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Abstract

Financial time series forecasting is sensitive to nonlinear dynamics, abrupt
shocks, and preprocessing choices that can contaminate out-of-sample evalu-
ation. This study evaluates a hybrid Wavelet-Long Short-Term Memory
(Wavelet-LSTM) model for weekly stock prices of Northern Upper Egypt De-
velopment Company (NSPO) under a leakage-safe chronological protocol.
The dataset contains 319 weekly prices from 5 January 2020 to 8 March 2026,
producing 318 logarithmic returns. The final 10 returns and corresponding
prices were reserved exclusively for rolling one-step-ahead testing, while the
preceding 20 returns formed a chronological validation segment and the first
288 returns formed the base training segment. At every test origin, the db4
level-3 discrete wavelet decomposition and min-max normalization were
recomputed using only information available before the target observation.
Hyperparameters were selected without using the final test period. The se-
lected Wavelet-LSTM used 12 lags, 40 hidden units per component, dropout
0.20, 150 epochs, and an initial learning rate of 0.005. Across the 10 rolling test
origins, the Wavelet-LSTM achieved return RMSE = 0.1757, return MAE =
0.0946, and directional accuracy = 50%. On the reconstructed price scale,
RMSE = 0.1163, MAE = 0.0714, and MAPE = 8.40%. A matched standard
LSTM achieved price RMSE = 0.1086 and MAPE = 8.11%. Thus, the leakage-
safe evaluation does not support a forecasting-accuracy advantage for wavelet
decomposition on this short terminal holdout, although the framework re-
mains useful for multi-scale representation. The revised protocol provides a
reproducible assessment that prevents future observations from entering de-
composition, scaling, model selection, or forecasting.
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1. Introduction

Financial markets are complex systems which are often sensitive to macroeco-
nomic and structural changes, changes in the country’s government, political
events, investor expectations, uncertainty in the stock market, and new, external
events. It is this kind of complexity that renders stock price forecasting a funda-
mental yet complex challenge for scholars, investors, analysts and decision-mak-
ers. Predicting the future accurately provides assets and liabilities of portfolios,
helps in risk management and investment risk mitigation and investment man-
agement, and is important in market strategy. Financial time series exhibit non-
linear movement, irregularities, clustering and time structure. These characters
result in that, the prediction of future price fluctuations is hard at best, since it’s
not only linearity that determines the future trend of stock prices as much as it is
not deterministic trends of the past.

We have been employing classical statistical models widely in time series
forecasting because they have straightforward mathematical form and can be
easily interpreted. Models, including Autoregressive Integrated Moving Average
(ARIMA), still help to represent linear dependence and short term temporal pat-
terns. For some, however, such models are based on assumptions such as station-
arity, linearity and regularity of error behavior. If the series includes nonlinear
structures not visible to the model, abrupt price changes, and multifaceted tem-
poral dependence, classical models also lose their predictive power. Zhang [1]
demonstrated that the hybrid structure of ARIMA combined with neural net-
works achieves superior predictive performance over the non-linear-linear
ARIMA hybrid structure. Hyndman and Athanasopoulos [2] also pointed by
stressing that effective forecasting is in terms of pre-processed processing, model
choice, model validation, accuracy validation, and not of choosing a structured
model for all data sources.

AT and deep learning methods have gained acceptance in financial forecasting
in recent years because they can learn nonlinear structures in the data directly.
Long Short-Term Memory (LSTM) networks are one of these architectures and
have attracted considerable interest in stock price predictions. The LSTM net-
works are a specific form of recurrent neural network created to model sequential
dependency and to solve the vanishing gradient problem of classical recurrent
networks. By utilizing memory cells and gating mechanisms, LSTM manages to
store useful past observations while ignoring irrelevant signals. The latter feature

renders LSTM applicable to financial time series, where short-term movements as
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well as long-term trends can be responsible for current prices and returns.

Although the forecasting efficiency of LSTM is very high, the application of
LSTM directly on raw financial data does not necessarily result in the best scenar-
ios. In the financial time series the data are usually dominated with various mix
of long-run movement, medium-frequency variations, local shocks, and high-fre-
quency noise. In a case where a specific neural network is trained on the original
series, this would need to be learned simultaneously. This can lead to poor pre-
diction accuracy, particularly with an erratic volatility and abrupt changes in the
series. Thus, decomposition-based hybrid models have emerged as a key research
direction in time series forecasting. The key takeaway is to re-construct the final
forecast from the predicted components, and learn a good model to use for that
recordings from the new original series.

It has been reported in multiple recent works that decomposition approaches
with neural networks add value to prediction. Chen et al. [3] used seasonal and
trend decomposition under Loess based LSTM approach for short-term predic-
tion of metro riderships and the results demonstrated that using decomposition
can enhance learning before neural modeling. Aljboori [4] presented the STDR-
MNN hybrid model which combines structural decomposition with modular neu-
ral-network. Sultana and Aljboori [5] proposed STL-FNN with seasonal decom-
position and trend extraction incorporated into feedforward neural networks. The
STR-ENN model by Othman and Aljboori [6] combines Seasonal-Trend Regres-
sion with an Elman neural network to model temporal memory. In recent works,
Abdullah, Noori, and Hamza [7] introduced an improved hybrid STD-RBENN
model and implemented it on the prediction of Tesla stock price by presenting
that adding dispersion component improves forecasting performance, when non-
linear financial behavior is detected. Another viable method to update neural fore-
casting models is wavelet decomposition, as this method takes into account time
and frequency dimensions of the time series. To the contrary to standard smooth-
ing methodology, wavelet decomposition, does not treat the series in indivisible
manner.

