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Abstract

Foreign exchange rate forecasting is difficult, as its time series have complex nonlinear and
nonstationary dynamics. To this end, the paper proposes a hybrid forecasting framework
based on kernel regression decomposition that combines nonparametric trend extraction
with linear and nonlinear forecasting models. In the framework we propose, we decompose
each series of exchange rates into a long-run trend component and a short-run fluctuation
component, which are modeled separately and then combined to generate forecasts. An
empirical study based on five major foreign exchange markets shows that the proposed
framework consistently outperforms conventional hybrid and standalone forecasting mod-
els in multiple forecasting accuracy measures. The statistical validation of the forecasting
improvements is confirmed by the Diebold-Mariano test. Moreover, the decomposition
offers an interpretable representation of exchange-rate dynamics by distilling persistent
long-run movements from localized short-run nonlinear fluctuations. The results indicate
that the proposed framework improves forecasting accuracy and offers insight into the
structural behavior of foreign exchange markets.

Keywords: symmetry; asymmetry; kernel regression; decomposition-based forecasting;
hybrid learning models; nonlinear dependence; exchange-rate dynamics; financial time series

1. Introduction

The foreign exchange (FX) market is the largest and most liquid financial market
worldwide. It is critical to international trade and capital flows, portfolio diversification,
and global monetary transmission mechanisms [1-4]. However, the exchange rates are
important indicators of macroeconomic stability, external competitiveness, inflationary
pressures, and financial market expectations [5-7]. The accurate forecasting of exchange
rate movements is thus challenging for policymakers, multinational corporations, institu-
tional investors, and financial analysts because of the substantial uncertainty and volatility
that characterize global currency markets [8-10]. The prominent currency pairs, such as
GBP/USD, EUR/USD, USD/JPY, AUD/USD, and USD/CNY, are the dominant players in
the international financial transactions and reserve currency systems [11]. The movements
are driven by a complicated interaction between monetary policy decisions, interest rate
differentials, geopolitical developments, commodity prices, trade balances, and investor
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sentiment [12]. Moreover, the increase in the level of globalization and financial integration
has induced a higher degree of interdependence among currency markets through volatil-
ity spillovers, contagion effects, synchronized policy responses, and cross-border capital
flows. These features induce nonlinearities, structural breaks, asymmetric adjustments, and
time-varying dependencies, which make exchange-rate forecasting particularly challenging
for traditional econometric models [13-17].

The FX market plays a central role in the global financial system with an average daily
turnover above USD 7.5 trillion, according to the latest Bank for International Settlements
(BIS) Triennial Survey [18]. Therefore, accurate exchange rate forecasts are important for
portfolio allocation, hedging, derivative pricing, international investment, and monetary
policy formulation. However, foreign exchange markets are characterized by a strong
nonlinear dependence, volatility clustering, structural breaks, and time-varying dynamics,
which seriously limit the performance of conventional linear forecasting models. These
challenges motivate the creation of more flexible forecasting frameworks that are able to
capture the heterogeneity in exchange-rate dynamics [19].

The last few decades have witnessed a dramatic transformation in time-series fore-
casting, driven by rapid technological progress, increased computing power, and the
growing complexity of financial datasets [20-23]. Stochastic modeling began with Yule’s
autoregressive (AR) model [24] and continued with Wold’s autoregressive moving average
(ARMA) representation for stationary processes [25]. Later, Box and Jenkins [26] devel-
oped the widely accepted autoregressive integrated moving average (ARIMA) framework,
which has become a cornerstone of modern financial econometrics. These models, in turn,
motivated the development of volatility extensions, such as generalized autoregressive
conditional heteroskedasticity (GARCH), to capture volatility clustering and time-varying
volatility observed in financial markets. Traditional linear econometric models are statis-
tically elegant and interpretable, but typically assume stable dependence structures and
constant parameters over time. However, empirical evidence indicates that financial time
series exhibit nonlinear dynamics, structural instability, regime shifts, asymmetric behav-
ior, and changing stochastic dependence structures, thereby constraining the predictive
performance of static linear forecasting methods [27-31]. Recent advances in financial
volatility modeling have further extended the capability of parametric time-series models
to capture complex market dynamics. For example, periodic bilinear GARCH models,
bilinear Markov-switching GARCH models, double-shifted autoregressive Markov models,
periodic threshold autorandom volatility models, Markov-switching autorandom volatility
models, Markov-switching threshold volatility models, and time-varying asymmetric log
GARCH models have demonstrated considerable success in modeling volatility cluster-
ing, leverage effects, asymmetric responses, and structural regime changes in financial
markets [32-34]. While these models provide valuable insights into conditional volatility
dynamics, they are primarily designed to model the evolution of the variance process
under specific parametric assumptions. In contrast, the objective of the present study is
fundamentally different. Rather than directly modeling conditional volatility, we employ a
flexible kernel regression decomposition framework that separates exchange-rate series into
smooth long-run trend and irregular short-run fluctuation components before forecasting.
This non-parametric decomposition allows the proposed hybrid framework to adapt to het-
erogeneous symmetric and asymmetric temporal structures, nonlinear dependencies, and
non-stationary behavior without imposing restrictive functional forms, thereby providing
a flexible forecasting framework for complex foreign exchange markets.

There are still a number of significant research gaps in exchange rate forecasting,
despite significant advancements. Exchange rate forecasting is still difficult because of
structural instability, volatility clustering, market efficiency, policy interventions, and the
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intrinsically nonlinear behavior of financial time series. The robustness and generalizability
of existing studies’ conclusions are sometimes hampered by their reliance on small datasets,
comparatively short sample periods, or unique currency pairs. To overcome these issues,
semiparametric, nonparametric, and machine learning-based techniques have been used
more frequently in recent studies. Quantile-based methods, including the Conditional
Autoregressive Value at Risk (CAViaR) model proposed by Engle and Manganelli [35] and
the Exponentially Weighted Quantile Regression (EWQR) model introduced by Taylor [36],
have demonstrated superior capability in modeling conditional return distributions, fi-
nancial risk, and tail behavior [37-41]. Likewise, semiparametric support vector quantile
regression, neural networks, support vector machines, tree-based learning algorithms,
convolutional neural networks, and hybrid optimization techniques have shown promising
forecasting performance for highly nonlinear financial markets [42-46]. Deep learning
architectures, such as long short-term memory (LSTM) and gated recurrent unit (GRU)
networks, have further improved the modeling of complex temporal dependencies and
nonlinear dynamics in exchange rate series [47-49]. However, these approaches are fre-
quently computationally intensive, difficult to understand, prone to overfitting, and may
perform erratically in harsh market circumstances. By breaking down time series into
several components, decomposition-based forecasting methods like EMD, VMD, STL, and
wavelet transforms have improved forecasting accuracy. However, they frequently lack the
flexibility to concurrently capture long-term structural trends, short-term stochastic fluctua-
tions, and heterogeneous symmetric and asymmetric temporal dynamics across multiple
foreign exchange markets. In order to deliver more accurate and reliable forecasts across
a variety of foreign currency markets, a unified kernel regression decomposition-based
hybrid forecasting framework that combines the interpretability of econometric models
with the flexibility of machine learning is still required [50,51].

Developing reliable statistical forecasting models requires a grasp of the symmetric
and asymmetric temporal organization of exchange-rate dynamics in addition to predicting
accuracy. Due to varying reactions to macroeconomic news, monetary policy, geopolitical
events, and shifts in investor attitude, foreign exchange markets show both symmetric
and asymmetric temporal dynamics. Persistent long-term market evolution is a sign of
symmetric behavior, while directional market shocks, nonlinear adjustments, and volatil-
ity clustering are signs of asymmetric behavior. By using adaptive local smoothing to
estimate a smooth trend component and allocating the residual component to the re-
maining localized nonlinear deviations, the suggested kernel regression decomposition
overcomes this difficulty. As a result, the decomposition makes it easier to characterize
the exchange-rate series’” asymmetric short-run volatility and comparatively symmetric
long-run evolution. In this study, asymmetry refers to irregular fluctuations marked by
nonlinear responses, volatility clustering, and directional market shocks, as found in the
residual component following kernel regression decomposition, while symmetry refers to
a consistent, comparatively smooth temporal evolution represented by the trend compo-
nent. The suggested methodology allows specialized forecasting models to incorporate
heterogeneous temporal patterns and enhance forecasting effectiveness by modeling these
broken-down components independently. Consequently, this study makes three primary
contributions: (i) Exchange-rate series are divided into long-term trend and short-term
fluctuation components using a configurable kernel regression decomposition approach.
(ii) To describe heterogeneous symmetric and asymmetric temporal dynamics, a unified
hybrid forecasting architecture that integrates several kernel functions with both linear
(AR, ARIMA) and nonlinear (NPAR, NNAR) forecasting models is suggested. (iii) The su-
periority, robustness, and generalizability of the suggested methodology over direct hybrid
and standalone forecasting methodologies are demonstrated by extensive empirical valida-
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tion on five major foreign exchange markets. In contrast to current decomposition-based
forecasting techniques, the suggested framework establishes a clear connection between
decomposition and temporal market behavior by improving forecasting accuracy while also
offering an interpretable statistical representation of relatively symmetric long-run trends
and asymmetric short-run market dynamics through kernel regression decomposition.
The empirical decomposition analysis also shows that the residual component captures
localized heavy-tailed, nonlinear, and asymmetric fluctuations that are then modeled using
specialized forecasting models, whereas the estimated trend component explains roughly
95-99% of the total variance across the five exchange-rate series. These results bolster the
suggested decomposition strategy’s applicability for simulating heterogeneous foreign
currency market dynamics and offer empirical evidence for its efficacy.

The remainder of the paper is structured as follows: The proposed hybrid forecasting
framework and kernel regression decomposition method are presented in Section 2. The
results of the empirical forecasting and the comparative performance analysis are presented
in Section 3. Section 4 provides a thorough analysis of the forecasting framework’s limita-
tions, applications, and future research directions. The study’s main conclusions are finally
presented in Section 5.

2. Materials and Methods

In this section, we introduce the proposed kernel regression-based hybrid forecasting
framework for modeling nonlinear and nonstationary foreign exchange markets. First, the
overall decomposition and forecasting architecture is described. Then, the kernel regression
decomposition procedure, forecasting models, parameter estimation strategy and model
evaluation methodology are described. Finally, the forecasting experiment, performance
measures, and statistical comparison procedures are introduced to comprehensively assess
the proposed framework.

2.1. The Proposed Kernel Regression-Based Exchange Rate Forecasting Framework

In this work, we proposes a kernel regression-based decomposition and hybrid fore-
casting framework for modeling and forecasting major global exchange-rate time series,
including GBP/USD, EUR/USD, USD/]JPY, AUD/USD, and USD/CNY. These foreign
exchange rate series are featured by nonlinear dependence structures, volatility clustering,
structural breaks, heavy-tailed distributions, and nonstationary dynamics. Moreover, the
dynamics of exchange rate movements often exhibit both symmetric and asymmetric time
behavior. Symmetric structures can evolve through repeated cyclical patterns and long-
run equilibrium adjustments. Asymmetric dynamics are due to asymmetric responses to
positive and negative shocks, volatility clustering and regime-dependent market behavior.
Correct modeling of these heterogeneous dynamics is essential for reliable forecasts. But
traditional linear models are often unable to capture this complexity, and many machine
learning approaches are unable to distinguish long-run trends from short-run fluctuations.
The proposed framework addresses this limitation by decomposing each exchange-rate
series into long-run trend and short-run fluctuation components using nonparametric
kernel regression. Each of these components is modeled independently, and then combined
to generate the final forecasts. This provides a flexible and interpretable paradigm for
prediction of volatile financial markets.

