k-fold validation for enhanced
generalization and robustness.

The primary contributions of this work are as follows:

¢  Providing comprehensive mathematical details regarding the Levenberg—-Marquardt
(L-M) algorithm for its implementation in the proposed model.

*  Introducing a novel randomized k-fold cross-validation methodology.

*  Developing a new ANN model that incorporates a variable number of nodes in the
hidden layer with each K-days window shift.

*  Forecasting the opening and closing prices for the under-researched stocks, along with
the correct price trend.

* Assessing and analyzing the efficacy of the proposed dynamic model in compari-
son to established advanced models, using performance metrics such as rmse, mae,
and R-value.

The paper is segmented into multiple sections: Section 2 provides the research findings
based on the literature survey. Section 3 provides a comprehensive explanation of the L-M
algorithm: both mathematical and practical implementation approaches and explanation
of the revolutionary random k-fold validation combined with the K-day sliding window
technique to develop the adaptive neural network construction with the selection of the
best system parameters. Section 4 establishes the multiple outcomes and analysis of
research work. Section 5 contains a discussion of the study with the practical feasibility
of deploying the model. Section 6 reflects the conclusion of the study. Lastly, Appendix A
features multiple appendices, containing derivative formulas essential for a comprehensive
understanding of the L-M approach.

2. Literature Survey

Buying in equities is the most enticing means of participating in the stock market due
to the tremendous rewards; nevertheless, it also carries the extreme trouble of experiencing
significant losses. For example, the past performance for the well-known NASDAQ-100
technology index from its inception in 1985-86 shows that successive losing years are
extremely rare; in 2022, it fell 33%, followed by a 46% recovery in 2023. Several financial
institutions predicted that the index could increase and would go up by 23-24% in 2024 [6,7].
Predicting stock prices is a crucial and sought-after endeavor for investors in the stock
market; however, it is also the most difficult challenge due to the volatile nature of stock
prices [8]. Consequently, accurate forecasting of stock prices allows investors to enhance
returns and mitigate losses [9].

Generally, the stock market is analyzed and predicted using four different meth-
ods: technical analysis, fundamental analysis, conventional time series and forecasting
techniques, and soft computing approaches. Technical analysis serves as a method for
predicting future stock market trends by examining historical time series data on stock
prices. Fundamental analysis entails examining a range of metrics related to companies,
focusing on aspects that reflect their overall growth, including gain and loss statements,
balance sheets, annual reports, and more [10]. Conventional statistical forecasting method-
ologies encompass time-based models that predict future stock prices by analyzing past
stock values using different autoregressive models like ES [11], ARIMA [12], ARCH, and
GARCH [13]. Stock price time series data exhibit intricate nonlinear dynamics, significant
noise, and dynamic chaos [14]. Machine learning predictions can enhance the efficacy
of major regression techniques twofold [15]. In [16], the authors examine the efficacy of
deep neural network (DNN) models in forecasting the stock premium. Stock price time
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series data exhibit intricate nonlinear dynamics, significant noise, and dynamic chaos [17].
Consequently, ordinary methods for forecasting time series cannot effectively capture the
intricate nonlinear and non-stationary dynamics of stock markets [18]. The implementation
of machine learning-based methodologies in addressing challenges across various research
and industrial domains, including optical networks [19], image segmentation [20], internet
of things [21], healthcare [22], and logistics [23], has demonstrated superior performance
compared to conventional techniques.

Neural network applications possess a fundamental characteristic: a network must
undergo training to address a particular problem. The process of iteratively updating the
bias and weight in ANNSs is referred to as the learning or training of ANNs. Training
ANNSs involves reducing the total error function, such as the average of squared error,
which quantifies the discrepancy between actual and forecasted values averaged across all
training samples. Various training algorithms are directly developed from the original back-
propagation approach. The back-propagation technique computes and iterates propagated
gradients from the output layer of the network to the input layer until the difference
between the actual and forecasted values is minimized or other stopping criteria, such
as the number of iterations or total number of epochs, are executed [24]. In addition,
there are more intricate algorithms that use Newton’s approach, namely the Levenberg—
Marquardt (L-M) algorithm, which originally appeared in [25]. It is possible to employ
the L-M algorithm with any feedforward neural network since it is a supervised training
approach that combines the benefits of the Gauss-Newton method and the gradient descent
method [26].

Various neural network training methods such as, the classic L-M algorithm can also
become stuck in a local minimum. Secondly, if there are in excess of three layers in the
network, the vanishing gradient problem occurs [20]. Classical first-order approaches can
address this issue by utilizing the momentum component. This improvement facilitates
surpassing local minima and identifying the correct trajectory toward the ideal solution.
The momentum factor may be chosen freely and maintained constant throughout the
training or be dynamically modified according to the convergence process. This method
was described in [27], and the main idea was to combine the good things about the L-M and
Conjugate gradient (C-G) approaches to make the training more reliable. In, refs. [28-32],
authors endeavored to create two forms of the momentum L-M algorithm, using both fixed
and variable momentum sizes. The proposed algorithms were better at cutting down on
training time than the traditional L-M algorithm.

As the utilization of ANNSs for stock series prediction gains traction, researchers have
commenced investigations into its application in stock trend recognition. The study [33]
came up with a method to recognize triangular patterns using a recurrent neural network,
while [34] developed a way to extract important points and used a multi-output artificial
neural network to find stock trends. In [35,36], researchers have used the 10-fold cross-
validation approach to validate ANNs and their corresponding models for forecasting
diverse trends, including short-term and long-term predictions. Another avenue of investi-
gation involves the segmentation of time series data. In [37], a fixed-length window was
employed to segment the time series into subsequences. Then, the time series was shown
using the beginning shape patterns that developed [38].

In [39], researchers use a backpropagation ANN with a sliding window method
to boost learning over time and make the models more reliable for index forecasting.
In [40], the study examines multiple studies that use sliding window approaches inside soft
computing models, especially artificial neural networks, to capture short-term fluctuations
in the market. In [41], researchers input time-dependent data into several ML models,
including ANN:S, for directional stock forecasts using a sliding window methodology. The
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recently created and more popular deep learning networks, LSTM and GRU, outperform
ANNSs in terms of accuracy [32,42-45]. This enhanced performance is especially noticeable
in applications that use sequential data, such as deep learning and time series prediction.
The primary distinction between the shifting window approach and the conventional
method is that the former partitions the data into smaller window segments for training
and validation, rather than utilizing the entire dataset simultaneously. Subsequently,
the previously trained model will be employed to again train and validate the next window
segment. Each window segment will be evaluated to forecast stock prices for a certain
period. To forecast unseen stock data, the optimum window segment has been finalized
after multiple iterations. The issue of significant short-term price fluctuations is effectively
managed through the shifting window technique, which facilitates the retraining and
updating of the model with each subsequent data prediction.

Problem Statement

Regrettably, all the aforementioned studies employed static methodologies, and the
input data consisted of long-term sequences. Static approaches are unsuitable for stock in-
vestment due to the time-consuming nature of stock time series, where long-term sequences
incur significant computational costs in dynamic methods. Furthermore, the model will con-
sistently incorporate the initial parameters, although their impact on prediction decreases
over time. So, from the extensive literature survey, we propose a dynamic methodology
aimed at identifying recently formed stock pattern trends, enabling executable investment
decisions based on stock series patterns and forecasting the opening and closing prices
with limited data.