It does not, but instead breaks down the series into a low-frequency approxi-
mation element and multiple high-frequency detail elements. The approximation
element is related to the net movement of the series; the detail element is the local
variations, shocks and short term anomaly. This property makes wavelet decom-
position an especially strong fitting method for financial data, where price move-
ments can have both smooth long-term behavior and rapid short-term change. To
this end, wavelet decomposition with LSTM combines wavelet decomposition,
every decomposed constituent of the structure is taken through separate (inde-
pendent) processing, where the neural network can then learn more uniform yet
simpler patterns from the information. This study aims at building a cost-effective
and reproducible hybrid framework that can be fully functional: both the wavelet
decomposition and forecasting is performed directly on the stock prices of North-

ern Upper Egypt Development Company (NSPO). The hybrid decomposition-
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neural network model has been well investigated, yet the practical applications
still pay a significant focus on the global forecasting accuracy, and little attention
to how the initial series is transformed, decomposed, component modeled and
reconstructed. Additionally, the volatility of Egyptian stock market has its own
features, and a Wavelet-LSTM based model for NSPO price prediction is an ap-
plied valuable feature in financial time series modeling.

This study evaluates whether wavelet decomposition adds forecasting value to
an LSTM model when the empirical protocol strictly respects the chronological
information set. The analysis transforms 319 weekly NSPO prices into 318 loga-
rithmic returns, reserves the final 10 returns for untouched out-of-sample evalu-
ation, and uses the immediately preceding 20 returns for chronological validation.
The key methodological contribution is a leakage-safe expanding-window design:
at each forecast origin, wavelet decomposition, normalization, lag construction,
and model fitting use only observations available before the target week. The final
test consists of 10 rolling one-step-ahead forecasts. After each forecast is evalu-
ated, the newly realized return becomes available for the next origin. A standard
LSTM is evaluated under the same lag order, hidden size, dropout, epochs, learn-
ing rate, normalization rule, and deterministic seed structure. This design allows
the empirical comparison to focus on the effect of the decomposition-and-com-
ponentwise modeling structure rather than on unequal preprocessing or tuning.
Accuracy is reported on both return and reconstructed-price scales, together with

directional accuracy.

2. Theoretical Background of Forecasting and Hybrid
Wavelet-LSTM Models

2.1. Classical Forecasting Models

Classical forecasting models provide an important foundation for time series anal-
ysis because they describe temporal dependence through explicit mathematical
structures. Linear regression models and autoregressive models have been widely
used in economic and financial forecasting because they are simple, interpretable,
and computationally efficient. In a basic linear regression forecasting structure,

the observed value of a financial series at time t can be represented as
Yi :ﬂo"‘ﬁlxl,t+ﬁ2X2,t+"'+ﬂpo,t+5t 1)

where Y, is the response variable, x,,x X,, are explanatory variables,

2,17 ! )t
By B+, B, are model parameters, and ¢, is theprandom error term.

This formulation assumes that the relation between the predictors and the re-
sponse is linear. Therefore, it may become less effective when the financial series
contains nonlinear dynamics, abrupt structural changes, volatility clustering, or
hidden temporal interactions. Autoregressive models extend linear modeling by
using previous values of the series as predictors. An autoregressive model of order

p, denoted by AR(p), is written as
Ye=CH+AYia+dY ot +P Y, T & (2)
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where C 1isaconstantterm, ¢1,¢2,-~~,¢p are autoregressive coefficients, and ¢,
is a white-noise error term.

The model assumes the present value of the series is linearly related to the pre-
vious values. This assumption is feasible for stable and weakly nonlinear series.
However, this assumption is restrictive for stock price series where local pertur-
bations or nonlinear response from the market may affect the future directions.
ARIMA(p,d,q), which stands for Autoregressive Integrated Moving Average
model, is one of the most popular classical models for non-stationary time series.
It integrates autoregressive, differencing, and moving-average error correction.

The general form is
#(B)(1-B)" %, =0(B)= ©)

where B is the backshift operator such that By, =y, ,, d is the order of dif-
ferencing, ¢(B) isthe autoregressive polynomial,and #(B) isthe moving-av-

erage polynomial. These polynomials are defined by
#(B)=1-$B—¢,B* —---—¢ B,
and
6(B)=1+6B+6,B" +.--+6,B".

While ARIMA models are very useful for most linear forecasting problems, they
are also constrained when the series has complex nonlinear relations. Moreover,
they need proper stationarity treatment and fine-grained ordering. Price move-
ments within financial markets are influenced by nonlinear investor behavior, ab-
rupt information disruptions, and volatility in market regimes. Therefore, the
classical models might make poor predictions if the underlying structure cannot
be captured by linear dependence alone. This constraint allowed to hybridize pre-
dictive models that combine the statistical preprocessing with neural learning, in
the form of ARIMA-neural framework, hybridization architectures [1] and cur-

rent model validation and data-driven prediction theories [2].