2.1.1. Kernel Regression-Based Decomposition Technique
In this subsection, we elaborate on the proposed kernel regression-based decompo-

N
sition technique for forecasting foreign exchange rates. Let {Xt(m) }t_l, m € {1,2,3,4,5},
denote the observed daily foreign exchange rates series, where m = 1 for GBP/USD, 2
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for EUR/USD, 3 for USD/]JPY, 4 for AUD/USD, and 5 for USD/CNY, and N represents
the total number of observations. The variable t denotes the time index that corresponds
to the chronological order of daily market observations. The observed financial time se-
ries is assumed to exhibit both deterministic and stochastic components. Accordingly,
the proposed decomposition framework expresses the observed foreign exchange rates
as the additive combination of a long-run trend component and a short-run fluctuation
component, defined as

xM =My R r=12,...,N, (1)
where Lgm) denotes the smooth long-run trend component and Rgm) represents the short-
run fluctuation component. The additive decomposition was chosen because foreign
exchange rates are naturally characterized by a smooth long-run trend and short-run
stochastic fluctuations. This formulation is particularly suited to nonparametric kernel
regression, where the trend is directly estimated and the residual component captures
local deviations. Unlike multiplicative decomposition, which is typically appropriate
when a series’ variability is proportional to its level or exhibits strong seasonal effects,
the additive formulation provides a flexible and interpretable representation of exchange-
rate dynamics and allows direct reconstruction of the original series. Since the objective
of this study is predictive modeling rather than causal inference, no Granger causality
analysis was performed between the decomposed components. The trend and fluctuation
components are treated as complementary forecasting representations rather than mutually
causal processes.

The long-run trend component is estimated using kernel regression smoothing. Kernel
regression is a nonparametric estimation technique that estimates the underlying trend
structure without imposing any predefined functional relationship between the response
and explanatory variables. Kernel regression is better able to model evolving market
dynamics and nonlinear temporal structures than parametric trend estimation techniques
because it can adapt flexibly to local data characteristics. The following is the kernel
regression estimator for the trend component:

Sm)_ o (m)
L™ =Y wis(h) Y™, )
s=1

where w; s (h) denotes the normalized kernel weights defined as

()
wis(h) = ————"— )
£, k(!
j=1 h
subject to the normalization condition
N
Z Wt s (h) =1.
s=1
Equivalently, the trend estimator can be expressed as
t—s
¥y K( . >Ys<m>

zgm)_ N t—s
k()

(4)
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The kernel function is denoted by K(-) in the preceding formulation, and the band-
width parameter, which controls the degree of smoothness, is denoted by /1 > 0. Because it
establishes the trade-off between bias and variance, the bandwidth parameter is essential to
nonparametric estimation. While bigger bandwidth values yield smoother trend estimates
by averaging over wider regions, smaller bandwidth values preserve local fluctuations and
nonlinearities by giving greater weight to nearby observations. The choice of bandwidth
is crucial for accurately capturing the underlying structures of financial markets. Having
obtained the trend component, the fluctuation component will be determined from the
residual difference between the observed series and the calculated trend component:

R _ XM _ ), 5

The fluctuation component captures high-frequency stochastic information, short-
term volatility, irregular market movements, and nonlinear dependencies that are not
explained by the long-run trend structure. The adequacy of the decomposition is then
assessed by performing distributional analysis of the trend and residual components,
variance-explained statistics, and graphical inspection of the decomposed series presented
in Section 3.

However, with a theoretical perspective, let K : R — R denote a symmetric kernel
function satisfying the standard regularity conditions:

/jo K(u)du =1, ©)
K(u) = K(—u), )

and o
/ u?K(u) du < oo. (8)

These regularity conditions guarantee that the kernel estimator has desirable statistical
properties such as consistency, asymptotic normality, smooth convergence, and stability
under mild conditions. Kernel regression smoothing is particularly well suited for finan-
cial time series, as it can efficiently capture nonlinear temporal evolution, local structural
changes, volatility persistence, and regime-dependent market behavior without requiring
strict distributional assumptions. In addition, kernel smoothing is a flexible statistical tool
for detecting locally symmetric structures and identifying important asymmetric features
in financial data. The resulting decomposition allows the forecasting framework to disen-
tangle persistent regular patterns from asymmetric volatility and shock-driven fluctuations.
The kernel function is a crucial factor for the kernel regression performance. Smoothing
different kernel architectures is important for the effectiveness of the decomposition. In
this work, we use four kernel functions, Gaussian, Epanechnikov, uniform, and truncated
Gaussian, to capture different market dynamics and local temporal characteristics, with the
Gaussian kernel defined as follows:

K(u) = 1exp(—uz). 9)
V2r 2
The Gaussian kernel assigns progressively smaller weights to observations that are
further away from the target point. This results in infinitely smooth weighting. This
property makes it very useful for assessing persistent financial fluctuations and smooth
long-term market structures. The Epanechnikov kernel is given by

K(u) = Z(1—u?)I(ju| < 1), (10)

=1 W
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where [(-) is the indicator function. The Epanechnikov kernel is a good kernel for local
smoothing because it has the best asymptotic efficiency in terms of the mean integrated
squared error.

The uniform kernel is defined by

K() = 51| <1). a1

The uniform kernel, compared to smooth kernels, gives equal weight to all points in
the local neighborhood. The simple structure offers stable local averaging properties and
computational efficiency.

The truncated Gaussian kernel is given by

K(w) = 528 1(ju) <a), (12

In the above expression, 4 > 0 is the truncation parameter, and ¢(-) and ®(-) are the
density and distribution functions of the standard normal distribution, respectively. The
truncated Gaussian kernel retains the smooth weighting structure of the Gaussian kernel
but provides robustness in volatile markets by reducing the effects of extreme observations
and tail events.

In this work, the four kernel functions above were chosen because they represent
different classes of local weighting schemes typically used in nonparametric regression. A
Uniform kernel is a simple baseline smoother that does not discriminate between obser-
vations within the bandwidth. The Gaussian kernel produces weights that are infinitely
differentiable and smoothly decreasing with distance and are therefore well suited to
capture gradual nonlinear trends. The Epanechnikov kernel is theoretically the optimal
kernel for minimum mean integrated squared error (MISE) and provides an efficient
trade-off between bias and variance. The truncated Gaussian kernel inherits the smooth
weighting property of the Gaussian kernel and has a compact support, which reduces
the influence of distant observations while maintaining the local smoothness. These ker-
nels have complementary smoothing properties, and the proposed framework can thus
be used to evaluate the robustness of kernel regression decomposition under different
local weighting mechanisms. The four kernels were chosen to represent the main types of
kernel weighting functions: discontinuous (uniform), compact-support optimal (Epanech-
nikov), globally smooth (Gaussian), and compactly supported smooth (truncated Gaussian).
This choice facilitates a comprehensive evaluation of kernel regression decomposition for
exchange-rate forecasting.

To further compare the proposed decomposition framework with existing decom-
position methods commonly used in financial time-series forecasting, Table 1 presents a
summary of the main methodological characteristics of these methods. Different from EMD,
VMD, STL, and wavelet-based decomposition, kernel regression estimates the underlying
trend directly by adaptive local smoothing without the necessity of iterative mode extrac-
tion, predefined basis functions, or frequency band selection. These properties make kernel
regression especially attractive for building interpretable, decomposition-based hybrid
forecasting models for nonlinear and nonstationary foreign exchange time series.

2.1.2. Modeling the Decomposed Components

In this subsection, the kernel regression decomposition of the trend and the fluctuation
components are modeled separately with linear and nonlinear forecasting models. This
component-wise strategy of the proposed framework can better capture the heterogeneous
temporal structures than directly modeling the original exchange rate series. Thus, a
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specialized forecasting model can be assigned for each component, leading to better predic-
tion performance and interpretability. To this end, each component is modeled with the
following four forecasting techniques.

Table 1. A methodological comparison of representative and kernel regression decomposition for
financial time series forecasting.

Feature EMD VMD STL Wavelet Kernel Regression
Nonparametric v v v X v
Adaptive local smoothing X X Limited X v
Need pre-defined basis functions X X X v X
Frequency domain decomposition X v X v X
Iterative decomposition v v X v X
Resistance to mode mixing Low High High High High
Sensitivity analysis High Moderate Low Moderate Low
Direct estimation of smooth trends Limited Moderate v Limited v
Suitable for non-stationary, non-linear data v v Moderate v v
No frequency band selection needed v X v X v
Simple hybrid forecasting integration Moderate Moderate High Moderate High
Interpretability of components of decomposition Moderate Moderate High Moderate High

Autoregressive Model

In the time-series forecasting models, one of the most basic linear stochastic forecasting
models is the autoregressive model. It is predicated on the idea that the present observation
is linearly dependent on its prior values [52]. For a component that is stationary

e L Ry,

the AR(p) process is defined as

Zsbz X" ™, (13)

(m)

where ¢; "’ represents a white-noise process with zero mean and constant variance, and
¢; are autoregressive coefficients. When simulating smooth temporal persistence and
short-memory linear dependence in financial time series, the AR model excels.

Autoregressive Moving Average Model

By adding moving-average variables that capture shock propagation and serial depen-
dence in the innovation process, the ARMA model extends the AR framework [53]. The
expression for the ARMA(p, q) model is

4
= ;%Xfﬁ? +e 2 e, (14)

where ¢; and 6; denote the autoregressive and moving-average parameters, respectively.
The ARMA model simultaneously captures persistence and shock-transmission dynamics,
thereby providing greater flexibility in modeling financial market behavior.

Nonparametric Autoregressive Model

Financial time series frequently exhibit nonlinear temporal dependence that cannot be
adequately captured by linear models, despite their computational efficiency and statistical
interpretability [54]. The Nonparametric Autoregressive (NPAR) model is used to overcome
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this restriction. By explicitly predicting unknown nonlinear functions from the data, the
NPAR model loosens linearity assumptions. The definition of the NPAR model is

|4
x™ = Z% ) +e™, o x™ e {y™, R (15)
i=

where f;(-) are smooth unknown nonlinear functions estimated nonparametrically. The
NPAR framework is highly flexible and can capture nonlinear dependence structures,
asymmetric market behavior, and local stochastic variations.

Neural Network Autoregressive Model

To further improve nonlinear forecasting capability, the Neural Network Autoregres-
sive (NNAR) model is incorporated into the proposed framework. The NNAR model
serves as a universal function approximator, capable of learning highly complex nonlin-
ear relationships directly from historical observations [55]. For a component Xt(m), the
NNAR(p, k) model is defined as

(m) . P m | ()
X" =wa+ ) w8 <,Bj0 +) ,sz‘Xt_l-> +e 7, (16)
j=1 i=1

where ¢(-) denotes a nonlinear activation function, k represents the number of hidden
neurons, and «; and f;; are neural network parameters. The NNAR model effectively
captures nonlinear interactions, volatility clustering, threshold effects, and higher-order
temporal dependencies commonly observed in financial markets.