3. Methodology
3.1. Mathematical Derivation of Levenberg—Marquardt Algorithm

The derivation of the L-M algorithm [25] is contingent upon the prior derivation of
the following algorithms: the steepest descent technique (see Appendix A.1), Newton's
technique (see Appendix A.2), and the Gauss—Newton technique (see Appendix A.3).

Before deriving the L-M algorithm, we define multiple frequently utilized indices. Let
72 denote the sequence index, which varies from 1 to &, with & indicating the total number
of samples. 72 signifies the output index, ranging from 1 to .#, with .# indicating the total
number of outputs. For weight, consider i and j indices, spanning from 1 to ./, where 4
denotes the total number of weights, and lastly, k indicates the iteration index.

The error (loss) function has been determined to assess the training procedure. We
calculate the total error function for all training sequences and network outputs as:

1 2
L(x,w) = 3 l;,m 1)
n=1lm=1

where x represents the input vector, w denotes the weight vector, and [, ,,, signifies the
training error at output »z while using the sequence p, defined as

Lo =Ypm —Gpm 2)

where v, ,, is the desired output vector and .., is the actual output vector.
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Levenberg-Marquardt Algorithm

From the Appendix A, to ensure the invertibility of the estimated the Hessian matrix
JTJ, the L-M method offers an alternative estimated of the Hessian matrix:

H ~JT] 4 ul 3)

where y is a value greater than zero, referred to as the combination coefficient, and I is the
identity matrix.

The elements of the approximated matrix # that are on the main diagonal will be
greater than zero, as shown in Equation (3). We can be sure that matrix # is always
invertible with this approximation (3). The revised L-M method can be expressed through
incorporating Equations (A21) and (3):

wir = wi— (T + pl) 7 I (4)

The L-M method is an adaptation of the S-D technique and the Gauss-Newton
technique. During training, it changes between the two algorithms. Equation (4) is getting
close to Equation (A21) and the Gauss—Newton technique is used when the combination
coefficient is very small or almost zero. Equation (4) gets close to Equation (A2) when the
combination coefficient is significantly big, and so the S-D technique is employed.

A large p in Equation (4) can be considered analogous to the learning coefficient in the
S-D technique (A2):

1
= — 5
B p )

The method is iteratively run until the loss factor decreases to a minimal threshold
number, at which time the desired result and actual output are nearly equal. However, it
is crucial to emphasize that the network must be trained with a large enough number of
samples and iterations to obtain the desired outcomes.

Choosing the y Value in Levenberg-Marquardt Algorithm: The y parameter in the
L-M method regulates the equilibrium between the S-D and Gauss—Newton techniques.
A larger u value produces a step approaching the S-D technique, while a minimal y value
yields a step closer to the Gauss—-Newton technique.

Here, we are defining the strategies for choosing the p value:

1.  Initial value: Start with a moderate value: A common starting point is 4 = 1. Adjust
based on problem characteristics: If the problem is known to be highly nonlinear,
a larger initial value might be appropriate.

2. Adaptive Updates:
(i) Increase p if the step size is not improving: If the sum of squared residuals increases
after a step, it indicates that the step size could be too large. Increase y to take a
smaller and more cautious step.
(ii) Decrease y if the step size is consistently improving: If the sum of squared residuals
decreases consistently after multiple steps, it suggests that the step size is appropriate.
Decrease y to allow for larger steps.

3.2. Data Collection

This research utilizes datasets from three distinct companies across various industries,
specifically AMAZON, APPLE, and GOOGLE, which are listed on the NASDAQ Stock
Market, United States of America (U.S.A) and included in the S&P 500 Index, covering
the period from 1 January 2022 to 31 December 2022. To ensure the reliability and valid-
ity of the proposed dynamic model, we have considered complementary data from the
Yahoo Finance website (https:/ /finance.yahoo.com/) accessed on 2 March 2025 for the
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stocks AMAZON, APPLE, and GOOGLE over a period of 251 days (the market remained
closed on holidays and festivals) on a daily basis, consisting of five individual parameters:
opening price, closing price (adjusted closing price), day’s high price, day’s low price, and
volume. To perform this experiment, we simulate data and produce graphs in the MATLAB
R2024a environment.

3.3. Normalization

Numerous machine learning algorithms endeavor to identify patterns within datasets
through the comparison of data point attributes. Nevertheless, a problem arises when the
characteristics exhibit significant disparities in their scales. Normalization encompasses a
range of strategies used for data processing, especially when the data comes from different
scales. If normalization is not applied, it may lead to errors in evaluation or inappropriate
conclusions. So, for that we are using Min-Max normalization. This technique involves
the process of normalizing the input dataset by fitting it within a predetermined boundary,
specifically within a predefined period. The values of numeric variables are within the
range of O to 1.

To normalize variable ¥; into x;, the formula of Min-Max normalization is given by

(1= 0) (5 = i)

= = +0
(xmax - xmin)

X; =
and so
(xn;ax - x'r;i'rl)

where x,7,c = Maximum of ¥; among dataset, x,,;;, = Minimum of £; among dataset. All

(6)

X; =

elements of each row are considered to be non-equal, and ¥; has only finite real values. (If
Xpmax = Xmin OF if X0y Of X i, are not finite, then x; = &; and there is no change.)

In this study, before feeding input variables to the neural network, we normalize all
the input variables into the range [0, 1].

3.4. Artificial Neural Networks

To enhance the understanding of forward and backward calculations, let us consider
the two-layer ANN as shown in Figure 1, having an input layer with x; (i = 1,2,...,n
represents the i-th input neuron). The hidden layer with h]- (j =1,2,...,m represents
the j-th hidden neuron), the sigmoid activation function f}(-), and output layer with y,
(0 =1,2,...,1 represents the o-th output neuron) and linear activation function f,(-). Where
weight-and-bias notations can be understood as follows: «;; is the weight connecting input
neuron i to hidden neuron j, b; is the bias of hidden neuron j, v}, is the weight connecting
hidden neuron j to output neuron o, and ¢, is the bias of output neuron o. For a given
sequence, 7z = 25,1 = 2, and 7z are variable between 1 and 30.

Our problem can be described as follows: The input layer of the ANN consists twenty-
five variables of the stocks” opening price, closing price, volume, daily high, and daily low
price for five consecutive days. The variables x1, x2, x3, x4, and x5 represent inputs for
the day f; x¢, x7, xg, X9, and x1¢ denote inputs for the day t — 1; x11, X12, X13, X14, and x15
correspond to inputs for the day t — 2; x1¢, X17, X18, X19, and xyg signify inputs for the day
t — 3; and x1, X22, X23, X24, and xps5 indicate inputs for the day ¢ — 4.
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Output layer

Input layer

Hidden layer

Figure 1. ANN architecture with 25 input nodes in input layer, variable number of nodes from #; to

h3p in the hidden layer, and two output prediction nodes in the output layer.