2.2. Deep Learning Models for Financial Time Series Forecasting

Deep learning algorithms have become widely adopted for financial forecasting
because they can learn nonlinear temporal interactions dynamically and directly
from data. While classical forms are rooted in an ordered framework between in-
puts and outputs, neural networks rely upon nonlinearity from the inputs to their

outputs. A neural network estimates an indeterminate nonlinear f (-), meaning
J.=1(x:0) 4)

where X, istheinputvector, @ the trained parameters,and ¥, representsthe
predicted value. For forecasting time series the input vector is typically built from
lagged observations:

For time series forecasting, the input vector is usually constructed from lagged

observations:
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% = (Ve Voo Vi) (5)

Recurrent Neural Networks (RNNs) was a general algorithm for modelling se-
quential data, which was able to update a hidden state through time. A standard

RNN can be written as:
h = g(W,x, +W,h_, +b,) (6)
and
Y =W,h +b, (7)

where h, is the hidden state at the time t, W

is the recurrent weight matrix, W, is the output weight matrix, b, the hidden

. is the input weight matrix, W,
bias vector, b, is output bias,and g (-) isa nonlinear activation function.

But, standard RNNs tend to encounter the vanishing gradient issue during
training and this is even more prevalent when the model needs to learn long-dis-
tance dependence. This problem negatively affects the ability of the network to be
able to recall useful information from previous observations. To solve this issue,
long short-term memory (LSTM) networks were proposed by employing memory
cells and gates. An LSTM module takes care of information transfer through three
gates: the forget gate, the input gate, and the output gate. For an input vector X, ,
previous hidden state h_,, previous cell state C,,: the LSTM equations are for-
mulated by [8] [9]:

f, =a(Wf X, +Uh_, +b, )

i, =c(W,x, +U;h +b),

=tanh(W,x, +U h_, +b,), (8)
f,oc, +1, OC,

=o(W,x +Ush_, +b,),

Ct
Ct
ot
and

h =0, Otanh(c,).

Here, the forget gate, input gate, output gate, candidate cell state, and updated
cell state control information flow through the LSTM. The logistic sigmoid and
hyperbolic tangent functions provide the nonlinear gate transformations, and el-
ement-wise multiplication combines gate and state information. The final predic-

tion follows the standard LSTM output mapping described in [8] [9]:
¥, =W, h +b, 9)

These gates provide an index for LSTM network to control which data and
memory or how it is passed to the output. This type of structure makes LSTM
appropriate for financial prediction as stock prices movements can be influenced
not only by short-run changes over the short-run, but also long-run patterns that
are long-run. Hence, LSTM is much better suited to model temporal dependence
than RNN and classical linear forecasting methods based on the RNN and classical

linear forecasting approaches.

DOI: 10.4236/jamp.2026.1410190

3895 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2026.1410190

N. A. Noori, H. H. Abdullah

2.3. The Proposed Hybrid Wavelet-LSTM Forecasting Framework

LSTM networks can model nonlinear temporal dependence; however, a direct
model must learn low-frequency movement, local oscillation, and short-term
shocks simultaneously. Wavelet decomposition can separate these scales before
neural learning. In forecasting applications, the decomposition must respect the
information set available at each origin. A decomposition calculated once on the
complete series can use values from the holdout period when forming coefficients
near the training boundary and can therefore create information leakage.

The hybrid Wavelet-LSTM model integrates wavelet decomposition with a
Long Short-Term Memory neural network. Wavelet decomposition separates the
original time series into a smooth low-frequency approximation component and
several high-frequency detail components. The LSTM network then learns the
temporal dynamics of each component separately. After that, all predicted com-
ponents are recombined to reconstruct the final forecasted series. This structure
combines the ability of wavelet decomposition to extract multi-scale information
with the ability of LSTM to learn nonlinear sequential dependence. In the revised
empirical protocol, the wavelet operation follows the multi-resolution principles
summarized in [10] [11], but it is recalculated separately at every forecast origin
so that future observations cannot affect boundary coefficients. Neural-network
learning principles are discussed in [12], while related applications include non-
linear time-series and RBFNN comparisons [13], statistical distribution modeling
[14], conditional-variance stability forecasting [15], and seasonal autoregressive
versus feed-forward neural-network forecasting [16].

Let vy, denote the original time series at time t.Under a wavelet decomposi-

tion of level k, the series can be represented as
Y. =A+D,+D, +--+ D, (10)

where A is the approximation component at time t, and D,, is the j-th
detail component at time t,for j=1,2,---,k.

The approximation component A describes the large-scale structure of the
series and captures the smooth low-frequency movement. The detail components
D,,D,;, -, Dy, describe fine-scale oscillations, local shocks, and short-term ir-
regularities. Each detail component captures variations in a specific frequency
band determined by the selected decomposition level and mother wavelet.

In the empirical implementation, the model may use the Daubechies wavelet of
order four and a third-level decomposition. In that case, the original series or

transformed return series can be written as

Yo = AS,'[ + D3,t + Dz,t + Dl,t (11)

where A, is the approximation component at level three, while D,,, D,,,
and D, arethe detail components atlevels three, two, and one, respectively. The
component A, captures the smooth low-frequency behavior, while D,, usu-
ally contains the highest-frequency fluctuations.