2.1.3. Model Parameter Selection

To ensure consistency, reproducibility, and objective model specification, all forecasting
models were estimated using automatic data-driven parameter selection procedures. Dur-
ing the expanding-window forecasting experiment, model parameters were re-estimated
at each forecasting origin using only the information available up to that time, thereby
preventing look-ahead bias and ensuring a fair out-of-sample comparison among all com-
peting forecasting models. Table 2 summarizes the software packages, parameter selection
procedures, and implementation settings adopted throughout the forecasting framework.

For the linear forecasting models, the autoregressive order of the AR model and the
(p,d,q) orders of the ARIMA model were selected automatically using the Akaike Infor-
mation Criterion (AIC), with the differencing order determined simultaneously within
the automatic model selection procedure. The nonlinear autoregressive neural network
(NNAR) models were implemented using the nnar () function from the forecast pack-
age [56] in R, where the autoregressive lag order was selected automatically and the number
of hidden neurons was determined according to the default rule k = VTHJ , Where p de-
notes the selected autoregressive lag order. The nonparametric autoregressive (NPAR)
models were estimated using the aar () function from the tsDyn package [57]. Following
the empirical specification adopted in this study, the embedding dimension was fixed at
m = 3 for the trend component and m = 2 for the residual component.

For the proposed kernel regression decomposition, the smoothing bandwidth was esti-
mated automatically using the least-squares cross-validation (LSCV) criterion implemented
in the np package [58]. The LSCV method finds the optimal bandwidth by minimizing
the cross-validation prediction error and therefore provides a good compromise between
under- and over-smoothing without the need for subjective tuning of parameters. The
Gaussian, Epanechnikov, uniform, and truncated Gaussian kernels are implemented using
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the default specifications provided by the np package, with the truncated Gaussian kernel
using the default second-order implementation for all empirical analysis.

Table 2. Summary of software packages, parameter selection procedures, and implementation settings
used in the forecasting framework.

Component Software/Package Parameter Selection Implementation Setting

AR forecast Lag order selected using AIC Re-estimated at each expanding
window

ARIMA forecast Orders (p,d, q) selected using AIC Re-estimated at each expanding
window

NPAR tsDyn Automatic local autoregressive estimation =~ Embedding dimension: m = 3
(trend), m = 2 (residual)

NNAR forecast Automatic lag selection; hidden neurons Re-estimated at each expanding

determined by k = [(p+1)/2] window

Kernel bandwidth np Least-squares cross-validation (LSCV) Re-estimated at each expanding
window

Gaussian kernel np Default implementation Standard Gaussian kernel

Epanechnikov kernel np Default implementation Standard Epanechnikov kernel

Uniform kernel np Default implementation Standard uniform kernel

Truncated Gaussian np Default implementation Second-order truncated Gaussian

kernel kernel

To evaluate the robustness of the proposed decomposition framework with respect
to bandwidth selection, an additional bandwidth sensitivity analysis was performed by
re-estimating the complete forecasting framework using bandwidths around the LSCV-
selected optimum. The corresponding empirical results are presented and discussed in
Section 4.

In this work, a uniform notation system is introduced for all hybrid kernel regression-
based forecasting models to provide a more systematic, comprehensible, and scalable
representation of the proposed forecasting structures. Each hybrid forecasting model is
uniquely identified by three elements: (i) the kernel function used for decomposition,
(ii) the forecasting model assigned to the trend component, and (iii) the forecasting model
assigned to the fluctuation component. For example, the notation CH'4 represents a
hybrid forecasting structure in which the Gaussian kernel decomposition method is em-
ployed, the trend component is modeled using the ARIMA model, and the fluctuation
component is modeled using the AR model. Similarly, YHPP denotes a uniform ker-
nel decomposition framework in which both the trend and fluctuation components are
modeled with NNAR models. Using this generalized representation, the total number
of hybrid forecasting structures developed in this study can be formally expressed as
4(kernels) x 42(16 combinatoin of forecating models) = 64. Therefore, the proposed nota-
tion system provides a mathematically rigorous, scalable, and interpretable representation
of the complete kernel regression-based hybrid forecasting framework, facilitating system-

atic comparison and performance evaluation across all proposed forecasting architectures.

2.2. Expanding-Window One-Step-Ahead Forecasting Procedure

The forecasting experiments were conducted using an expanding-window forecasting
framework. Let t denote the forecasting origin. At each iteration, only observations
available up to time t were used for kernel decomposition, model estimation, and forecast
generation. A one-step-ahead forecast for time (f 4+ 1) was then produced. Then the
newly observed value was added to the estimation sample, and the procedure was then
repeated sequentially until the end of the evaluation period. Thus, no information prior to
the forecasting horizon is used in the decomposition and forecasting steps, respectively,
eliminating the possibility of look-ahead bias/information leakage. The empirical analysis
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uses daily foreign exchange time-series data spanning January 2016 to December 2025.
Daily data from 20162022 were used for model estimation, and 2023-2025 for out-of-
sample forecasting. Forecasts are generated recursively under the expanding-window
framework throughout the testing period.

2.3. Performance Evaluation Metrics

In this work, we employ various statistical measures of accuracy and efficiency to
evaluate the forecasting performance in detail. The mathematical formulas for the following
measures: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute
Percentage Error (MAPE), Correlation Coefficient (CORR), Directional Accuracy (DA),
Nash—Sutcliffe Efficiency (NSE), and Kling-Gupta Efficiency (KGE) are listed in Table 3.

Table 3. Forecast evaluation metrics employed for performance assessment.

Metric Mathematical Expression
1N |y (m) _ 5(m)
MAE N Li=1 ‘Xt — X

2
1 «N m)  (m
RMSE \/WZH(XE - %) >>
X(”Off&(m)
X(W’)

s )
CORR ~( 2
VI 1 (o) ):r:1< mox"

DA ﬁziv ) [(Xf”) XET%)()?Em)—??Ei”i) > 0)

100
MAPE N XLie

KGE 1—\/r—1 )+ (L - ) (%—1)2

Collectively, these evaluation metrics provide a statistically comprehensive framework

for assessing forecasting accuracy, predictive stability, directional consistency, and model
robustness across multiple FX markets.

In addition to the above, to further assess the statistical significance of the forecasting
improvements achieved by the proposed kernel regression-based hybrid framework, the
Diebold-Mariano (DM) test [59] was employed. Unlike conventional error measures such
as MAPE, MAE, and RMSE, which quantify forecasting accuracy, the DM test evaluates
whether the predictive performance of two competing forecasting models differs signifi-
cantly. Let e; ; and e ; denote the forecast errors generated by two competing forecasting
models at time ¢. Based on a specified loss function L(-), the loss differential is defined as
dy = L(eyt) — L(eat), t = 1,2,..., T, where T denotes the total number of out-of-sample
forecasts. In this study, the squared-error loss function, L(et) = e?, was adopted. The null
hypothesis states that the proposed model does not outperform the benchmark, whereas
the alternative hypothesis indicates that the proposed model has a lower expected fore-
cast loss. Specifically, Hy :; E(d¢) > 0, against the one-sided alternative, Hy :; E(d;) < 0
rejection of the null hypothesis indicates that the proposed forecasting model achieves
significantly superior predictive accuracy compared with the Competing model. The DM

test statistic is computed as DM = d__ whered = LyT 1 dy is the sample mean of
v/ Var(d) T ~t=

the loss differential, and \7a\r(d_ ) denotes a consistent estimate of its variance that accounts
for possible serial correlation in the forecast loss differentials. In this study, the DM test
was employed to compare the proposed kernel regression-based hybrid forecasting models
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with the best-performing direct hybrid and standalone forecasting models for each foreign
exchange market.

Table 4 summarizes the relative computational characteristics of the forecasting models
considered in this study. Linear models such as AR and ARIMA exhibit low computa-
tional requirements and high interpretability due to their simple parametric structures. In
contrast, NPAR and NNAR models are computationally more demanding because they
involve nonparametric smoothing procedures and iterative optimization algorithms. Nev-
ertheless, within the proposed kernel regression decomposition framework, the forecasting
models are applied to statistically simpler, decomposed subseries rather than to the origi-
nal exchange-rate series, thereby reducing effective modeling complexity and improving
computational efficiency. The decomposition step makes the underlying symmetric and
asymmetric temporal structures simpler by separating smooth trend components from
irregular fluctuations. This makes it possible for later forecasting models to learn each
component more effectively. For realistic financial forecasting applications, the signif-

icant increases in forecasting accuracy outweigh the longer training times required by
NNAR-based hybrid models.

Table 4. Qualitative comparison of computational complexity and training characteristics of the
forecasting models.

Model Model Type Approximate Complexity Training Time Interpretability
AR Linear O(Np?) Very Low High
ARIMA Linear O(N(p+19)?) Low High
NPAR  Nonparametric O(N?) Moderate Moderate
NNAR Nonlinear O(NEpk) High Low

Notation: N denotes the number of observations; p is the autoregressive order; g is the moving-
average order; k is the number of hidden neurons in the NNAR model; and E denotes the number of
training epochs.

Figure 1 shows the general structure of the proposed forecasting framework, which
includes kernel regression decomposition, hybrid component modeling, forecast recon-
struction, and statistical performance evaluation.

.
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Figure 1. A complete flowchart of the proposed forecasting framework.
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3. Results

In this paper, we propose a kernel regression-based decomposition framework to
produce day-ahead forecasts of major foreign exchange rates, using the financial time series
of the major currency markets, namely, GBP/USD, EUR/USD, USD/JPY, AUD/USD, and
USD/CNY. The downloaded exchange-rate datasets were checked for missing values and
data consistency prior to analysis. There were no missing observations, and no imputation
procedures were needed. Furthermore, we did not delete any outliers, as extreme changes
in the exchange rate are real market behavior and are required to assess forecasting models
under realistic financial conditions. The data are from Yahoo Finance, and they include
daily data for 10 years, from January 2016 to December 2025, for the major economies,
which represent a large portion of global forex trading. For the forecasting experiment,
we used a strict chronological train—test split to avoid data leakage. The first seven years
of observations (January 2016-December 2022) were dedicated only to kernel regression
decomposition, bandwidth selection, model estimation and parameter tuning, whereas
the last three years (January 2023-December 2025) were dedicated only to out-of-sample
evaluation. Trend and fluctuation components were estimated using only the training data,
and forecasting models were fitted to the decomposed training series. The forecasts for the
testing period were generated sequentially without using any future observations, which
provided an unbiased evaluation of the proposed hybrid forecasting framework.

However, a visual analysis is shown in Figure 2, which confirmed that these exchange
rates are highly nonlinear and nonstationary with long-term trends, structural changes,
and volatility clustering. The currency pairs in question are strange in their own ways.
GBP/USD and EUR/USD are medium-term cyclical amid macroeconomic uncertainties
and shifts in monetary policy in their respective regions. The USD/]JPY pair is characterized
by large regime shifts and asymmetric volatility driven by global risk sentiment and
the diverging monetary policies of Japan and the United States. AUD/USD is heavily
influenced by commodity price movements and external demand, while USD/CNY is
characterized by slow structural changes caused by currency regulation and geopolitical
factors. Moreover, generalized volatility and sharp exchange rate movements are the
most pronounced during the periods of global financial distress, inflationary episodes,
post-pandemic recovery and periods of differential monetary policies. The results stress
the need for a proposed forecasting framework that can accurately handle both long-term
trends and short-term stochastic fluctuations in exchange-rate dynamics.