(a)

(b)

The forward calculation may be structured as follows:

Compute the net value at the jth hidden node and outputs for all nodes in the
hidden layer:
n
Zj = 2 wijXi + b]'
i=1
1
hi = fy(zj) = ——.
] f h( ]) 1t+e %
So,
I wa W12 1,25 X1
hy w1 W22 w25 b))
= fn . . .
him Wml Wm2 Wm25) \X25

@)
8)
by
by
. )
by

Utilize the first-layer neurons’ outputs as the inputs for every neuron in the output

layer, calculate the net values for the kth output node in a similar manner, and

output from them can be expressed as:

m
0 = Z Ujoh]' + Co
=i

Yk = fo(00)

Therefore,

hy

(10)

(11)

n o f U117 V12 - Uma h2 4 C1 (12)
= Jo .
Y2 021 V22 ... Ump2 : (o))

h
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(c) Calculate the loss function which is defined in Equations (1) and (2). After the
forward calculation, The Jacobian, along with the loss vector and the damping
parameter , is used in the L-M update rule to calculate how much to adjust each
weight in the network.

The backward calculation may be structured as follows:

(d)  The matrix J has dimensions (£ - #) x #, where & is the number of training
sequences, ./ is the number of output neurons, and ./ is the total number of biases
and weights in the network. Therefore, for the zth training sequence with the 7zth
output neuron and the »th weight/bias, the entry in the matrix J will be:

My 3y Ym OSm

dwy  OYm OSm dwy

(13)

where [, ,, is the loss vector for the z2th sequence and the 72th output neuron, y,, is
the output of the »zth output neuron, s,, is the weighted sum of inputs to the 7zth
output neuron.

(e) Back-propagation from the output layer to the hidden layer: If «, is a weight
connecting the hidden layer to the output layer (vj), then:

gSTm = h; (output for the jth hidden node) (14)
jo

Back-propagation from the hidden layer to the input layer: If «, is a weight
connecting the input layer to the hidden layer («;), then:

S - oS ah]- aZ]'

— om 7] 15
= vjtfu(2)xi (16)

63) After the calculating the back-propagation at each layer, the L-M update:
Aw = =TT+ pl) "I (17)

where A is the vector of weight-and-bias updates, J is the Jacobian matrix (with

dimensions P - M x N), u is the damping parameter, [ is the identity matrix, and [ is

the vector of errors (t,,, — Y 5, ) for all training patterns p and output neurons 7.
(g)  Update the rule for new weights and biases as:

w =w+ Aw,b="b+ Ab.

The stages (e)—(g) are repeated for backward propagation. Then, the related parts of
the matrix J can be found using Equation (13). By performing the forward and backward
calculations as mentioned above, we can compute the entire matrix J for other sequences.

3.5. Training Process Design

If the loss value decreases, which means it is smaller than the last loss value, it implies
that the quadratic approximation on the total loss function is working and the combination
coefficient u could be reduced to reduce the influence of the gradient descent part (ready
to speed up). If the loss value grows, indicating it surpasses the previous loss value, it is
essential to adhere more closely to the gradient to identify an appropriate curvature for
quadratic estimation, necessitating an increase in the value of y.

Therefore, the training process using the L-M algorithm is as per the following steps:
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Assess the total loss value using the first obtained random weights.
Execute an update as specified by Equation (4) to modify weights.
Utilize the updated weights to compute the overall loss value.

L e

If the updated total loss value increases, reverse the step (restore the weight vector to

its prior value) and boost y by a factor of 10. Proceed to step 2 and attempt the update

once again.

5. If the updated total loss value is lower, accept the step by retaining the new weight
vector as the current one and reduce y by a factor of 10.

6.  Proceed to step 2 with the updated weights until the current overall loss value is less
than the specified threshold.

7. For regularization: We keep an eye on validation performance, and if the loss function

stagnates or gets worse over the sequence of six iterations, we halt the training to

prevent becoming stuck at local minima.

The flow chart for the forward and backward calculations, as well as the training
process, is illustrated in Figure 2.

! Loop hidden layer nodes: n=1 to 30 |<—

Loop: K-window size

> . —
> (K=30,40,50,60,70,80) Loop: Each k-fold
) Initialize Datasct, Network,
| Loop: Each window shift Weights, Biases; Set: T, ¢, a, P=6
vy s ion t= [—
—DI Torward Propagation
* »| Increase count

Compute: (1) Training of loss
function by LM algorithm: Ly,
@) o, mo
Validation: Compute MSEva ©

*

A4

Stop Training

Convergence
check:

i [VWII+ [IVb]l < e

Yes

Store MSEv ® for k-fold

kktl |
@ Yes
« @ Selection of best k-fold
based on MSE
Yes

K=K+10 Store MSE(1) for n nodes — »
in hidden layer e+l ==
No

Analyze the entire
dataset by shifting K- [¢—]
window size

Shift K-Window size | Prediction: | Selection of best model
for next 10 days Next 10 days for prediction

Figure 2. Flowchart of the dynamic ANN.

3.6. Random k-Fold Cross-Validation

The technique of multi k-fold validation is used to evaluate predictive models. It is
a resampling technique that evaluates and trains a model over several iterations using
distinct data folds. Figure 3a illustrates the division of the dataset into k-folds, or subsets of
equal size. The model is trained and analyzed k times, each time with a different fold as the
validation set. This method facilitates model evaluation, selection, and hyperparameter
tuning by providing a more solid measure of a model’s effectiveness. Previous research
has employed k-fold cross-validation to avoid overfitting. The dataset is divided into two
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parts: 80% for training the model and 20% for validating it. This improves the algorithm’s
generalization capabilities in various aspects. But, for the stock market data, traditional
k-fold cross-validation is not useful, as standard k-fold randomly splits a big portion of the
data, which violates the time order and can cause data leakage.

Dataset

TRAINING M

() | | | | |
2 [ | |

[

o

(a)

Dataset

i
TRAINING M

1L W WF W T T
2 W 0N WU WUEWU W LU
s(M W W0 RN L

é

Figure 3. (a) Traditional k-fold cross validation. (b) Random k-fold cross validation.

To overcome the drawbacks of traditional k-fold cross-validation, this study develops
anovel random multi k-fold validation to improve the algorithm. It enhances how well the
model predicts unknown data based on the known dataset, which helps avoid a problem
called “overfitting”. The presence of overfitting indicates that the model did not learn
the important laws in the data. A random multi k-fold validation takes a more dynamic
strategy, randomly splitting the data into smaller subsets for training and validation in
each cycle. This strategy improves the robustness of model evaluation by removing the
potential bias associated with fixed splits and allows for a more comprehensive assessment
of the algorithm’s effectiveness across varied data distributions. By setting a random
number seed to ensure the same number of samples for each data split, the consistency of
cross-validation is ensured. Figure 3b shows the procedure for partitioning and training
the sample set. This method employs a random approach to create a sample set, allocating
15% for validation and 85% for training data. A random k-fold cross-validation facilitates
the model’s learning from diverse samples, thereby mitigating the risk of converging to
local extrema.