For each decomposed component, lagged input-output pairs are constructed
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before training. Let

Cjie {AS,t' D;1: Dy Dl,t} (12)
For alag order p, the input vector for the j -th component is
T
Xt :(Cj,t—l’Cj,t—Z'""Cj,l—p) (13)

and the target output is
Yie =Cjp
An independent LSTM model is then trained for each component:
Ci=f(x:6)) (14)

where f;(-) denotes the LSTM mapping for the j-th component and 6; is
the corresponding parameter vector. Training is performed by minimizing the
mean squared error for each component:

1y A2
Lj(ﬁj)=N—Z(Cj,t—Cj,[) (15)
j =1

After all components are forecasted, the final predicted series is reconstructed

by summing the predicted components:

9t=A+I5M+I52‘t+~-+ 6“ (16)

For the third-level decomposition, this becomes

Y, = '&s,t + 631 + l5z,t + |51,t (17)
If the model is applied to logarithmic returns, the predicted price can be recov-

ered from the predicted return by
R =R.exp(f) (18)

where P, is the observed price at time t—1 and f is the predicted logarith-
mic return at time t.

The application procedure of the Wavelet-LSTM hybrid model can be summa-
rized as follows.

Step 1: Convert the observed price series to logarithmic returns and define the
chronological information set available at each forecast origin.

Step 2: Reserve the final 10 returns and their corresponding prices exclusively
for final testing; do not use them for decomposition, normalization, tuning, or
early model selection.

Step 3: Reserve the 20 returns immediately preceding the final test as a chrono-
logical validation segment. The earlier 288 returns form the base training segment

used for hyperparameter selection.

Yo =A+Dy + Dy +--+ Dy,

At a generic origin t, let the available return history contain only observations
up to t — 1. The db4 level-3 decomposition is applied to that history, yielding one
approximation component and three detail components. Because the target return
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and all later observations are excluded, the component values at the training
boundary cannot contain information from the future.

The approximation component represents the low-frequency structure, while
the detail components describe progressively higher-frequency fluctuations. Their
sum reconstructs the available return history under the selected decomposition
rule.

Step 4: At every forecast origin, recompute the db4 decomposition at level 3
using only the expanding historical return window. Periodic boundary handling
is used, with last-value extension when an intermediate decomposition length is
odd.

Step 5: Fit the min-max normalization parameters separately to each compo-
nent using the current historical component values only. Apply no scaling param-
eter estimated from validation or future test observations.

Step 6: Construct supervised sequences with lag order 12 from the normalized
historical components.

Step 7: Train one LSTM for each wavelet component using the hyperparameters
selected from the pre-test validation segment.

Step 8: Generate one-step-ahead forecasts for A3, D3, D2, and D1 at the current
origin.

Step 9: Reconstruct the next logarithmic-return forecast by summing the four
component forecasts:

A' 61,t' ISZ,t"“’ l§k,t
Step 10: Convert the predicted return to a one-step-ahead price forecast using

the observed price available immediately before the target week:
91 =A+ Dl,t + DZ‘K oot Dk,l

Step 11: Score the forecast. After the target week is observed, append its realized
return to the information set before moving to the next origin. Therefore, the ten
holdout predictions are rolling one-step-ahead forecasts, not a ten-step recursive
forecast, and no unobserved holdout return is used as an input.

Step 12: Select hyperparameters only from the chronological validation seg-
ment, then evaluate the frozen design on the final 10 rolling origins using return-
scale MSE, RMSE, MAE, directional accuracy, and reconstructed-price MSE,
RMSE, MAE, MAPE, and R*.

3. Materials and Data Description

This empirical application uses weekly stock prices of Northern Upper Egypt De-
velopment Company (NSPO) listed on the Egyptian Exchange. The observations
were obtained from Investing.com for the period 5 January 2020 to 8 March 2026.
The supplied series contains 319 positive price observations. Taking first differ-
ences of log prices produces 318 logarithmic returns. The final 10 returns and their
corresponding 10 prices are reserved for the final rolling-origin test. Before that

test, 308 returns are available: the first 288 returns form the base training block
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and the next 20 returns form the chronological validation block. With lag order
12, the base training block yields 276 supervised sequences. At the first final test
origin, the expanding history contains 308 returns and therefore 296 lagged train-
ing sequences; this increases to 305 sequences by the tenth origin as realized test
returns become available one at a time. Table 1 summarizes the dataset structure

and chronological split used in the analysis.

Table 1. Description of the empirical dataset.

Item Description
Company Northern Upper Egypt Development Company
Symbol NSPO
Market Egyptian Exchange
Data source Investing.com
Frequency Weekly
Period 5 January 2020 to 8 March 2026
Price observations 319
Logarithmic returns 318
Base training block 288 returns; 276 sequences with lag 12
Chronological validation 20 returns immediately before final test
Final test 10 returns and 10 corresponding prices

10 rolling one-step-ahead expanding-window
Forecast design 8 P . P &
origins

Training sequences at test origins 296 at origin 1, increasing to 305 at origin 10

4. Application to Northern Upper Egypt Development
Company (NSPO) Stock Prices

The empirical analysis begins with the original weekly NSPO price series. Figure
1 is descriptive only and displays the complete observed sample after the forecast-
ing experiment has been defined. It shows strong level changes, abrupt peaks, and
heterogeneous volatility, which motivate the use of logarithmic returns and a non-
linear forecasting framework. The full-sample descriptive plot is not used to esti-
mate any decomposition or scaling parameter for the holdout forecasts.