In this paper, the terms symmetric and asymmetric are used mainly to define the time
evolution of the decomposed components, and not the probability distributions. The trend
component is assumed to be relatively symmetric because it captures smooth, persistent
long-run movements that change gradually over time, without sudden changes in direction.
In contrast, the residual component is considered asymmetric because it concentrates
on localized market shocks, volatility clustering, and nonlinear adjustments that occur
irregularly over time. Distributional statistics such as skewness and kurtosis are reported
only to support this temporal interpretation rather than to define symmetry in a purely
probabilistic sense.

However, Figure 3 shows the kernel regression decomposition for the EUR/USD
exchange rate. In each subfigure, the upper panel shows the original series of exchange
rates and the estimated kernel trend component. The kernel trend closely follows the
long-run movement of the exchange rate and effectively smooths short-run fluctuations.
The estimated trend is stable even in the face of large market movements, such as during
the COVID-19 pandemic and the subsequent changes in monetary policy, and it reflects the
underlying structural behavior without over-smoothing or introducing artificial oscillations.
It implies that the proposed kernel regression method can uncover the persistent component
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of the exchange rate while preserving the overall market dynamics. However, the middle
panel shows the residual component after removing the estimated trend. The residual series
oscillates around zero for the whole period of the sample and does not show any systematic
long-run drift. This shows that the decomposition manages to separate persistent market
behavior from irregular short-term fluctuations. There are a few times where we see
temporary spikes in volatility, especially in times of market uncertainty, but these are still
centered around zero, and so they are asymmetric deviations in the short run rather than
changes in the underlying equilibrium trend. This behavior supports the interpretation that
the kernel regression decomposition effectively isolates transient nonlinear market shocks.
Finally, the lower panel reports the empirical distribution of the residual component. The
residuals are centered around zero and are roughly symmetric. The heavier tails indicate
the presence of occasional large market shocks commonly observed in financial time
series. This result is consistent with the statistical evidence reported in Table 5, where the
trend component explains 95% to 99% of the total variance of the exchange rates, while
the residual component is characterized by higher kurtosis and significant conditional
heteroscedasticity. These results jointly indicate that the proposed decomposition preserves
the economically meaningful long-run information in the trend, while the nonlinear and
asymmetric short-run dynamics are concentrated in the residual component, thus providing
a suitable representation for the subsequent hybrid forecasting setup.
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Figure 2. Time-series plot for all considered markets.
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Figure 3. Decomposition of kernel regression across five foreign exchange markets. Each panel
displays the original exchange rate, the estimated kernel trend (top), the extracted residual component
(middle), and the empirical distribution of the residuals (bottom).

Besides the above graphical analysis, Table 5 reports the distributional properties of
the trend and residual components obtained from the proposed kernel regression decom-
position for the five foreign exchange markets. We find that the decomposition successfully
separates the persistent long-run market dynamics from the high-frequency short-run
fluctuations while preserving the fundamental statistical properties of each component.
The trend component accounts for a very substantial part of the total variance of all ex-
change rates, between 95.1% and 98.7% of the observed variance. It implies that the kernel
regression captures well the major long-run movements of the exchange rates with a fairly
small share of the variability assigned to the residual component. This is also supported by
the standard deviations, where the residual components have a substantially smaller disper-
sion than the corresponding trend components. The trend component accounts for between
95.1% and 98.7% of the total variance across the five exchange-rate series, indicating that
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kernel regression successfully captures the dominant long-run evolution of the exchange
rates. However, a high explained variance should not be interpreted as implying that the
residual component is unimportant for forecasting. Rather, the residual contains localized
nonlinear fluctuations, volatility clustering, and short-term market shocks that cannot be
explained by the smooth trend. Its variance is relatively small but it contains important
predictive information about short-run exchange-rate dynamics. Therefore, the proposed
hybrid framework models the trend and residual components separately, allowing linear
models to capture the persistent long-run structure, while nonlinear models are used to
model the complex residual behavior. Therefore, the improved forecasting performance in
the empirical analysis is due to the additional information contained in both components
and not only in the trend component.

Table 5. Distributional properties of the components of the kernel regression decomposition.

Trend Component Residual Component
Series Valjiance
SD Skewness Kurtosis ARCH SD Skewness Kurtosis ARCH Explained (%)
p-Value p-Value
GBP/USD 0.054 0.140 3.112 <0.001 0.013 —0.407 16.403 <0.001 95.4
EUR/USD  0.048 0.034 2.665 <0.001 0.010 0.019 4.074 <0.001 95.8
USD/JPY 17.950 0.061 2.779 <0.001 2.340 0.007 5.795 <0.001 98.3
AUD/USD  0.049 0.050 2434 <0.001 0.011 0.007 4.736 <0.001 95.1
USD/CNY  0.298 —0.188 1.826 <0.001 0.034 —0.490 11.265 <0.001 98.7

The distributional measures provide additional evidence supporting the characteristics
of the decomposed components. The trend components exhibit relatively small skewness
values, ranging from —0.188 to 0.140, indicating that the extracted long-run movements are
approximately symmetric from a distributional perspective with only minor departures
from normality. Their kurtosis values are also close to or below three for most exchange-rate
series, suggesting that the long-run dynamics evolve smoothly after high-frequency fluctua-
tions have been removed. In contrast, the residual components display substantially larger
kurtosis values, particularly for GBP/USD (16.403) and USD/CNY (11.265), indicating
pronounced heavy-tailed behavior and the presence of occasional extreme short-run market
movements. Although the residual skewness remains moderate, the relatively larger values
observed for GBP/USD (—0.407) and USD/CNY (—0.490) suggest that short-run market
responses are more asymmetric than the corresponding long-run trends. The proposed
interpretation of the decomposition is also supported by the distributional statistics. The
small skewness of trend components is consistent with the roughly symmetric long-run
movements revealed by the kernel regression framework, while the higher kurtosis and
marginally higher skewness of residual components are indicative of heavy-tailed short-run
market shocks. These distributional features are not the only interpretation, and the terms
symmetric and asymmetric are in this study more a description of the temporal development
of the exchange-rate series than of their statistical distributions.

On the other hand, the ARCH LM test further confirms the distinct statistical character-
istics of the decomposed components. For every exchange-rate series, the null hypothesis of
homoskedasticity is strongly rejected (p < 0.001), indicating the presence of persistent con-
ditional heteroskedasticity. While both the trend and residual components exhibit ARCH
effects, the volatility associated with the residual component primarily reflects localized
short-run market shocks after the smooth long-run trend has been removed. The significant
ARCH effects observed in the residual components indicate persistent volatility clustering,
whereby periods of high volatility tend to be followed by periods of high volatility and
periods of low volatility tend to be followed by periods of low volatility. This represents
a well-established stylized fact of financial time series and should not be interpreted as a
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limitation of the proposed decomposition framework. Instead, it demonstrates that the
kernel regression decomposition successfully extracts the smooth long-run market evo-
lution while preserving the economically meaningful time-varying volatility within the
residual component. Consequently, the residual component retains valuable predictive
information that justifies its separate modeling using nonlinear forecasting models within
the proposed hybrid forecasting framework. Overall, the empirical evidence demonstrates
that the proposed kernel regression decomposition effectively separates the exchange-rate
series into two statistically and economically meaningful components. The trend compo-
nent captures the relatively smooth and persistent long-run market evolution, whereas
the residual component concentrates localized nonlinear shocks, volatility clustering, and
heavy-tailed behavior associated with short-run market dynamics. Therefore, throughout
this study, the terms symmetric and asymmetric refer primarily to the temporal evolution of
the decomposed components, while the reported skewness and kurtosis statistics provide
complementary distributional evidence supporting this interpretation. These findings
further justify modeling the trend and residual components separately within the proposed
hybrid forecasting framework.

The decomposition results in Figure 3 and Table 5 show that the proposed kernel
regression framework successfully decomposes each exchange-rate series into statistically
distinct long-run trend (L;) and short-run fluctuation (R;) components. The decompo-
sition is performed for four kernel specifications, namely, the uniform (YH), Gaussian
(6H), truncated Gaussian (T¢H), and Epanechnikov (EH). Then, the extracted trend and
fluctuation components are further modeled with linear (AR and ARIMA) and nonlinear
(NPAR and NNAR) forecasting models separately, which provide a complete set of hy-
brid forecasting structures. The forecasting performance of these models across the five
foreign exchange markets for each kernel specification is considered. Tables 6-10 report the
one-step-ahead forecasting results for GBP/USD, EUR/USD, USD/]JPY, AUD/USD, and
USD/CNY, respectively.

However, the best-three forecasting models for GBP/USD exchange rate are
EHPD, and YH!P (see Table 6). Among these, *H!P has the best performance with 0.08490
MAPE, 0.00090 MAE, 0.00120 RMSE, 0.99940 CORR, 0.99870 NSE, 0.99580 KGE, and
0.89660 DA. The second-best model, EHPD, performs very well with MAPE = 0.08950,
RMSE = 0.00130, CORR = 0.99930, and NSE = 0.99860, which proves that the fully NNAR-
based forecasting frameworks are still very powerful when using the Epanechnikov

EHID’

kernel decomposition. The uniform kernel-based model is denoted as YH!P, which
achieves superior performance metrics: MAPE = 0.10640, RMSE = 0.00160, CORR = 0.99910,
NSE = 0.99800, KGE = 0.99420. The results show that adaptive kernel smoothing
with nonlinear forecasting models can significantly improve the predictive accuracy of
GBP/USD forecasting.

For the EUR/USD exchange rate (Table 7), the best-three forecasting models are EgiD,
TCHIP, and YH!P. The overall best model, FH!P, exhibits very high forecasting accuracy
with MAPE = 0.12920, MAE = 0.00137, RMSE = 0.00187, CORR = 0.99920, NSE = 0.99830,
KGE = 0.99610, and DA = 0.79800. The truncated Gaussian model TCH!P has the
second-best performance with MAPE = 0.17010, RMSE = 0.00258, CORR = 0.99840, and
NSE = 0.99660, indicating good stability and predictive consistency. The uniform kernel-
based model YH!P also performs comparably with MAPE = 0.16110, RMSE = 0.00238,
CORR =0.99870, and NSE = 0.99720. The results confirm that hybrid structures with ARIMA
and NNAR forecasting components outperform in forecasting EUR/USD dynamics.
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Table 6. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid models for