3.7. Sliding Window Technique

The sliding window technique, employing a window size of ‘K-days’ and a 10-day
interval, is utilized to transform raw time series data into sequential input features for the
ANN. This method enables the ANN to identify temporal dependencies and trends in the
data, thereby improving its predictive efficacy. By methodically adjusting the window,
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the model can acquire insights from diverse segments of the data, enhancing its precision in
predicting future values. Each window comprises ‘K’ consecutive data values, representing
‘K’ days of observation. The observations are subsequently normalized and input into the
ANN, allowing it to identify patterns and correlations that may not be apparent in the raw
data alone. As the model processes these inputs, it adjusts its weights and biases, resulting
in more accurate predictions grounded in historical trends. The model subsequently
forecasts for the ensuing 10 days. The window subsequently shifts by 10 days, resulting in
the revised ‘K’ day dataset. For instance, utilizing daily data and K = 30, the initial window
encompasses days 1-30, followed by window shifts of days 2-31, 3-32, and so forth. This
10-day period facilitates a comprehensive analysis of the data, revealing trends that persist
beyond multiple days. For a better understanding of the sliding window mechanism, refer
to Figure 4. As for each window shift, we train the data, and based on the MSE value, we
try to identify the best neural network architecture to predict next day opening and closing
price of the stock. This iterative process enables us to enhance our model by modifying
parameters and assessing performance with each new window. Our objective is to improve
predictive accuracy and ensure that the architecture aligns with the underlying patterns in
the dataset.

170

T
Actual
Prediceted |

160|
150 -
140
130

120

Closing price

110

100

90|

. |
/ Sliding Window shifting b

| | | "
2lo 40L 60 80 100 120 140 160 180 200
~ t

80

Y,=|Actual output
A4

Loss Function

Y,= Desired output

Input Layer  Hidden Layer Output Layer

Figure 4. Shifting K-day window size mechanism.

3.8. Selection Criteria for Nodes in Hidden Layer for the Dynamic Neural Network Architecture

Initially, we fixed the K-day window size, and for each window shift, we determined
the k-th fold for which the ANN architecture would be developed, and then we varied the
number of nodes in the hidden layer to select the optimum ANN architecture. The archi-
tecture comprises 25 input neurons in the input layer and 2 output neurons in the output
layer, with the hidden layer containing 1, 2, 3, ... up to 30 neurons. We construct all
plausible ANN structures. The neural network architecture for all combinations will be
represented as 25-1-2, 25-2-2, ..., 25-29-2, and 25-30-2. So, the total number of possible ANN
architectures would be 10 x 30 = 300 for each shift. Therefore, we have up to 300 x 21 = 6300
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different ANN model combinations for each K-window size, depending on the fold and
number of nodes in the hidden layer. Subsequently, we evaluate the mean square error
(mse), which is the loss function for each ANN having a different architecture. From there,
we select the optimal architecture with the least overall root mean squared error (rmse),
mean absolute error (mae), and R-value. Subsequently, we repeat this process for each
fold, selecting the optimal combination of fold and number of nodes in the hidden layer.
Through comparison of overall performance metric values across various configurations,
we determine the optimal architecture for each window shift that mitigates the error and
improves model reliability. Figure 5 demonstrates the flowchart of the selection criteria for
the optimal number of nodes in the hidden layer and the number of k-folds in determination
of the best dynamic architecture for the ANN.

Start

Window

Shift
(for each

Window
size K)
random
k-fold
Shift = 1 (for each
window
shift)
Network
Shift = 3 Fold s o
o k-fold)
3 Fold =2
K =80
Shift = 21

Select
Best Ar-
chitecture
(Lowest
MSE)

Select
Best Fold
(Lowest

MSE)

Collect MSE
<——]  of each Ar-
chitecture

i
I
i
i
a | Predict
1oy 1 10 Days
i
i

Figure 5. Flowchart of the proposed methodology.

Performance metrics, including rmse, mae, and R-value, are evaluated for each K-
window size for APPLE, GOOGLE, and AMAZON. The K = 70 window size demonstrated
enhanced performance for APPLE compared to alternative window sizes. Table 1 shows
the performance results for APPLE stock for each shift of the artificial neural network,
taking into account the number of nodes in the hidden layer, the random k-fold value,
and the K =70 window size. The K = 40 window size demonstrated enhanced performance
for GOOGLE compared to the other window sizes. Table 2 displays the performance data
for GOOGLE stock associated with each shift of the artificial neural network, considering
the nodes in the hidden layer and the random k-fold value along with the K = 40 window
size. Similarly, the K = 60 window size demonstrated superior performance for AMAZON
compared to other window sizes. Table 3 shows the performance results for AMAZON
stock based on each shift in the artificial neural network, taking into account the nodes in
the hidden layer and the random k-fold value within the K = 60 window size.

Figure 6 demonstrates the dynamic architecture of the ANN with the highest accuracy
of folds in each window shift, where the number of nodes in the hidden layer changes
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ranging from 1 to 30. This adaptability allows the model to effectively capture temporal
patterns and fluctuations in stock prices. The results also demonstrate that incorporating
the optimal number of nodes with high accuracy folds in the hidden layer significantly
enhances the accuracy of predictions. This shows how important it is to fine-tune model
parameters in financial forecasting.
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Figure 6. In each window shift, an ANN changes dynamically the number of nodes in the hidden
layer and the number of random k-folds to (i) forecast opening and closing prices and (ii) predict the
correct trend for the next day.
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Table 1. Performance metrics across different window shifts, number of hidden layer nodes, and number of random folds for APPLE for K = 70-day window shift.

Wér}ff(:w Hilgg:lrfsljar;er le_rll:i(l):l rTrain rVal rTest rAll rmseTrain rmseVal rmseTest rmseAll maeTrain maeVal maeTest maeAll
1 6 3 0.9830 0.8718 0.5091 0.9476 1.1746 3.0729 41236 2.1074 0.9249 1.5382 1.8375 1.1740
2 6 2 0.9621 0.8227 0.8340 0.9471 1.8720 3.3692 5.5221 2.8208 1.0246 1.7217 2.0924 1.4217
3 20 8 1.0000 0.9019 0.7041 0.9839 0.0000 3.1538 4.4780 1.9683 0.0521 1.5659 1.8739 0.8821
4 26 6 1.0000 0.9279 0.7808 0.9748 0.0000 4.4489 6.1927 2.7414 0.0323 1.8643 2.3201 1.0731
5 22 4 1.0000 0.9622 0.1743 0.9871 0.0005 3.8980 4.6546 2.1903 0.0569 1.7534 1.8883 0.9332
6 11 8 1.0000 0.9747 0.5385 0.9922 0.0000 3.0213 3.8339 1.7585 0.0000 1.5182 1.7802 0.8444
7 22 10 1.0000 0.9665 0.8147 0.9859 0.0085 3.0583 4.1433 1.8526 0.0822 1.5277 1.7521 0.8424
8 9 6 0.9966 0.9417 0.6432 0.9877 0.8719 3.1345 2.8860 1.7183 0.7938 1.5082 1.5582 1.0397
9 9 3 0.9915 0.9038 0.8818 0.9870 1.5391 3.1654 22111 1.9329 1.0940 1.4896 1.2984 1.1826
10 29 7 1.0000 0.9458 0.7701 0.9882 0.0468 4.3363 2.8941 1.9063 0.1792 1.7959 1.4564 0.8557
11 9 2 0.9965 0.9714 0.5131 0.9855 1.0548 3.2386 3.5833 1.9667 09116 1.5337 1.6641 1.1324
12 6 6 0.9961 0.9794 0.6841 0.9858 0.9897 2.6305 3.7645 1.8562 0.8611 1.4489 1.6968 1.0933
13 5 5 0.9924 0.9781 0.7344 0.9859 1.2147 1.9064 3.1267 1.6763 0.9804 1.2442 1.6170 1.1174
14 6 8 0.9931 0.9643 0.7599 0.9782 1.1944 3.1048 4.0405 2.1020 0.9621 1.6301 1.6267 1.1742
15 12 5 1.0000 0.9709 0.6563 0.9844 0.0000 3.1356 4.0787 1.8524 0.0000 1.6180 1.8204 0.8799
16 20 1 1.0000 0.8408 0.5250 0.9810 0.0297 3.4762 3.6275 1.8185 0.1422 1.7323 1.7313 0.8957
17 26 5 1.0000 0.8923 0.4915 0.9442 0.0205 3.2045 5.2711 2.2103 0.1107 1.5723 21171 0.9520