Figure 1 depicts the behavior of the data without any transformations, decom-
position, or modeling being carried out. This figure is also significant from a
methodological point of view because it represents the series in terms of whether
it is stationary or not and whether it indicates clear trends, price jumps, or distinct
volatility phases. There were multiple price phases in the series; it doesn’t ride a
constant mean—Figure 1. Price movements are observed at the start of the sam-
ple, where prices range roughly between 2.2 and 2.5, until they enter a continuous
upward phase that exceeds 3.0, followed by a downward movement that returns
the series to lower levels. The regularization of this behavior occurs more than

once and suggests that the series does not conform to a simple linear trend; in-

DOI: 10.4236/jamp.2026.1410190

3899 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2026.1410190

N. A. Noori, H. H. Abdullah

stead, it is accompanied by structural variation and shifts in the ascending or de-
scending regimes. It also indicates the striking sharp jumps in prices in the middle
and later parts of the series, especially around the weeks of the series where prices
are higher than 5.0. They are peaks of strong activity, or of positive price shocks,
followed by generally rapid decreases. This behavior suggests that the data show
heterogeneous volatility, as the amount of variation varies across different peri-

ods.

NSPO Weekly Stock Prices

w S

NSPO stock price

N

0 50 100 150 200 250 300
Observation

Figure 1. Time series plot of NSPO stock prices.

The price series is converted to logarithmic returns before forecasting. For con-
secutive prices B, and B, the returnis r, =log(PR /P_,). This transformation
produces 318 returns from 319 prices. Figure 2 is again descriptive; the leakage-
safe forecasting calculations use only the chronological subset available at each

origin.

NSPO Logarithmic Returns

Logarithmic return

0 50 100 150 200 250 300
Return observation

Figure 2. Time series plot of NSPO logarithmic returns.

Figure 2, which represents the time series of NSPO logarithmic returns, shows
that the series fluctuates around zero, with positive and negative variations of dif-

ferent magnitudes. Sharp peaks also appear in some periods, indicating the pres-
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ence of time shocks or sudden changes in returns. This feature is common in fi-
nancial time series, since returns do not follow a smooth and stable pattern, but
are instead affected by rapid and strong movements that appear as local jumps.
Such behavior justifies the use of wavelet analysis, because it allows short-term
fluctuations to be separated from the general low-frequency movement.

For model development, the Discrete Wavelet Transform uses the Daubechies
wavelet of order four (db4) at level 3. The crucial revision is that the transform is
not calculated once on the full return series. During validation and final testing,
the DWT is recalculated from the return history available at each forecast origin.
Figure 3 shows the decomposition of the 288-return base training block only; it is

therefore separated from the final validation and test observations.

=~A+D;+D, + Dy (19)
Training-Only Wavelet Component A3 Training-Only Wavelet Component D3
0.15
0.10

0.05 1

//\/"\\/AV\/\ I\v/\/\ /\V W, 0.00 \WAVAVAVAVAVAV!\VAV f\VAV/\VAJ\ ."[\V/\,AVA"A AVAUAV

D3

—0.05 A
-0.101
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Training return index Training return index
(a) A3 (b) D3
Training-Only Wavelet Component D2 Training-Only Wavelet Component D1

_02 4
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Training return index Training return index
(c) D2 (d) D1

Figure 3. Training-only level-3 db4 decomposition: (a) approximation A3; (b) detail D3; (c) detail D2; and (d) detail D1.

The level-3 decomposition produces A3 together with D3, D2, and D1. A3 rep-
resents the smoother low-frequency structure; D3 and D2 represent intermediate
fluctuations; and D1 contains the highest-frequency local variation under the se-

lected level. The exact same decomposition rule is reapplied to the expanding his-
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tory at each final forecast origin.
Leakage-safe forecasting pseudocode:
fork=1,..,10
H_k = returns available before test origin k
[A3,D3,D2,D1] = db4_level3_DWT(H_k)
fit component min-max scalers using H_k only
fit the component LSTMs and forecast one step ahead
r_hat(k) = A3_hat + D3_hat + D2_hat + D1_hat
P_hat(k) = P_previous_observed x exp(r_hat(k))
after scoring, append the realized return before origin k+1
end

This origin-specific decomposition prevents holdout values from influencing
wavelet coefficients near the training boundary. It also makes the information set
explicit: each test prediction is generated only from observations that would have
been known at that time.

Figure 3 is based exclusively on the first 288 returns used for base training. The
four panels demonstrate the distinct frequency behavior available to the compo-
nentwise model without using the validation or final test periods. This figure is a
training-data diagnostic and does not constitute out-of-sample evidence.

At each forecast origin, one LSTM is fitted to each available wavelet component.
Lagged input-output pairs are generated only after the component series has been
decomposed and normalized from the current historical window. This ensures

that both target construction and scaling respect chronology.
T
Xit :(Cj,l—l’Cj,l—Z'“'7Cj,l—12) .

The target is the next value of the corresponding component. Each component
network minimizes mean squared error over the historical lagged sequences.
Component forecasts are then transformed back to their original component
scales before reconstruction.