GBP/USD using the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 A4 0.36840 0.00480 0.00630 0.98550 0.50000 0.97110 0.98540
2 CAl 0.36870 0.00490 0.00640 0.98540 0.49750 0.97090 0.98510
3 GCHAN 0.36790 0.00470 0.00620 0.98570 0.50250 0.97130 0.98580
4 GAD 0.36740 0.00460 0.00610 0.98590 0.50500 0.97150 0.98620
5 GlA 0.36840 0.00480 0.00630 0.98550 0.50000 0.97110 0.98540
6 Gl 0.36880 0.00490 0.00640 0.98540 0.49750 0.97080 0.98500
7 GHIN 0.36780 0.00470 0.00620 0.98570 0.50250 0.97130 0.98590
8 GlD 0.36720 0.00460 0.00610 0.98590 0.50500 0.97160 0.98630
9 GHNA 0.37060 0.00480 0.00630 0.98540 0.50000 0.97080 0.98280
10 GNI 0.37090 0.00490 0.00640 0.98530 0.49750 0.97060 0.98250
11 GHNN 0.37010 0.00470 0.00620 0.98560 0.50250 0.97100 0.98320
12 GND 0.36960 0.00460 0.00610 0.98580 0.50500 0.97120 0.98360
13 GbA 0.36910 0.00480 0.00630 0.98550 0.50000 0.97090 0.98540
14 GyP! 0.36940 0.00490 0.00640 0.98540 0.49750 0.97070 0.98510
15 GDN 0.36860 0.00470 0.00620 0.98570 0.50250 0.97110 0.98580
16 GybD 0.36810 0.00460 0.00610 0.98590 0.50500 0.97130 0.98620
17 EppAA 0.12040 0.00160 0.00200 0.99860 0.84240 0.99710 0.99360
18 EpAl 0.12070 0.00170 0.00210 0.99850 0.83990 0.99700 0.99330
19 EfAN 0.11980 0.00150 0.00190 0.99870 0.84730 0.99720 0.99400
20 EgAD 0.11890 0.00140 0.00180 0.99880 0.84980 0.99740 0.99440
21 Eppla 0.08620 0.00110 0.00140 0.99920 0.88920 0.99850 0.99500
22 Eqll 0.08650 0.00120 0.00150 0.99910 0.88670 0.99840 0.99470
23 EppIN 0.08570 0.00100 0.00130 0.99930 0.89410 0.99860 0.99540
24 EqlD 0.08490 0.00090 0.00120 0.99940 0.89660 0.99870 0.99580
25 EgNA 0.14490 0.00190 0.00240 0.99790 0.80300 0.99560 0.99170
26 ENI 0.14530 0.00200 0.00250 0.99780 0.80050 0.99540 0.99140
27 ENN 0.14380 0.00180 0.00230 0.99800 0.80790 0.99580 0.99210
28 EgND 0.14260 0.00170 0.00220 0.99810 0.81030 0.99600 0.99250
29 EgDA 0.14130 0.00180 0.00240 0.99790 0.79560 0.99590 0.99230
30 EgDI 0.14170 0.00190 0.00250 0.99780 0.79310 0.99570 0.99200
31 EgDN 0.14050 0.00170 0.00230 0.99800 0.80050 0.99600 0.99270
32 EgbD 0.13940 0.00160 0.00220 0.99820 0.80300 0.99620 0.99310
33 upAA 0.12150 0.00160 0.00200 0.99860 0.82270 0.99710 0.99310
34 UgAL 0.12180 0.00170 0.00210 0.99850 0.82020 0.99700 0.99280
35 UAN 0.12090 0.00150 0.00190 0.99870 0.82760 0.99720 0.99350
36 UgAD 0.12010 0.00140 0.00180 0.99880 0.83000 0.99740 0.99390
37 Upla 0.10770 0.00140 0.00180 0.99890 0.85220 0.99770 0.99340
38 Ul 0.10800 0.00150 0.00190 0.99880 0.84980 0.99760 0.99310
39 URIN 0.10710 0.00130 0.00170 0.99900 0.85710 0.99780 0.99380
40 Upy!D 0.10640 0.00120 0.00160 0.99910 0.85960 0.99800 0.99420
41 UgNA 0.12140 0.00160 0.00200 0.99860 0.82760 0.99710 0.99090
42 URNI 0.12170 0.00170 0.00210 0.99850 0.82510 0.99700 0.99060
43 URNN 0.12070 0.00150 0.00190 0.99870 0.83000 0.99720 0.99130
44 UpND 0.11990 0.00140 0.00180 0.99880 0.83250 0.99740 0.99170
45 UpDA 0.12000 0.00160 0.00200 0.99860 0.81530 0.99720 0.99170
46 UyDI 0.12030 0.00170 0.00210 0.99850 0.81280 0.99710 0.99140
47 UpDN 0.11910 0.00150 0.00190 0.99870 0.81770 0.99730 0.99210
48 Uybb 0.11820 0.00140 0.00180 0.99880 0.82020 0.99750 0.99250
49 TGppAA 0.28510 0.00370 0.00490 0.99130 0.62560 0.98270 0.98840
50 TGAl 0.28550 0.00380 0.00500 0.99120 0.62320 0.98250 0.98810
51 TGHAN 0.28430 0.00360 0.00480 0.99150 0.62810 0.98290 0.98880
52 TGAD 0.28340 0.00350 0.00470 0.99170 0.63050 0.98310 0.98920
53 TGlA 0.26630 0.00350 0.00450 0.99250 0.61330 0.98500 0.99120
54 TGl 0.26670 0.00360 0.00460 0.99240 0.61080 0.98480 0.99090
55 TG IN 0.26520 0.00340 0.00440 0.99260 0.61820 0.98520 0.99160
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S.No Model MAPE MAE RMSE CORR DA NSE KGE
56 TGp!D 0.26400 0.00330 0.00430 0.99280 0.62070 0.98550 0.99200
57 TGHNA 0.28590 0.00370 0.00490 0.99130 0.62560 0.98260 0.98650
58 TGNI 0.28630 0.00380 0.00500 0.99120 0.62320 0.98240 0.98620
59 TGHNN 0.28500 0.00360 0.00480 0.99150 0.62810 0.98280 0.98690
60 TGyND 0.28410 0.00350 0.00470 0.99170 0.63050 0.98300 0.98730
61 TGbA 0.28470 0.00370 0.00480 0.99140 0.62560 0.98280 0.99010
62 TGyDI 0.28510 0.00380 0.00490 0.99130 0.62320 0.98260 0.98980
63 TGDN 0.28390 0.00360 0.00470 0.99160 0.62810 0.98300 0.99050
64 TGyDD 0.28300 0.00350 0.00460 0.99180 0.63050 0.98320 0.99100

Table 7. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid models for
the EUR/USD employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 GAA 0.20310 0.00221 0.00311 0.99760 0.68720 0.99510 0.99500
2 GyAl 0.20300 0.00220 0.00310 0.99760 0.68720 0.99520 0.99510
3 GHAN 0.20280 0.00220 0.00309 0.99770 0.68960 0.99520 0.99510
4 GAD 0.20240 0.00219 0.00308 0.99770 0.69210 0.99530 0.99520
5 Gppla 0.19890 0.00218 0.00301 0.99770 0.68960 0.99530 0.99540
6 Gp!! 0.19870 0.00217 0.00300 0.99770 0.69210 0.99540 0.99550
7 GIN 0.19860 0.00217 0.00299 0.99770 0.69460 0.99540 0.99550
8 Gyib 0.19830 0.00216 0.00298 0.99780 0.69700 0.99550 0.99560
9 GyNA 0.21610 0.00241 0.00322 0.99730 0.68230 0.99460 0.99340
10 GyNI 0.21590 0.00240 0.00320 0.99730 0.68470 0.99470 0.99350
11 GHNN 0.21570 0.00239 0.00319 0.99740 0.68720 0.99470 0.99350
12 GND 0.21550 0.00238 0.00318 0.99740 0.68960 0.99480 0.99360
13 GybA 0.21640 0.00242 0.00323 0.99730 0.68230 0.99450 0.99420
14 GyPD! 0.21620 0.00241 0.00322 0.99730 0.68470 0.99460 0.99430
15 GHDN 0.21600 0.00240 0.00321 0.99740 0.68720 0.99470 0.99430
16 GybD 0.21580 0.00239 0.00319 0.99740 0.68960 0.99470 0.99440
17 EppAA 0.13100 0.00141 0.00191 0.99910 0.79310 0.99810 0.99570
18 Epal 0.13080 0.00140 0.00190 0.99910 0.79560 0.99820 0.99580
19 E[AN 0.13060 0.00139 0.00189 0.99920 0.79800 0.99820 0.99580

20 EggAD 0.13040 0.00138 0.00188 0.99920 0.80050 0.99830 0.99590
21 Eqpla 0.12990 0.00140 0.00190 0.99910 0.79060 0.99810 0.99590
22 Eppl 0.12970 0.00139 0.00189 0.99910 0.79310 0.99820 0.99600
23 EIN 0.12950 0.00138 0.00188 0.99920 0.79560 0.99820 0.99600
24 EgiD 0.12920 0.00137 0.00187 0.99920 0.79800 0.99830 0.99610
25 EgNA 0.15660 0.00171 0.00231 0.99860 0.79310 0.99720 0.99480
26 EpNI 0.15640 0.00170 0.00230 0.99860 0.79560 0.99730 0.99490
27 E[NN 0.15630 0.00169 0.00229 0.99860 0.79800 0.99730 0.99490
28 END 0.15610 0.00168 0.00228 0.99870 0.80050 0.99740 0.99500
29 EgDA 0.15640 0.00171 0.00231 0.99860 0.79310 0.99720 0.99560
30 EyD!I 0.15620 0.00170 0.00230 0.99860 0.79560 0.99730 0.99570
31 EgDN 0.15610 0.00169 0.00229 0.99870 0.79800 0.99730 0.99570
32 EyDbD 0.15590 0.00168 0.00228 0.99870 0.80050 0.99740 0.99580
33 UpAa 0.16410 0.00181 0.00241 0.99850 0.74380 0.99690 0.99660
34 UpgAl 0.16390 0.00180 0.00240 0.99850 0.74630 0.99700 0.99670
35 UAN 0.16370 0.00179 0.00239 0.99850 0.74880 0.99700 0.99670
36 UpAD 0.16350 0.00178 0.00238 0.99860 0.75120 0.99710 0.99680
37 Upla 0.16170 0.00181 0.00241 0.99850 0.74880 0.99700 0.99600
38 Uy 0.16150 0.00180 0.00240 0.99860 0.75120 0.99710 0.99610
39 UIN 0.16130 0.00179 0.00239 0.99860 0.75370 0.99710 0.99610
40 U 0.16110 0.00178 0.00238 0.99860 0.75620 0.99720 0.99620
41 UpNA 0.16820 0.00191 0.00251 0.99840 0.75370 0.99670 0.99470
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Table 7. Cont.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
42 UpNI 0.16800 0.00190 0.00250 0.99840 0.75620 0.99680 0.99480
43 URNN 0.16780 0.00189 0.00249 0.99850 0.75860 0.99680 0.99480
44 UgND 0.16760 0.00188 0.00248 0.99850 0.76110 0.99690 0.99490
45 ugbA 0.16760 0.00181 0.00251 0.99840 0.75620 0.99680 0.99550
46 Upyp! 0.16740 0.00180 0.00250 0.99840 0.75860 0.99690 0.99560
47 UgDN 0.16720 0.00179 0.00249 0.99850 0.76110 0.99690 0.99560
48 UuybDb 0.16700 0.00178 0.00248 0.99850 0.76350 0.99700 0.99570
49 TGHAA 0.18090 0.00201 0.00271 0.99810 0.72910 0.99610 0.99510
50 TGHAI 0.18070 0.00200 0.00270 0.99810 0.73150 0.99620 0.99520
51 TGHAN 0.18050 0.00199 0.00269 0.99820 0.73400 0.99620 0.99520
52 TGAD 0.18020 0.00198 0.00268 0.99820 0.73650 0.99630 0.99530
53 TeplA 0.17070 0.00191 0.00261 0.99820 0.74630 0.99640 0.99570
54 TGyl 0.17050 0.00190 0.00260 0.99830 0.74880 0.99650 0.99580
55 TGHIN 0.17030 0.00189 0.00259 0.99830 0.75120 0.99650 0.99580
56 TGyID 0.17010 0.00188 0.00258 0.99840 0.75370 0.99660 0.99590
57 TGyNA 0.19990 0.00221 0.00301 0.99770 0.70690 0.99530 0.99390
58 TGHNI 0.19970 0.00220 0.00300 0.99770 0.70940 0.99540 0.99400
59 TGHNN 0.19950 0.00219 0.00299 0.99770 0.71180 0.99540 0.99400
60 TGHND 0.19930 0.00218 0.00298 0.99780 0.71430 0.99550 0.99410
61 TGHDA 0.20020 0.00221 0.00301 0.99770 0.70440 0.99530 0.99470
62 TGyPI 0.20000 0.00220 0.00300 0.99770 0.70690 0.99540 0.99480
63 TGHDN 0.19980 0.00219 0.00299 0.99770 0.70940 0.99540 0.99480
64 TGyDbD 0.19960 0.00218 0.00298 0.99780 0.71180 0.99550 0.99490