Notes: rTrain, rVal, rTest, rAll: Pearson correlation coefficients for training, validation, testing, and combined datasets. Values closer to 1 indicate strong correlation. rmseTrain, rmseVal,
rmseTest, rmseAll: root mean squared error for training, validation, testing, and overall datasets. A lower value means better performance. maeTrain, maeVal, maeTest, maeAll: mean
absolute error for training, validation, testing, and overall datasets. Another evaluation metric where a lower value indicates a better fit. This table presents the performance of the
proposed model for APPLE stock using a 70-day sliding window shift. Each row corresponds to a different configuration of the model, varying by the number of hidden layer nodes,
the number of folds by using random k-fold cross-validation, and the window shift index. The metrics include correlation coefficient (r) for training, validation, and overall, along with
rmse (root mean squared error) and mae (mean absolute error) values for each model architecture.

Table 2. Performance metrics across different window shifts, number of hidden layer nodes, and number of random folds for GOOGLE for K = 40-day window shift.

wér}ljf(:w Hilgggsi;l;er le-r;(i)(l)(rin rTrain rVal rTest rAll rmseTrain rmseVal rmseTest rmseAll maeTrain maeVal maeTest maeAll
1 11 6 0.9996 0.8019 0.6680 0.9377 0.1785 2.7597 3.3368 1.7783 0.3298 1.5120 1.6453 0.9432
2 11 10 0.9835 0.4648 0.2800 0.9479 1.1027 2.5097 3.0030 1.8402 0.8459 1.4393 1.5720 1.1088
3 8 10 1.0000 0.9387 0.8139 0.9586 0.0000 1.9568 2.7263 1.3950 0.0000 1.2270 1.4554 0.7774
4 2 1 0.9799 0.8899 0.6486 0.9476 0.9604 3.2273 5.7366 2.9084 0.8400 1.6101 2.1601 1.3130
5 4 3 0.9975 0.9438 0.3591 0.9890 0.6212 2.5195 2.6049 1.5431 0.6155 1.4340 1.4904 0.9740
6 18 7 0.9982 0.9743 0.5093 0.9881 0.7916 1.9599 3.4582 1.8108 0.7870 1.2019 1.6350 1.0626
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Table 2. Cont.

Wér}ff(:w Hilgg:lrfsljar;er le_rll:i(l):l rTrain rVal rTest rAll rmseTrain rmseVal rmseTest rmseAll maeTrain maeVal maeTest maeAll
7 16 2 0.9997 0.9133 0.8079 0.9819 0.2336 3.1081 2.5383 1.5763 0.4408 1.5264 1.4248 0.9043
8 12 7 0.9993 0.6739 0.5953 0.9219 0.2230 3.2635 3.1647 1.8207 0.4137 1.6388 1.6676 0.9974
9 8 6 0.9938 0.5482 0.7932 0.9250 0.3980 2.7715 2.0986 1.3821 0.5274 1.5366 1.3203 0.9061
10 2 1 0.9038 0.6437 0.4686 0.8038 1.9132 2.1354 3.0609 2.2159 1.2349 1.3278 1.5758 1.3211
11 21 9 0.9823 0.8803 0.7045 0.9452 0.6986 3.0247 2.3540 1.5931 0.7113 1.6476 1.3192 1.0089
12 21 1 1.0000 0.8855 0.8850 0.9439 0.0012 2.1513 2.9578 1.5183 0.0299 1.3815 1.6039 0.8626
13 26 5 0.9972 0.8102 0.0909 0.9532 0.3075 1.7599 2.7274 1.3870 0.4387 1.2074 1.4525 0.8531
14 10 10 0.9899 0.9679 0.5921 0.9556 0.8048 1.4260 4.0472 1.9901 0.7656 1.0906 1.8584 1.1100
15 22 1 1.0000 0.9721 0.6071 0.9916 0.0289 1.9288 1.8748 1.0724 0.1394 1.2305 1.2565 0.7146
16 21 10 1.0000 0.9696 0.4630 0.9862 0.0142 1.9255 2.2231 1.1973 0.0925 1.2240 1.3800 0.7527
17 20 4 0.9846 0.7408 0.7795 0.9335 0.8987 3.3132 4.3512 2.3776 0.8370 1.7115 1.8786 1.2384
18 9 10 0.9825 0.9287 0.7515 0.9411 0.9462 2.6783 2.5463 1.6632 0.8320 1.4594 1.3543 1.0455
19 8 10 0.9881 -0.1981 0.3653 0.9222 0.7978 3.0065 2.7782 1.7496 0.8060 1.3602 1.5150 1.0596
20 30 1 1.0000 0.2057 0.6186 0.9388 0.0198 2.6710 2.9098 1.5968 0.1030 1.4235 1.4814 0.8302

Notes: rTrain, rVal, rTest, rAll: Pearson correlation coefficients for training, validation, testing, and combined datasets. Values closer to 1 indicate strong correlation. rmseTrain, rmseVal,
rmseTest, rmseAll: root mean squared error for training, validation, testing, and overall datasets. A lower value means better performance. maeTrain, maeVal, maeTest, maeAll: mean
absolute error for training, validation, testing, and overall datasets. Another evaluation metric where a lower value indicates a better fit. This tablepresents the performance of the
proposed model for GOOGLE stock using a 40-day sliding window shift. Each row corresponds to a different configuration of the model, varying by the number of hidden layer nodes,
the number of folds by using random k-fold cross-validation, and the window shift index. The metrics include correlation coefficient (r) for training, validation, testing, and overall,
along with rmse (root mean squared error) and mae (mean absolute error) values for each model architecture.

Table 3. Performance metrics across different window shifts, number of hidden layer nodes, and number of random folds for AMAZON with a K = 60-day
window shift.