N

Li(6;)= Ni (C-Cy) -

]
iN

Hyperparameters were selected on a chronological 20-return validation seg-
ment located immediately before the final 10-return test. Seven predefined candi-
dates varied the decomposition level (2 or 3), lag order (8 or 12), hidden units (40
or 80), dropout (0.10 or 0.20), epochs (150 or 250), and initial learning rate (0.001
or 0.005). The selected configuration—level 3, lag 12, 40 hidden units, dropout
0.20, 150 epochs, and learning rate 0.005—achieved the lowest validation RMSE
0f 0.09945, with validation MAE 0.08636 and directional accuracy 65%. The alter-
native candidates produced validation RMSE values from 0.10052 to 0.10957. The
final 10 test observations were not used in this selection. Table 2 presents the re-
producible configuration of the revised Wavelet-LSTM and the matched standard
LSTM.
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Table 2. Reproducible configuration of the revised Wavelet-LSTM and matched standard
LSTM.

Parameter
Lag order
Testing horizon
Hidden units
Maximum epochs
Dropout rate
Initial learning rate
Training algorithm
Gradient threshold
Decomposition level

Mother wavelet

Normalization

Validation

Random seed

Implementation

Wavelet-LSTM
12
1 week at each of 10 origins
40 per component
150
0.20
0.005
Adam
1
3
db4
Min-max fitted at each origin
from available history only

20 returns before final test

2026; deterministic
component/origin offsets

Python 3/PyTorch;

Standard LSTM
12
1 week at each of 10 origins
40
150
0.20
0.005
Adam
1
Not applied
Not applied
Same origin-specific
rule
Same chronological
validation period
2026; deterministic origin
offsets

Python 3/PyTorch;

leakage-safe rerun leakage-safe rerun

Both models use the same one-dimensional sequence input, a single LSTM
layer, dropout, a fully connected scalar output, and mean-squared-error regres-
sion training. The hybrid model fits this architecture separately to A3, D3, D2,
and D1, whereas the standard LSTM fits one network directly to the undecom-
posed logarithmic-return history. Apart from the decomposition-and-compo-
nentwise structure, the lag order, hidden size, dropout, epochs, learning rate, op-
timizer, gradient threshold, validation period, normalization timing, and base
random seed are matched.

Reproducibility specification: sequence input dimension = 1; LSTM hidden
units = 40; dropout = 0.20; fully connected output dimension = 1; loss = MSE;
optimizer = Adam; initial learning rate = 0.005; maximum epochs = 150; gradient
clipping threshold = 1; base random seed = 2026. All preprocessing parameters
are re-estimated from the historical window available at the relevant origin.

Figures 4-7 present in-sample diagnostics for the four LSTM component mod-
els fitted only to the 288-return base training block. They are not used to report
final forecast accuracy.

Figure 4 shows that the LSTM follows the smoother A3 component within the
base training block. Because this is an in-sample diagnostic, the closeness of the
fitted and observed curves is interpreted only as evidence that the selected network
can represent the low-frequency training pattern; it is not used as evidence of gen-

eralization.
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Training-Only LSTM Fit for A3
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~—— Fitted
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<
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—0.10 1
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Training return index

Figure 4. Training-only LSTM fit for approximation compo-
nent A3.

Figure 5 and Figure 6 show the corresponding training-only fits for D3 and
D2. These detail components contain faster local variation, so larger discrepancies
appear around abrupt oscillations. The plots are retained to document component
behavior, while model selection and final claims are based on chronological vali-

dation and out-of-sample rolling forecasts rather than training fit.

Training-Only LSTM Fit for D3

—— Observed
—— Fitted

0.05 1

D3

0.00 1

—0.05 1

—0.10
0 50 100 150 200 250 300
Training return index

Figure 5. Training-only LSTM fit for detail component D3.

Training-Only LSTM Fit for D2
0.151 — observed

—0.05 1

—0.10 1

0 50 100 150 200 250 300
Training return index

Figure 6. Training-only LSTM fit for detail component D2.
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Figure 7 reports the training-only D1 fit. D1 contains the highest-frequency
variation among the retained components, and its local fluctuations are more dif-
ficult to reproduce. This provides a descriptive explanation for why decomposi-
tion does not automatically guarantee improved forecast accuracy once future in-

formation is excluded.

Training-Only LSTM Fit for D1

—— Observed
—— Fitted

0.21

b

—0.2 A
0 50 100 150 200 250 300
Training return index

D1

Figure 7. Training-only LSTM fit for detail component D1.

At each forecast origin, the four one-step component forecasts are summed to

reconstruct the predicted logarithmic return:
1= Ay + D5+ Dy + Dy

The reconstructed return is converted to a one-step-ahead price forecast using

the previous observed price:
R = R.iexp(F,).

The final evaluation does not use a ten-step recursive price path. Instead, the
one-step reconstruction above is repeated at each of the ten rolling origins. Once
the actual price and return for origin k are observed, they become available to
construct origin & + 1. This distinction prevents the later holdout forecasts from
being confused with a purely recursive multi-step experiment.

The cumulative recursive reconstruction shown in the earlier version is there-
fore not used in the revised final test.

Before opening the final 10-observation test, the selected hyperparameters were
assessed on the chronological 20-return validation segment. Figure 8 shows the
recursive validation path for the Wavelet-LSTM and matched standard LSTM,
while Figure 9 displays the Wavelet-LSTM validation scatter.

The 20-return validation experiment was completed before the final holdout
was evaluated. The selected Wavelet-LSTM produced validation RMSE = 0.09945,
MAE = 0.08636, and directional accuracy = 65%. Under the same selected archi-
tecture, the standard LSTM produced validation RMSE = 0.10213, MAE =
0.08839, and directional accuracy = 60%. These values were used only to docu-

ment model selection and were not combined with the final test metrics.
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Chronological Validation Forecasts
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Figure 8. Chronological pre-test validation forecasts for
Wavelet-LSTM and standard LSTM.