Table 8. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid models for
USD/JPY using the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 GHAA 0.51680 0.77590 1.02110 0.97610 0.50490 0.95200 0.97590
2 GHAI 0.51660 0.77570 1.02090 0.97610 0.50740 0.95210 0.97600
3 GHAN 0.51640 0.77550 1.02070 0.97620 0.50990 0.95220 0.97610
4 GyAD 0.51610 0.77510 1.02030 0.97620 0.51230 0.95230 0.97620
5 GHlA 0.51600 0.77500 1.02010 0.97630 0.51480 0.95240 0.97630
6 GHI 0.51580 0.77480 1.01990 0.97630 0.51720 0.95250 0.97640
7 GHIN 0.51560 0.77450 1.01970 0.97640 0.51970 0.95260 0.97650
8 GH!D 0.51530 0.77420 1.01940 0.97640 0.52220 0.95270 0.97660
9 GHNA 0.51850 0.77840 1.02290 0.97590 0.50250 0.95170 0.97570
10 GHNI 0.51830 0.77820 1.02260 0.97600 0.50490 0.95180 0.97580
11 GHNN 0.51810 0.77790 1.02240 0.97600 0.50740 0.95190 0.97590
12 GHND 0.51780 0.77760 1.02200 0.97610 0.50990 0.95200 0.97600
13 GyPbA 0.55870 0.84080 1.07900 0.97360 0.50490 0.94640 0.95560
14 GHPI 0.55840 0.84040 1.07860 0.97370 0.50740 0.94650 0.95570
15 GHDN 0.55810 0.84000 1.07820 0.97380 0.50990 0.94660 0.95580
16 GHDPD 0.55780 0.83960 1.07780 0.97390 0.51230 0.94670 0.95590
17 Eppaa 0.18620 0.27950 0.35930 0.99700 0.80790 0.99400 0.99210
18 EpAl 0.18590 0.27910 0.35890 0.99700 0.81030 0.99410 0.99220
19 EgAN 0.18530 0.27820 0.35820 0.99710 0.81530 0.99420 0.99230

20 EppaD 0.18510 0.27790 0.35790 0.99710 0.81770 0.99430 0.99240
21 Epla 0.17550 0.26350 0.33950 0.99730 0.81530 0.99460 0.99320
22 Epqll 0.17520 0.26310 0.33900 0.99740 0.81770 0.99470 0.99330
23 EqIN 0.17480 0.26240 0.33820 0.99750 0.82020 0.99480 0.99340
24 EfID 0.17460 0.26210 0.33790 0.99750 0.82270 0.99490 0.99350
25 EfNA 0.23420 0.35170 0.45420 0.99520 0.78330 0.99040 0.99330
26 EQNI 0.23400 0.35140 0.45380 0.99530 0.78570 0.99050 0.99350
27 ENN 0.23370 0.35100 0.45290 0.99540 0.78820 0.99060 0.99360
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Table 8. Cont.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
28 END 0.23350 0.35070 0.45250 0.99540 0.79060 0.99070 0.99370
29 EpDA 0.24630 0.37040 0.47290 0.99480 0.77830 0.98960 0.98720
30 EgDI 0.24600 0.37000 0.47240 0.99490 0.78080 0.98970 0.98740
31 EDN 0.24570 0.36950 0.47180 0.99500 0.78330 0.98980 0.98750
32 EybD 0.24540 0.36910 0.47120 0.99500 0.78570 0.98990 0.98760
33 UpAA 0.22790 0.34200 0.45100 0.99520 0.77090 0.99050 0.99360
34 UAL 0.22760 0.34160 0.45050 0.99530 0.77340 0.99060 0.99370
35 UpAN 0.22720 0.34100 0.44890 0.99540 0.77590 0.99070 0.99380
36 uAD 0.22690 0.34060 0.44830 0.99550 0.77830 0.99080 0.99390
37 Ugrla 0.22490 0.33760 0.44520 0.99530 0.76850 0.99080 0.99310
38 Uit 0.22460 0.33720 0.44470 0.99540 0.77090 0.99090 0.99320
39 UgIN 0.22420 0.33660 0.44320 0.99550 0.77340 0.99100 0.99330
40 Up!D 0.22390 0.33620 0.44270 0.99560 0.77590 0.99110 0.99340
41 UpNA 0.23790 0.35710 0.46630 0.99490 0.76850 0.98990 0.99250
42 URNI 0.23750 0.35650 0.46570 0.99500 0.77090 0.99000 0.99260
43 UNN 0.23690 0.35570 0.46440 0.99510 0.77340 0.99010 0.99270
44 UND 0.23660 0.35520 0.46380 0.99510 0.77590 0.99020 0.99280
45 ugba 0.24800 0.37300 0.49070 0.99440 0.76600 0.98880 0.98560
46 UyP! 0.24770 0.37250 0.49010 0.99450 0.76850 0.98890 0.98580
47 Uy DN 0.24740 0.37200 0.48930 0.99460 0.77090 0.98900 0.98590
48 UgbDb 0.24710 0.37150 0.48870 0.99470 0.77340 0.98910 0.98600
49 TGAA 0.43280 0.64980 0.85050 0.98320 0.56900 0.96660 0.98240
50 TGAL 0.43250 0.64940 0.85000 0.98330 0.57140 0.96670 0.98250
51 TGAN 0.43220 0.64900 0.84960 0.98340 0.57390 0.96680 0.98260
52 TGAD 0.43190 0.64850 0.84910 0.98350 0.57640 0.96690 0.98270
53 TGIA 0.41910 0.62920 0.83050 0.98400 0.57390 0.96810 0.98390
54 TG!! 0.41880 0.62880 0.83000 0.98410 0.57640 0.96820 0.98400
55 TGN 0.41850 0.62840 0.82960 0.98420 0.57880 0.96830 0.98410
56 TGp!D 0.41820 0.62800 0.82910 0.98430 0.58130 0.96840 0.98420
57 TGHNA 0.43300 0.65000 0.85200 0.98310 0.56900 0.96650 0.98180
58 TGNI 0.43270 0.64960 0.85150 0.98320 0.57140 0.96660 0.98190
59 TGNN 0.43240 0.64920 0.85110 0.98330 0.57390 0.96670 0.98200
60 TGYND 0.43210 0.64870 0.85060 0.98340 0.57640 0.96680 0.98210
61 TGDA 0.48150 0.72480 0.92850 0.98070 0.54680 0.96020 0.95250
62 TGD! 0.48110 0.72430 0.92800 0.98080 0.54930 0.96030 0.95260
63 TGDN 0.48080 0.72380 0.92760 0.98090 0.55170 0.96040 0.95280
64 TGyDD 0.48050 0.72330 0.92710 0.98100 0.55420 0.96050 0.95290

While FHIP, UHID  and TCHIP are the three best forecast models for the USD/JPY
exchange rate (Table 8). The best model is EHID (MAPE = 0.1746, MAE = 0.2621,
RMSE = 0.3379, CORR = 0.9975, NSE = 0.9949, KGE = 0.9935, and DA = 0.8227). The
second-best model is the uniform kernel model YH!P with MAPE = 0.2239, RMSE = 0.4427,
CORR = 0.9956, and NSE = 0.9911. Even applying simple smoothing techniques, this
model has very good predictive power. The truncated Gaussian model TCH!P takes third
place with MAPE = 0.4182, RMSE = 0.8291, CORR = 0.9843, and NSE = 0.9684. The results
show that adaptive local smoothing, in conjunction with nonlinear forecasting models,
significantly enhances predictive accuracy in volatile USD/JPY markets.

On the other hand, the best models for the AUD/USD exchange rate (Table 9) are
UHPDP, EHIP, and TSH!P. The best forecasting performance is obtained by the uni-
form kernel-based model YHPP with MAPE = 0.1519, MAE = 0.0009, RMSE = 0.0013,
CORR = 0.9964, NSE = 0.9925, KGE = 0.9886, and DA = 0.8522. The Epanechnikov kernel
model FH!P is close, with MAPE = 0.0978, RMSE = 0.0013, CORR = 0.9987, NSE = 0.9973
and DA = 0.8966, which shows better performance in directional forecasting. The truncated
Gaussian specification TSHP also records MAPE = 0.2157, RMSE = 0.0018, CORR = 0.9926,
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and NSE = 0.9851. These results show that the nonlinear structure of NNAR-based forecast-
ing always improves the forecasting accuracy for AUD/USD compared with alternative
kernel decomposition approaches.