Window Nodes in Random

Shift Hidden Layer k-Fold rTrain rVal rTest rAll rmseTrain rmseVal rmseTest rmseAll maeTrain maeVal maeTest maeAll
1 23 2 1.0000 0.9155 0.7070 0.9708 0.0001 4.2528 3.5339 2.0272 0.0013 1.9030 1.6235 0.9177
2 6 7 0.9507 0.9425 0.6550 0.9220 2.4938 2.9255 9.6783 4.3604 1.3632 1.4206 2.5213 1.5879
3 2 9 0.9770 0.8713 0.6412 0.9843 2.3846 4.1438 7.8081 3.8807 1.3356 1.7996 2.6360 1.6458
4 15 7 1.0000 0.9539 0.7680 0.9883 0.0658 6.1101 6.0553 3.1688 0.2167 2.1491 2.2607 1.1654
5 2 1 0.9874 0.9872 0.5924 0.9730 3.7013 3.1698 10.5128 5.2020 1.6438 1.5474 2.7606 1.8344
6 6 5 0.9992 0.9955 0.3366 0.9944 0.8923 2.4659 6.1146 2.5890 0.8360 1.3937 2.2803 1.2254
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Table 3. Cont.

Wér}ff(:w Hilgg:lrfsljar;er le_rll:i(l):l rTrain rVal rTest rAll rmseTrain rmseVal rmseTest rmseAll maeTrain maeVal maeTest maeAll
7 15 5 1.0000 0.9798 0.6795 0.9939 0.1271 4.0509 3.3589 1.9322 0.3183 1.7610 1.6064 0.9171
8 19 4 1.0000 0.9384 0.4742 0.9633 0.0001 5.4808 6.1400 3.0410 0.0084 2.0688 22174 1.1193
9 8 7 0.9935 0.8459 0.6343 0.9896 1.0432 3.6586 3.8642 2.1557 0.9103 1.7160 1.8277 1.2081
10 15 3 1.0000 0.9678 0.6576 0.9855 0.0001 3.7542 5.1327 2.3613 0.0001 1.7793 2.0605 1.0068
11 26 4 1.0000 0.9729 0.0627 0.9864 0.0001 3.1701 4.5313 2.0556 0.0006 1.5901 1.8997 0.9169
12 10 4 0.9902 0.9759 0.7244 0.9806 1.8837 2.8553 3.9303 2.4166 1.1919 1.5237 1.8189 1.3439
13 23 8 1.0000 0.9517 0.6145 0.9839 0.0134 4.3055 2.9516 1.9048 0.0952 1.8298 1.5628 0.8866
14 23 7 1.0000 0.9068 0.3747 0.9793 0.0003 41147 3.9275 2.0929 0.0146 1.8187 1.7477 0.9283
15 7 5 0.9916 0.9430 0.8540 0.9775 1.4169 4.0533 6.2570 3.0279 1.0357 1.9103 2.2464 1.4041
16 6 5 0.9944 0.9602 0.1182 0.9864 1.4033 3.9595 4.2563 2.4573 1.0359 1.8686 1.7771 1.2969
17 21 9 1.0000 0.9443 0.5080 0.9912 0.1229 3.6950 3.4038 1.8497 0.2964 1.8173 1.6913 0.9472
18 15 6 0.9995 0.9507 0.4649 0.9900 0.4474 3.2109 3.7319 1.8604 0.5351 1.5512 1.7002 0.9649

Notes: rTrain, rVal, rTest, rAll: Pearson correlation coefficients for training, validation, testing, and combined datasets. Values closer to 1 indicate strong correlation. rmseTrain, rmseVal,
rmseTest, rmseAll: root mean squared error for training, validation, testing, and overall datasets. A lower value means better performance. maeTrain, maeVal, maeTest, maeAll: mean
absolute error for training, validation, testing, and overall datasets. Another evaluation metric where a lower value indicates a better fit. This tablepresents the performance of the
proposed model for AMAZON stock using a 60-day sliding window shift. Each row corresponds to a different configuration of the model, varying by the number of hidden layer nodes,
the number of folds by using random k-fold cross-validation, and the window shift index. The metrics include correlation coefficient (r) for training, validation, testing and overall, along
with rmse (root mean squared error) and mae (mean absolute error) values for each model architecture.
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4. Results

In this study, we focus on the following analysis: (i) measuring the accuracy of the
predicted pattern trend to the actual pattern trend and (ii) actual versus forecasted opening
and closing price by optimal K-day window size for the abovementioned stocks. For the
first analysis, we define the actual pattern trend as the difference between the day’s closing
price and the opening price, and the predicted pattern trend as the difference between the
next day’s predicted closing price and the predicted opening price. If this difference is
positive, then we call it an “upward trend,” and its sign will be positive; otherwise, we
call it a “downward trend,” and its sign will be negative. The results of this comparison
will allow us to evaluate the efficacy of our dynamic neural network and discover any
differences between our forecasts and the actual short-term market trend behavior.

Let us define the following terms to understand the pattern trend analysis as follows:

1. Predicted trend of the ( 4+ 1) day on the day ¢, defined as:

(PT) = Predicted closing price of (f + 1) day — Predicted opening price of (¢ + 1) day.
2. Actual trend of the (¢t + 1) day, defined as:

(AT) =Actual closing price of the (f + 1) day — Actual opening price of the (t + 1) day.
3. Correct pattern prediction (CP):

(@)  Case 1: Same direction: If sign(AT) = sign(PT), then:
CP =1 (Correct prediction)

(b)  Case 2: Opposite direction, within tolerance (T) level: If sign(AT) # sign(PT)
and AT # 0 and (|PT| + |AT|) < T, then:

CP =1 (Correct prediciton)

(c)  Case 3: Opposite direction, beyond tolerance (T): If sign(AT) # sign(PT) and
AT # 0and (|PT| + |AT|) > T, then:

CP =0 (Incorrect prediction)

(d) Case 4: AT is zero: If AT = 0, then if PT = 0 then CP = 1 else CP = 0.
4.  Total number of predictions (TP) =

Total number of correct predictions(CP = 1)
+
Total number of incorrect predictions(CP = 0).

With the above four conditions, we will find the accuracy of the correct prediction
trend one day before the actual trend as follows:
Total number of CP =1

% of accuracy for correct predicting trend = TP x 100.

By analyzing these discrepancies, investors could create buying and selling strategies
for (t + 1)-th day on the t-th day. As an example, if the difference between the next day’s
predicted closing price and predicted opening price is significantly large (upward trend),
then the investor can buy stocks in bulk at the next day’s market opening time and book a
profit at the end of the day. If the difference is considerably negative (dlownward trend),
avoid the deal for the following day. Here, we set the tolerance to 2.5%, which is equal to
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£1.25% of the closing price of the previous day. It indicates that if the trade price does not
exhibit a substantially larger movement (sideways trend), it will not cause a major loss or
profit for the investor. This strategy allows investors to minimize risk while maximizing
potential gains. For this, we are analyzing the accuracy of correct predicted pattern trends
in % for every K-day window size while considering the abovementioned four cases.
Table 4 presents the accuracy (in percentage) level of a dynamic ANN to predicting
the next day’s pattern trend for three different stocks: AMAZON, GOOGLE, and APPLE.
The accuracy is measure for all K-window sizes to predict correct pattern trend for next day.
For the AMAZON stock, K = 60 days window size predicts correct predicted trend with
highest accuracy of 71.11%. For the GOOGLE stock, K = 40 days window size predicts
correct predicted trend with highest accuracy of 73% and lastly, for the APPLE stock,
K = 70 days window size predicts correct predicted trend with highest accuracy of 75.29%.