Validation: Actual vs Predicted Returns
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Figure 9. Validation actual versus Wavelet-LSTM predicted
logarithmic returns.

Figure 9 shows that validation errors remain substantial around larger positive
and negative returns. This prevents the in-sample component fits from being in-
terpreted as near-perfect forecasting evidence and provides a more realistic basis
for evaluating the terminal holdout.

The final 10 logarithmic returns and corresponding prices were kept untouched
during hyperparameter selection. They were then evaluated at ten expanding roll-
ing origins. At origin 1 the model uses the 308 returns available before the final
test. After the first realized test return is observed, it is appended before origin 2,
and this process continues through origin 10. Table 3 reports the leakage-safe
Wavelet-LSTM return forecasts.

The leakage-safe results are materially different from the earlier full-series im-
plementation. The Wavelet-LSTM correctly predicts the sign of 5 of the 10 re-
turns, giving directional accuracy of 50%. The largest error occurs at the first test
origin, where the actual return is 0.469009 but the model forecasts —0.057161. The
remaining origins contain smaller changes, and the forecast magnitudes are cor-

respondingly closer, but the model still does not reproduce every sign or shock.
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Table 3. Actual and leakage-safe Wavelet-LSTM logarithmic-return forecasts for the final
10 rolling origins.

Rolling origin Actual log-return Wavelet-LSTM forecast
1 0.469009 -0.057161
2 0.063839 0.053408
3 0.052285 0.075714
4 -0.029216 0.062047
5 0.065108 0.064071
6 —0.043675 0.048943
7 0.009995 —-0.024215
8 —0.031428 —-0.023117
9 0.069373 0.004308
10 —0.068233 0.025236

Figure 10 and Figure 11 summarize the final return-scale evaluation. Figure
10 compares actual returns with both leakage-safe models at all ten rolling origins.
Figure 11 focuses on the Wavelet-LSTM actual-versus-predicted relationship.

Figure 10 makes the first-origin shock explicit. Neither model anticipates the
jump from the last pre-test price to the first test price, and this single event has a
strong effect on aggregate error. Across all ten origins, the Wavelet-LSTM return
RMSE is 0.17568 and MAE is 0.09460, while the standard LSTM return RMSE is
0.16459 and MAE is 0.09197.

Figure 11 confirms that the Wavelet-LSTM predictions are concentrated closer
to zero than the most extreme realized returns. This behavior explains the limited
directional accuracy and the negative return-scale R* value. The final assessment
therefore relies on the complete set of reported errors rather than on visual train-

ing fit.

Leakage-Safe Rolling-Origin Return Forecasts

—8— Actual
—— Wavelet-LSTM
0.41 —4— Standard LSTM
£
503
<
9
€ 0.21
<
=
=
©
()]
o
-

Rolling forecast origin

Figure 10. Leakage-safe rolling-origin logarithmic-return fore-
casts for the final 10 observations.
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Test Returns: Actual vs Wavelet-LSTM
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Figure 11. Actual versus Wavelet-LSTM predicted logarithmic
returns in the final test.

On the price scale, the first test origin is again the dominant error source: the
actual price is 0.804, while the Wavelet-LSTM forecast is 0.47505. This first-origin
error contributes approximately 80.0% of the total squared price error over the
ten-origin test. Over origins 2 - 10, the hybrid-model price RMSE is 0.0548, but
the primary reported metrics retain all ten origins. Figure 12 and Figure 13 there-
fore display the complete final test without excluding the shock. Table 4 reports
the corresponding rolling-origin Wavelet-LSTM price forecasts.

Figure 12 shows that both models fail to anticipate the first large upward price
shock but track the later price range more closely once the shock becomes part of
the observed history. Figure 13 shows substantial dispersion around the 45-de-
gree line, particularly because of the first origin. These plots support a cautious
interpretation: the revised experiment measures genuine one-step forecasting per-
formance, but the short terminal test is strongly affected by one exceptional move-

ment.

Table 4. Actual and leakage-safe Wavelet-LSTM NSPO price forecasts for the final 10 roll-
ing origins.

Rolling origin Actual price Wavelet-LSTM forecast
1 0.804 0.47505
2 0.857 0.84811
3 0.903 0.92441
4 0.877 0.96080
5 0.936 0.93503
6 0.896 0.98295
7 0.905 0.87456
8 0.877 0.88432
9 0.940 0.88079
10 0.878 0.96402
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Leakage-Safe Rolling-Origin Price Forecasts
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Figure 12. Leakage-safe rolling-origin NSPO price forecasts for
Wavelet-LSTM and standard LSTM.

Test Prices: Actual vs Predicted
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Figure 13. Actual versus predicted NSPO prices for both leak-

age-safe models.

Forecast accuracy is reported on both the logarithmic-return and recon-
structed-price scales. Return MAPE is not emphasized because several realized
returns are close to zero, which makes percentage errors unstable. Directional ac-
curacy is reported directly on the return scale. Table 5 summarizes the leakage-
safe Wavelet-LSTM results.

Table 5. Leakage-safe Wavelet-LSTM forecast accuracy at return and price scales.