Table 9. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid models for
the AUD/USD employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 GAA 0.26090 0.00170 0.00230 0.98870 0.64780 0.97750 0.98550
2 GyAl 0.26110 0.00170 0.00230 0.98860 0.64530 0.97740 0.98520
3 CHAN 0.26040 0.00170 0.00220 0.98890 0.65020 0.97780 0.98610
4 GAD 0.26010 0.00170 0.00220 0.98900 0.65270 0.97790 0.98650
5 Gpla 0.25780 0.00170 0.00230 0.98890 0.63790 0.97790 0.98650
6 Gl 0.25800 0.00170 0.00230 0.98880 0.63550 0.97780 0.98620
7 GHIN 0.25740 0.00170 0.00220 0.98910 0.64290 0.97810 0.98710
8 G!D 0.25710 0.00160 0.00220 0.98920 0.64530 0.97830 0.98750
9 GyNA 0.26190 0.00170 0.00230 0.98840 0.67000 0.97670 0.98010
10 GHNI 0.26210 0.00170 0.00230 0.98830 0.66750 0.97650 0.97980
11 GHNN 0.26150 0.00170 0.00220 0.98860 0.67240 0.97700 0.98090
12 GND 0.26120 0.00170 0.00220 0.98870 0.67490 0.97720 0.98150
13 GybA 0.26240 0.00170 0.00230 0.98840 0.67000 0.97680 0.98240
14 Gyb! 0.26260 0.00170 0.00230 0.98830 0.66750 0.97660 0.98210
15 GDN 0.26200 0.00170 0.00220 0.98860 0.67240 0.97700 0.98310
16 GybD 0.26180 0.00160 0.00220 0.98870 0.67490 0.97720 0.98360
17 EppaA 0.16400 0.00110 0.00140 0.99570 0.79560 0.99140 0.98820
18 EpAl 0.16420 0.00110 0.00140 0.99560 0.79310 0.99130 0.98790
19 EAN 0.16350 0.00110 0.00130 0.99590 0.79800 0.99160 0.98910
20 EgAD 0.16290 0.00100 0.00130 0.99600 0.80050 0.99180 0.98980
21 Eppla 0.09870 0.00110 0.00140 0.99850 0.89160 0.99700 0.99110
22 Epll 0.09890 0.00110 0.00140 0.99840 0.88920 0.99680 0.99080
23 EppIN 0.09820 0.00100 0.00130 0.99860 0.89410 0.99710 0.99210
24 EID 0.09780 0.00100 0.00130 0.99870 0.89660 0.99730 0.99280
25 EgNA 0.18280 0.00120 0.00160 0.99440 0.81280 0.98860 0.98270
26 ENI 0.18300 0.00120 0.00160 0.99430 0.81030 0.98840 0.98240
27 ENN 0.18110 0.00120 0.00150 0.99460 0.81770 0.98890 0.98380
28 EfND 0.18070 0.00110 0.00150 0.99470 0.82020 0.98910 0.98450
29 EgbDA 0.18050 0.00120 0.00160 0.99450 0.81530 0.98880 0.98600
30 EyD! 0.18080 0.00120 0.00160 0.99440 0.81280 0.98860 0.98570
31 EDN 0.17890 0.00110 0.00150 0.99470 0.82020 0.98910 0.98700
32 EybD 0.17850 0.00110 0.00150 0.99480 0.82270 0.98930 0.98770
33 UpgA4 0.15820 0.00100 0.00140 0.99580 0.83250 0.99150 0.99060
34 UgAl 0.15840 0.00100 0.00140 0.99570 0.83000 0.99130 0.99030
35 URAN 0.15680 0.00100 0.00130 0.99600 0.83740 0.99180 0.99160
36 UgAD 0.15640 0.00090 0.00130 0.99610 0.83990 0.99200 0.99320
37 Upla 0.15840 0.00100 0.00140 0.99580 0.83990 0.99170 0.98910
38 Uyl 0.15860 0.00100 0.00140 0.99570 0.83740 0.99150 0.98880
39 URIN 0.15660 0.00090 0.00130 0.99600 0.84730 0.99200 0.99020
40 Upg!D 0.15610 0.00090 0.00130 0.99620 0.84980 0.99220 0.99190
41 UpNA 0.15740 0.00100 0.00140 0.99600 0.85220 0.99180 0.98190
42 UNI 0.15770 0.00100 0.00140 0.99590 0.84980 0.99160 0.98160
43 UPNN 0.15640 0.00090 0.00130 0.99620 0.85470 0.99210 0.98290
44 URND 0.15600 0.00090 0.00130 0.99630 0.85710 0.99230 0.98480
45 UpbA 0.15350 0.00100 0.00140 0.99610 0.84480 0.99200 0.98570
46 Uyb! 0.15380 0.00100 0.00140 0.99600 0.84240 0.99180 0.98540
47 UyDN 0.15230 0.00090 0.00130 0.99630 0.84980 0.99230 0.98670
48 UuybD 0.15190 0.00090 0.00130 0.99640 0.85220 0.99250 0.98860
49 TepAA 0.23090 0.00150 0.00210 0.99080 0.70200 0.98180 0.98940
50 TGAL 0.23110 0.00150 0.00210 0.99070 0.69950 0.98160 0.98910
51 TGHAN 0.23040 0.00150 0.00200 0.99100 0.70440 0.98200 0.99010
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S.No Model MAPE MAE RMSE CORR DA NSE KGE
52 TGAD 0.23010 0.00140 0.00200 0.99110 0.70690 0.98220 0.99050
53 TGplA 0.21630 0.00140 0.00190 0.99230 0.69460 0.98470 0.98820
54 TGll 0.21650 0.00140 0.00190 0.99220 0.69210 0.98450 0.98790
55 TG IN 0.21600 0.00140 0.00180 0.99250 0.69700 0.98490 0.98910
56 TGp!D 0.21570 0.00130 0.00180 0.99260 0.69950 0.98510 0.99000
57 TGNA 0.29990 0.00190 0.00260 0.98500 0.73150 0.97010 0.97670
58 TGNI 0.30020 0.00200 0.00260 0.98490 0.72910 0.96990 0.97640
59 TGHNN 0.29940 0.00190 0.00250 0.98520 0.73400 0.97030 0.97760
60 TGyND 0.29900 0.00190 0.00250 0.98530 0.73650 0.97050 0.97850
61 TGbA 0.30490 0.00200 0.00270 0.98480 0.72660 0.96930 0.96110
62 TGyDI 0.30520 0.00200 0.00270 0.98470 0.72410 0.96910 0.96080
63 TGHDN 0.30450 0.00190 0.00260 0.98500 0.72910 0.96950 0.96220
64 TGyDD 0.30410 0.00190 0.00260 0.98510 0.73150 0.96970 0.96330

Table 10. The out-of-sample one-step-ahead forecasting accuracy of all sixty-four hybrid models for
the USD/CNY employing the proposed forecasting framework.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
1 GAA 0.08770 0.00630 0.01060 0.98990 0.62320 0.97990 0.98680
2 GHAl 0.04850 0.00350 0.00560 0.99730 0.75370 0.99440 0.98730
3 GIHAN 0.07280 0.00520 0.00840 0.99380 0.68970 0.98760 0.98870
4 GHAD 0.07210 0.00520 0.00830 0.99380 0.69950 0.98770 0.98790
5 GHIA 0.06700 0.00480 0.00820 0.99410 0.67490 0.98820 0.98790
6 Gl 0.03820 0.00270 0.00430 0.99840 0.76350 0.99670 0.98850
7 GIIN 0.05310 0.00380 0.00610 0.99670 0.72170 0.99340 0.98920
8 Gy!P 0.05270 0.00380 0.00610 0.99670 0.73890 0.99340 0.98830
9 GHNA 0.11350 0.00820 0.01340 0.98410 0.58620 0.96840 0.97470
10 GINI 0.07310 0.00520 0.00810 0.99440 0.75120 0.98840 0.97310
11 GHNN 0.10730 0.00770 0.01210 0.98690 0.64290 0.97390 0.97650
12 GHND 0.10710 0.00770 0.01210 0.98690 0.65020 0.97390 0.97570
13 GHPA 0.12330 0.00890 0.01380 0.98360 0.57640 0.96650 0.95200
14 GyP! 0.08810 0.00630 0.00900 0.99380 0.74140 0.98550 0.94810
15 GDPN 0.11700 0.00840 0.01260 0.98650 0.63790 0.97200 0.95290
16 GbD 0.11690 0.00840 0.01260 0.98650 0.64780 0.97210 0.95210
17 Epa4 0.06270 0.00450 0.00700 0.99570 0.73890 0.99130 0.98500
18 EpAl 0.04040 0.00290 0.00460 0.99810 0.79310 0.99620 0.99170
19 EHAN 0.06350 0.00460 0.00700 0.99560 0.74880 0.99120 0.98720

20 EgAD 0.06260 0.00440 0.00690 0.99580 0.73890 0.99150 0.98620
21 Epla 0.06280 0.00450 0.00700 0.99570 0.74630 0.99130 0.98560
22 Epplt 0.04010 0.00290 0.00460 0.99810 0.79060 0.99620 0.99240
23 EgIN 0.06360 0.00460 0.00710 0.99560 0.74140 0.99120 0.98790
24 EpID 0.06290 0.00450 0.00700 0.99570 0.74380 0.99140 0.98680
25 EpNA 0.07520 0.00540 0.00810 0.99430 0.71920 0.98820 0.97540
26 ENI 0.05030 0.00360 0.00550 0.99750 0.76850 0.99470 0.98140
27 EHgNN 0.07500 0.00540 0.00810 0.99430 0.71430 0.98840 0.97760
28 EQND 0.07360 0.00530 0.00800 0.99440 0.71670 0.98860 0.97650
29 EgbA 0.07800 0.00560 0.00840 0.99390 0.71430 0.98740 0.97260
30 EDI 0.05240 0.00380 0.00570 0.99730 0.76350 0.99420 0.97850
31 EQDN 0.07780 0.00560 0.00840 0.99400 0.71920 0.98760 0.97480
32 EqPbD 0.07650 0.00550 0.00830 0.99410 0.71670 0.98780 0.97370
33 UpAA 0.05310 0.00380 0.00610 0.99670 0.76600 0.99340 0.99040
34 UpAl 0.04240 0.00300 0.00510 0.99770 0.77340 0.99540 0.99680
35 UAN 0.05380 0.00390 0.00620 0.99660 0.77340 0.99320 0.99170
36 UpgAD 0.05580 0.00400 0.00640 0.99640 0.76110 0.99280 0.99260
37 Uppia 0.05330 0.00380 0.00590 0.99690 0.76110 0.99380 0.99100
38 Uy 0.04300 0.00310 0.00490 0.99790 0.77090 0.99570 0.99730
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S.No Model MAPE MAE RMSE CORR DA NSE KGE
39 URIN 0.05400 0.00390 0.00600 0.99680 0.75620 0.99360 0.99230
40 uplD 0.05620 0.00400 0.00610 0.99670 0.76110 0.99330 0.99320
41 UpNA 0.06420 0.00460 0.00690 0.99610 0.76600 0.99170 0.97200
42 UyNI 0.05040 0.00360 0.00550 0.99760 0.77830 0.99470 0.97840
43 UHNN 0.06480 0.00470 0.00690 0.99600 0.76850 0.99150 0.97340
44 URND 0.06640 0.00480 0.00700 0.99590 0.75860 0.99130 0.97440
45 UppbA 0.06390 0.00460 0.00680 0.99630 0.77090 0.99180 0.96970
46 UpbI! 0.05030 0.00360 0.00550 0.99760 0.77590 0.99470 0.97630
47 UgPN 0.06460 0.00460 0.00690 0.99610 0.77340 0.99170 0.97120
48 UpybD 0.06600 0.00470 0.00700 0.99600 0.75620 0.99140 0.97220
49 TGAA 0.08700 0.00620 0.01050 0.99020 0.62320 0.98050 0.98710
50 TGgAl 0.04720 0.00340 0.00550 0.99740 0.76110 0.99470 0.98810
51 TGAN 0.07260 0.00520 0.00830 0.99390 0.68970 0.98790 0.98900
52 TGAD 0.07180 0.00520 0.00830 0.99390 0.69460 0.98790 0.98820
53 TGlA 0.06610 0.00470 0.00800 0.99430 0.67730 0.98850 0.98770
54 TG 0.03870 0.00280 0.00450 0.99830 0.76350 0.99650 0.98890
55 TGN 0.05370 0.00390 0.00620 0.99660 0.72410 0.99330 0.98920
56 TG!D 0.05310 0.00380 0.00620 0.99660 0.73400 0.99320 0.98830
57 TGNA 0.11330 0.00810 0.01330 0.98420 0.58130 0.96860 0.97480
58 TGNI 0.07230 0.00520 0.00800 0.99450 0.75370 0.98860 0.97360
59 TGHNN 0.10720 0.00770 0.01210 0.98700 0.64780 0.97400 0.97670
60 TGYND 0.10700 0.00770 0.01210 0.98700 0.65270 0.97400 0.97590
61 TGPA 0.12400 0.00890 0.01370 0.98360 0.58370 0.96670 0.95220
62 TGyP! 0.08610 0.00620 0.00880 0.99420 0.75620 0.98630 0.94850
63 TGHDPN 0.11780 0.00850 0.01260 0.98640 0.64780 0.97200 0.95330
64 TGYPD 0.11760 0.00840 0.01260 0.98640 0.65270 0.97200 0.95240

Similarly, the three best forecasting models for the USD/CNY exchange rate (Table 10)
are CH!, TCH! and FH!L. Of these, the Gaussian kernel-based model CH!! performs
the best overall in forecasting with MAPE = 0.0382, MAE = 0.0027, RMSE = 0.0043,
CORR =0.9984, NSE = 0.9967, KGE = 0.9885, and DA = 0.7635. The truncated Gaus-
sian model T“H!! with MAPE = 0.0387, RMSE = 0.0045, CORR = 0.9983, and NSE = 0.9965
has the second-best forecasting accuracy. The Epanechnikov kernel specification FH!! is
a competitive specification with MAPE = 0.0401, RMSE = 0.0046, CORR = 0.9981, and
NSE = 0.9962. Similarly, these results indicate the utility of ARIMA-based forecasting struc-
tures in capturing persistent temporal dynamics and the relatively smoother behavior of the
USD/CNY exchange rate series. Hence, across all five exchange-rate markets, the proposed
kernel regression-based hybrid models consistently ranked among the best-performing
forecasting approaches. The Epanechnikov kernel, combined with ARIMA-NNAR or
NNAR-NNAR forecasting structures, frequently produced the lowest forecast errors. The
only exception was the USD/CNY market, where Gaussian-kernel decomposition with
ARIMA models achieved the best performance.