Table 4. Accuracy in % of correct predicted pattern trend for next day with analyzing all K-window
sizes with the dynamic ANN with L-M algorithm.

K-Window Size AMAZON GOOGLE APPLE
30 66.67 71.90 70.00
40 60.50 73.00 70.00
50 64.21 69.47 73.16
60 71.11 63.89 70.00
70 69.42 72.33 75.29
80 68.75 68.12 73.75

Figure 7 demonstrates how the actual versus predicted trends match each other for
the abovementioned stocks. Figure 7a for AMAZON represents the actual vs. predicted
trend with the window size K = 60 and 71.11% accuracy. Similarly, Figure 7b,c represent,
for APPLE and GOOGLE stock, the actual trend vs. the predicted trend of window size
K =70 and K = 40 with 75.29% and 73.0% accuracy, respectively.

Figure 8 illustrates the actual versus predicted (i) opening prices (Figure 8a,c,e) and
(ii) closing prices (Figure 8b,d,f) for the abovementioned stocks across the dataset. The anal-
ysis employs window sizes K = 60, 70, and 40 days for AMAZON, APPLE, and GOOGLE,
respectively, as these sizes yield the most accurate predictions for the subsequent day.
Quantitative metrics such as rmse and regression line (R) are crucial for evaluating time
series forecasting models; nevertheless, they often provide an aggregated and potentially
incomplete representation of a model’s predictive capacity. This metric is crucial for assess-
ing error magnitude; however, they can mask significant performance trends and lack the
ability to pinpoint precise forecasts. Regression line plots, in particular, show the correlation
between the model’s predicted and actual values in forecasting evaluation.

Figure 9 represents the regression line for the actual versus predicted variable for open-
ing prices (Figure 9a,c,e) and for closing prices (Figure 9b,d,f) across the dataset. The analy-
sis employs window sizes K = 60, 70, and 40 days for AMAZON, APPLE, and GOOGLE,
respectively, as these window sizes yield the most accurate predictions for the subsequent
day. This graph aligns the model’s output with actual data on a point-by-point basis,
bypassing scalar error metrics. A model exhibiting a slope about equal to 1 and an intercept
close to 0 can be considered unbiased. On the other hand, if the model consistently over-
estimates or underestimates values, and there is a lot of variation in the points, it shows
where the model does not accurately represent the time series data. Regression line plots
can reveal localized performance patterns that aggregated error measures fail to capture.
A model with a low mean squared error might seem effective overall, but a regression line
plot can show specific points where the model’s predictions often differ from the real values.
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Figure 7. Comparison of the predicted next-day trend with the actual next-day trend for (a) AMAZON
with K = 60 window size, (b) APPLE with K = 70 window size, and (c¢) GOOGLE with K = 40
window size.
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Figure 8. Actual versus predicted forecasting for (a,c,e) opening and (b,d,f) closing price for above-
mentioned stocks using dynamic ANN with L-M algorithm and K = (a) 60-, (b) 70-, (c) 40-, (d) 60-,
(e) 70-, and (f) 40-day sliding window sizes.
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Figure 9. Plot regression line for (a,c,e) opening and (b,d,f) closing price for abovementioned stocks
using dynamic ANN with L-M algorithm and K = (a) 60-, (b) 70-, (c) 40-, (d) 60-, (e) 70-, and (f) 40-day

sliding window sizes.
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5. Discussion

After a well-tuned refining process that included data normalization, variable K-day
sliding window shifts, and randomized k-fold validation for each fold with ANN training
using the L-M algorithm, the proposed model shows better accuracy over existing models
such as LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit) by consistently
generating significantly lower rmse and mae values as per the Table 5. Also, Table 4
shows that the proposed dynamic model achieved the highest accuracy for APPLE with a
window size of K = 60, GOOGLE with K = 40, and Amazon with K = 70. Upon determining
appropriate K-window sizes for the respective stocks and applying them to unseen data,
the model yields accurate predictions for the next day’s price trend: APPLE with 71.11%,
GOOGLE with 73%, and AMAZON with 75.29%. Apart from the low rmse and mae values,
the high R values for AMAZON, APPLE, and GOOGLE are 0.9545, 0.9491, and 0.9820,
respectively, indicating a strong correlation between the predicted and actual values.

Table 5. Rmse and mae value comparison of the proposed model with existing LSTM and GRU models.

Stock LSTM GRU Proposed Model
rmse mae rmse mae rmse mae
APPLE 7.4849 6.1997 6.7798 5.3719 2.0282 1.0291
GOOGLE 6.9836 5.6475 6.8672 5.0158 1.7208 0.9892
AMAZON  8.9498 6.7350 9.4086 6.7741 2.6880 1.1843

NOTE: LSTM = Long Short-Term Memory, GRU = Gated Recurrent Unit, rmse = root mean square error,
mae = mean absolute error. Lower numbers indicate better performance.

Despite the abovementioned strengths, the current model relies solely on historical
OCHLY (open, close, high, low, and volume) data as input parameter, which, while valuable
for capturing internal market dynamics, fails to account for external factors that often drive
stock price movements. Critical influences such as political developments, economic
announcements, earnings reports, and news sentiment are excluded. These exogenous
and often unstructured variables may have a significant nonlinear effect on price trends.
The absence of such contextual data limits the model’s adaptability during sudden or
sentiment-driven market shifts. To address this limitation, future work could involve the
integration of alternative data sources such as financial news sentiment, macroeconomic
indicators (e.g., interest rates, CPI), and technical indicators such as RSI and MACD. Since
the proposed model provided a certain level of accuracy in forecasting trends, it also
provides a glimpse into future possibilities for integrating the dynamic model with more
complex optimizers.

Practical Feasibility of Deploying the Model

Although the proposed model involves dynamic architectural adjustments and ran-
domized k-fold cross-validation, the overall computational load remains manageable. We
conducted this experiment using MATLAB R2024a on an Apple M1 chip with 8GB RAM,
typically completing each window shift in a shorter time. Importantly, once the model is
trained, real-time prediction requires only forward propagation, which is computationally
lightweight. The model maintains a computational structure that is practical for real-time
or near real-time deployment, as forecasts can be performed efficiently post market close,
while retraining can be scheduled during off-market hours, ensuring uninterrupted fore-
casting service with minimal latency. Furthermore, real-time stock market data can be
readily accessed through public APIs such as Yahoo Finance, enabling seamless integra-
tion of the model into a real-time forecasting pipeline. This integration, coupled with
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the model’s efficient forecast and retraining strategy, supports its practical deployment in
operational environments.

6. Conclusions

In comparison to the current LSTM and GRU models on the study of under-researched
stocks, the proposed dynamic model provides the highest accuracy in terms of the rmse and
mae values following the well-tuned refining process, which includes data normalization,
variable K-sized sliding windows, and randomized k-fold validations on each fold to
determine the ideal number of nodes in the hidden layer of the ANN using the L-M
algorithm. This approach not only enhances the model’s predictive performance but also
ensures robustness against overfitting. As a result, the dynamic model demonstrates
superior capabilities in capturing the correct price trend for the next day.