Metric Return scale Price scale
MSE 0.030863 0.013521
RMSE 0.175679 0.116281
MAE 0.094600 0.071396
MAPE Not emphasized 8.3980%
R? —0.446904 —8.699560
Directional accuracy 50.0% —
DOI: 10.4236/jamp.2026.1410190 3909 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2026.1410190

N. A. Noori, H. H. Abdullah

For the Wavelet-LSTM, return RMSE = 0.17568, return MAE = 0.09460, and
directional accuracy = 50%. On the price scale, RMSE = 0.11628, MAE = 0.07140,
and MAPE = 8.3980%. The negative R* values show that, over this short and
shock-dominated terminal period, the forecasts do not outperform a constant-
mean reference in squared-error terms. These results are less favorable than the
earlier report, but they are based on a stricter chronological information set and
therefore provide a more defensible out-of-sample assessment.

The matched comparison does not reproduce the previously reported 91.51%
RMSE reduction. Under the leakage-safe rolling-origin design, the standard
LSTM achieves return RMSE = 0.16459 and price RMSE = 0.10862, compared
with 0.17568 and 0.11628 for the Wavelet-LSTM. Price MAPE is 8.108% for the
standard LSTM and 8.398% for the Wavelet-LSTM, while both models obtain 50%
directional accuracy. The relative Wavelet-LSTM RMSE improvement, defined
with the standard LSTM as the reference, is therefore negative: Table 6 reports
the standard-LSTM price forecasts, and Table 7 summarizes the matched rolling-

origin accuracy comparison.

Table 6. Actual and leakage-safe standard-LSTM NSPO price forecasts for the final 10 roll-
ing origins.

Rolling origin Actual price Standard LSTM forecast
1 0.804 0.48879
2 0.857 0.81161
3 0.903 0.87056
4 0.877 0.90641
5 0.936 0.87677
6 0.896 0.93521

0.905 0.88939
8 0.877 0.90043
9 0.940 0.86848
10 0.878 0.93883

Table 7. Leakage-safe rolling-origin accuracy comparison between Wavelet-LSTM and matched standard LSTM.

Model Return RMSE Return MAE  Direction  Price RMSE Price MAE Price MAPE Price R?
Wavelet-LSTM 0.17568 0.09460 50.0% 0.11628 0.07140 8.398% —-8.6996
Standard LSTM 0.16459 0.09197 50.0% 0.10862 0.06923 8.108% —7.4638

Improvement (%) — RMSEStandard LSTM RMSEWaveIet?LSTM ><100

RMS EStandard LSTM

Using the leakage-safe price RMSE values:

Improvement (%) = 0.108(?1;8%;1628 x100 = —7.05%.
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The relative value is —7.05%, meaning that the Wavelet-LSTM price RMSE is
approximately 7.05% higher than the matched standard-LSTM RMSE in this final
test. Consequently, the revised evidence does not attribute an accuracy gain to
wavelet decomposition for this particular terminal holdout.

The wavelet stage still provides an interpretable multi-scale representation by
separating the return history into lower- and higher-frequency components, but
representational separation alone does not guarantee superior forecasting. The
first holdout observation contains a very large positive return that neither model
anticipates, and the hybrid model also produces larger errors at several later ori-
gins. The empirical contribution should therefore be interpreted as a leakage-safe
comparison of modeling structures rather than as proof that decomposition uni-
versally improves LSTM forecasts.

The revised empirical procedure has four chronological stages. First, 319 prices
are converted to 318 logarithmic returns. Second, the first 288 returns are used as
base training data and the next 20 returns are reserved for chronological valida-
tion. Third, the selected configuration uses db4 level 3, lag 12, 40 hidden units per
component, dropout 0.20, 150 epochs, and learning rate 0.005, with all decompo-
sition and normalization recalculated from available history only. Fourth, the final
10 returns are evaluated through expanding rolling one-step-ahead origins and
compared with a matched standard LSTM. The final test is reported at both return

and price scales, with directional accuracy included to assess sign prediction.

5. Conclusion

This study presents a hybrid Wavelet-LSTM framework for forecasting NSPO
stock prices and, in the revised analysis, evaluates it under a leakage-safe chrono-
logical protocol. The supplied 319 weekly prices generate 318 logarithmic returns.
The final 10 observations are kept exclusively for rolling one-step-ahead testing,
while a preceding 20-return block is used for validation. At every forecast origin,
db4 level-3 decomposition and min-max normalization are recalculated using
only the return history available before the target week. The selected Wavelet-
LSTM uses lag 12, 40 hidden units per component, dropout 0.20, 150 epochs, and
learning rate 0.005. In the final test, it achieves return RMSE = 0.1757, return MAE
= 0.0946, directional accuracy = 50%, price RMSE = 0.1163, price MAE = 0.0714,
and price MAPE = 8.40%. A matched standard LSTM achieves lower error in the
same experiment, with price RMSE = 0.1086 and MAPE = 8.11%. The earlier
claim of a 91.51% RMSE reduction is therefore not retained. The main empirical
lesson is that wavelet decomposition can organize multi-scale information, but its
forecasting value must be established under causal preprocessing and repeated
chronological evaluation rather than inferred from full-series decomposition or
in-sample fit. Future research should evaluate longer rolling-origin sequences, al-
ternative wavelet boundary rules, broader hyperparameter grids, and additional

assets before drawing general conclusions about relative forecasting performance.
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