So, as future work, the integration of dynamic ANNs with the sliding window tech-
nique demonstrates broad applicability across various sectors, including finance, gas, oil,
commodity, and currency exchanges. Additionally, transitioning to hybrid or ensemble
architectures like ANN-LSTM, ANN-GRU, or ANN-XGboost would allow the model to
better capture both short-term fluctuations and long-term dependencies in time series while
also incorporating memory of past external events. We can extend this innovative approach
to forecast cyberattack moments in security defense systems, as well as in the healthcare
system. Future efforts will focus on improving the proposed technique and expanding its
application across these areas.
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Appendix A
Appendix A.1. Steepest Descent Algorithm (S-D)

The steepest descent algorithm (S-D) is categorized as a first-order partial derivative
algorithm. It utilizes the first-order derivative of the total loss function for determining the
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minima within the loss space. The gradient g is frequently characterized as the first-order
derivative of the total loss function in (1):

T
aL(x,) [oL oL oL

L dwq Oduo dw (A1)

Utilizing the concept of gradient ¢ in (A1), the iterative rule for the steepest descent
method can be defined as

Wiyl — Wk = —Pgx (A2)

The learning constant, denoted by S, is the step size.

Appendix A.2. Newton’s Method

Newton’s method presupposes that all gradient components g1, ¢2,- - - , g are func-
tions of the weights and that all weights are linearly independent.

o =F(w,wa, - ,wy)

2 =P (w1, wa, - ,wy)
(A3)

gy =Fy(wr,wa, - ,wy)

where #1, %, - - -, Fy represent nonlinear correlations between weights and their corre-
sponding gradient vector.

Expand each ¢;(i = 1,2,--- , /) in Equations (A3) using a Taylor series first-order
approximation:

dg og a
a1~ ﬁlO"‘iA 1+7Aw +- 71 Aw
Jdw Jdw aw/y

02 og2 0
g2~ £20+7A 1 2P Ny + - 2 Ay

J 3 )
g~ g0+ L Ny + SE S by . 2
8w1 dw aw/;/

By incorporating the definition of the gradlent vector g in (A1), it can be determined that

0 ) oo

- = A5
dw; dw; dwidw; (A5)
By substituting Equation (A5) into Equation (A4):
azL a2L aZL
~ —A — — A 2= A
71 = 710+ aw% wq + 019w wy + + EE wy
2L 2L 2L
a2 %g2,0+7Awl+72Aw2++7Aw/V
dwo0ur dw duwpdw
? (A6)
2L 2L 2L
~ — A | oo 2N
gy w0t dw your w1t ow 0w wake awzlf “r

In contrast to the steepest descent approach, the second-order derivatives of the total
loss function must be computed for each element of the gradient vector. To achieve the
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minima of the total loss function L, each component of the gradient vector must equal zero.

Consequently, the left sides of Equations (A6) are all null, and then

9’L 9%L 9’L
~ ——A —— A e —— A
0% g0+ aw% w1t dw1dury wrt ot dwdw y “wr
9L %L 9’L
0%g2,0+ﬁAW1+72AW2++ﬁAw‘A/
wopour] awz wupoUr (A7)
2 9%L %L
~ A A e — A
O~ gyo+ S 9 wq + S 9e0s wy + -+ Py Wy
By equating Equation (A1) with (A7)
oL 2L 9’L %L
_——_ = — = 7A 7A P 7A
dur 710 aw% w1t dw10ws wat et Qw1 0wy el
oL 9’L 9’L 9%L
—5 - =0 =R A+ —5Awr - Awy
dwy duwrdur w3 dwH0w y (A8)
oL %L 02L 02
B P Pt P I et

There exist /" equations corresponding to ./ parameters, enabling the calculation of
all Azw;. The solutions enable iterative updates to the weight space. Equation (A8) may

alternatively be expressed in matrix form:

r_ oL
_gl Bw1
oL
22 | T 3w,
_ _dL
an L™ Jwy
oL? oL? oL?
awj duwrdwy Jdw 10wy Awl
oL oL? L oL? Aw
— 87,(}2811}1 aw§ awzawﬂ/ 2 (A9)
oL oL? o oL? Aw g
| dw yowy  dw yowy awf‘/
where the square matrix can be denoted as Hessian matrix:
oL? oL2 o oL2
dw? Jur dwy dur dw y
oL oL? L oL?
Jduwo 0w w2 dwoow
¥ — 20wy wy 20wy (A10)
oL? oL? L oL?
awﬁf

Jdw ydwq  Odw ydwo

Adding Equation (A1) and (A10) with Equation (A9), we have

—g=#Aw (A11)

Therefore,
(A12)

Aw = —%’Ag
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So, the update rule for Newton’s technique can be written as
-1
Wiy — Wy =~ gk (A13)

The Hessian matrix #, representing the second-order derivatives of the total loss
function, offers a precise evaluation of the gradient vector’s variation. Comparing Equa-
tions (A2) and (A13) provides that suitably aligned step sizes are generated by the inverse
of the matrix % .

Appendix A.3. Gauss—Newton Method

Utilizing Newton’s method for weight adjustment necessitates the calculation of
the matrix %, which involves determining the second-order derivatives of the total loss
function, a process that may be rather complex. To simplify the calculation procedure,
the Jacobian matrix J is defined as

r 811,1 811,1 811,1 T
Qwq Quwy T Quwy
dhp oy s
Qwq Quwy T Juwy
oly .« oy, u oly .«
aw1 awZ T aw/y

J=1 ... (A14)
Al Al Ay
dwr Jur T Jwy
gy s s
dur Jdury o dw g
gy g4 g u
L durq dwy T Quwy

Combining (1) and (A1), components of the ¢ can be evaluated as:

oL

i

- aw,’
eI

awi

P M alﬂ ”
) (%210 (A1)
=

m=1

By adding Equations (A14) and (A15), the correlation between the matrix J and ¢ is
established as follows:
g =1Jl (A16)

where the loss vector I can be given as:

I=1 - (A17)
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The element located in the j-th column and i-th row of the Hessian matrix # could be
determined by substituting Equation (1) into Equation (A10):

o’L
B —
K aw,aw]
# (S s )
- aw'awj
P M
— Z Z aé el a +<§)1',]‘ (A18)
n=1m=1 Wi w]
where §; ; is
P M aZl
5= § Dy, (a19)
r=1m=1

Given that the core idea of Newton’s technique postulates that §;; tends to zero,
the correlation between the matrix # and J may be reformulated as

x =J"] (A20)

The revised formula for the Gauss—-Newton technique can be derived from incorporat-
ing Equations (A13), (A16), and (A20):

wis = wip — () Ik (A21)

It is clear that in comparison to Newton’s technique (A13), the Gauss—Newton tech-
nique is better because it does not need to calculate higher-order derivatives for the total
loss function. Instead, it uses the matrix J. The Gauss—-Newton technique encounters
the same invertibility issue as the Newton technique. From a mathematical perspective,
the issue can be viewed as the potential invertibility of the matrix J7J.
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