In addition to the above, the comparative results in Table 11 reveal that the direct
hybrid forecasting framework generally yields poorer predictive performance than the pro-
posed kernel regression-based decomposition framework. The direct hybrid models differ
from the decomposition-driven approach in that forecasting techniques are applied directly
to the raw exchange-rate series without separating long-run trend structures from high-
frequency stochastic fluctuations. As a result, across all five markets, decomposition-based
hybrid models consistently outperformed direct hybrid forecasting. The improvement
was particularly pronounced for USD/CNY, where the proposed Gaussian-kernel model
reduced MAPE, MAE, and RMSE by approximately 74%, 74%, and 76%, respectively. Simi-
lar improvements were observed for GBP/USD, EUR/USD, AUD/USD, and USD/]PY,
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demonstrating that decomposition prior to forecasting substantially enhances predictive
accuracy. It should be emphasized that the benchmark hybrid models are applied directly to
the original exchange-rate series, whereas the proposed methodology integrates kernel re-
gression decomposition as an inherent component of the forecasting framework. Therefore,
the reported comparisons evaluate the effectiveness of the complete decomposition-based
hybrid forecasting framework rather than the forecasting models alone. The observed
improvements consequently quantify the additional predictive benefit obtained by intro-
ducing adaptive kernel regression decomposition prior to component-wise forecasting.

Finally, we compare with the single forecasting models reported in Table 12,
namely, AR, ARIMA, NPAR, and NNAR, and find that the proposed kernel regression
decomposition-based hybrid forecasting framework is superior across all foreign exchange
markets. In conclusion, the empirical results strongly indicate that the new kernel regression
decomposition-based hybrid forecasting framework outperforms both direct hybridization
approaches and single forecasting models in all foreign exchange markets. The significant
reductions in forecasting errors and improvements in forecasting efficiency confirm the
robustness, flexibility and generalizability of the proposed methodology for modeling
complex nonlinear and nonstationary financial time series.

Table 11. Out-of-sample one-step-ahead forecasting performance of direct hybrid models (without
decomposition) across different foreign exchange markets.

S.No Model MAPE MAE RMSE CORR DA NSE KGE
EUR/USD
1 AR+AR 0.3554 0.0038 0.0052 0.9931 0.9428 0.9914 0.9929
2 ARIMA+AR 0.3555 0.0038 0.0052 0.9930 0.9419 0.9912 0.9927
3 NPAR+AR 0.3556 0.0038 0.0053 0.9929 0.9412 0.9910 0.9925
4 NNAR+AR 0.3552 0.0038 0.0052 0.9930 0.9421 0.9911 0.9928
5 AR+ARIMA 0.3555 0.0038 0.0052 0.9930 0.9419 0.9912 0.9927
6 ARIMA +ARIMA 0.3557 0.0039 0.0053 0.9928 0.9404 0.9908 0.9923
7 NPAR+ARIMA 0.3558 0.0039 0.0053 0.9928 0.9400 0.9907 0.9922
8 NNAR+ARIMA 0.3554 0.0038 0.0052 0.9929 0.9415 0.9910 0.9926
9 AR+NPAR 0.3556 0.0038 0.0053 0.9929 0.9412 0.9910 0.9925
10 ARIMA +NPAR 0.3558 0.0039 0.0053 0.9928 0.9400 0.9907 0.9922
11 NPAR+NPAR 0.3561 0.0039 0.0053 0.9927 0.9387 0.9904 0.9919
12 NNAR+NPAR 0.3559 0.0039 0.0053 0.9927 0.9391 0.9905 0.9920
13 AR+NNAR 0.3552 0.0038 0.0052 0.9930 0.9421 0.9911 0.9928
14 ARIMA+NNAR 0.3554 0.0038 0.0052 0.9929 0.9415 0.9910 0.9926
15 NPAR+NNAR 0.3559 0.0039 0.0053 0.9927 0.9391 0.9905 0.9920
16 NNAR+NNAR 0.3557 0.0039 0.0053 0.9927 0.9395 0.9906 0.9921
USD/JPY
17 AR+AR 0.5148 0.7724 1.0172 0.9768 0.8614 0.9736 0.9758
18 ARIMA+AR 0.5151 0.7728 1.0178 0.9766 0.8597 0.9732 0.9754
19 NPAR+AR 0.5158 0.7736 1.0186 0.9765 0.8582 0.9729 0.9751
20 NNAR+AR 0.5224 0.7835 1.0217 0.9760 0.8514 0.9712 0.9735
21 AR+ARIMA 0.5151 0.7728 1.0178 0.9766 0.8597 0.9732 0.9754
22 ARIMA +ARIMA 0.5155 0.7733 1.0181 0.9765 0.8589 0.9730 0.9752
23 NPAR+ARIMA 0.5160 0.7739 1.0184 0.9765 0.8578 0.9728 0.9750
24 NNAR+ARIMA 0.5211 0.7818 1.0209 0.9761 0.8526 0.9715 0.9738
25 AR+NPAR 0.5158 0.7736 1.0186 0.9765 0.8582 0.9729 0.9751
26 ARIMA +NPAR 0.5160 0.7739 1.0184 0.9765 0.8578 0.9728 0.9750
27 NPAR+NPAR 05172 0.7755 1.0198 0.9762 0.8551 0.9721 0.9744
28 NNAR+NPAR 0.5238 0.7856 1.0236 0.9758 0.8490 0.9706 0.9729
29 AR+NNAR 0.5224 0.7835 1.0217 0.9760 0.8514 0.9712 0.9735
30 ARIMA+NNAR 0.5211 0.7818 1.0209 0.9761 0.8526 0.9715 0.9738
31 NPAR+NNAR 0.5238 0.7856 1.0236 0.9758 0.8490 0.9706 0.9729
32 NNAR+NNAR 0.5362 0.8048 1.0391 0.9749 0.8422 0.9688 0.9712
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Table 11. Cont.
S.No Model MAPE MAE RMSE CORR DA NSE KGE
AUD/USD
33 AR+AR 0.4662 0.0029 0.0040 0.9638 0.8245 0.9608 0.9624
34 ARIMA+AR 0.4665 0.0029 0.0041 0.9636 0.8228 0.9604 0.9620
35 NPAR+AR 0.4660 0.0029 0.0040 0.9640 0.8258 0.9611 0.9627
36 NNAR+AR 0.4664 0.0029 0.0041 0.9637 0.8234 0.9605 0.9621
37 AR+ARIMA 0.4665 0.0029 0.0041 0.9636 0.8228 0.9604 0.9620
38 ARIMA+ARIMA 0.4676 0.0030 0.0041 0.9632 0.8195 0.9596 0.9613
39 NPAR+ARIMA 0.4668 0.0029 0.0041 0.9635 0.8219 0.9602 0.9618
40 NNAR+ARIMA 0.4670 0.0030 0.0041 0.9633 0.8206 0.9599 0.9615
41 AR+NPAR 0.4660 0.0029 0.0040 0.9640 0.8258 0.9611 0.9627
42 ARIMA+NPAR 0.4668 0.0029 0.0041 0.9635 0.8219 0.9602 0.9618
43 NPAR+NPAR 0.4672 0.0030 0.0041 0.9634 0.8201 0.9598 0.9614
44 NNAR+NPAR 0.4671 0.0030 0.0041 0.9633 0.8204 0.9599 0.9615
45 AR+NNAR 0.4664 0.0029 0.0041 0.9637 0.8234 0.9605 0.9621
46 ARIMA+NNAR 0.4670 0.0030 0.0041 0.9633 0.8206 0.9599 0.9615
47 NPAR+NNAR 0.4671 0.0030 0.0041 0.9633 0.8204 0.9599 0.9615
48 NNAR+NNAR 0.4674 0.0030 0.0041 0.9631 0.8188 0.9594 0.9611
USD/CNY
49 AR+AR 0.1458 0.0104 0.0181 0.9705 0.8426 0.9678 0.9694
50 ARIMA+AR 0.1460 0.0104 0.0181 0.9704 0.8418 0.9676 0.9692
51 NPAR+AR 0.1512 0.0108 0.0182 0.9701 0.8374 0.9665 0.9681
52 NNAR+AR 0.1504 0.0107 0.0182 0.9701 0.8382 0.9667 0.9683
53 AR+ARIMA 0.1460 0.0104 0.0181 0.9704 0.8418 0.9676 0.9692
54 ARIMA+ARIMA 0.1462 0.0105 0.0182 0.9703 0.8409 0.9674 0.9690
55 NPAR+ARIMA 0.1509 0.0108 0.0181 0.9702 0.8388 0.9669 0.9685
56 NNAR+ARIMA 0.1498 0.0107 0.0182 0.9702 0.8395 0.9671 0.9687
57 AR+NPAR 0.1512 0.0108 0.0182 0.9701 0.8374 0.9665 0.9681
58 ARIMA+NPAR 0.1509 0.0108 0.0181 0.9702 0.8388 0.9669 0.9685
59 NPAR+NPAR 0.1586 0.0114 0.0184 0.9695 0.8312 0.9650 0.9667
60 NNAR+NPAR 0.1572 0.0113 0.0184 0.9696 0.8320 0.9653 0.9670
61 AR+NNAR 0.1504 0.0107 0.0182 0.9701 0.8382 0.9667 0.9683
62 ARIMA+NNAR 0.1498 0.0107 0.0182 0.9702 0.8395 0.9671 0.9687
63 NPAR+NNAR 0.1572 0.0113 0.0184 0.9696 0.8320 0.9653 0.9670
64 NNAR+NNAR 0.1564 0.0112 0.0184 0.9696 0.8328 0.9655 0.9672
GBP/USD
65 AR+AR 0.3668 0.0047 0.0061 0.9862 0.9184 0.9846 0.9868
66 ARIMA+AR 0.3670 0.0047 0.0062 0.9860 0.9161 0.9842 0.9863
67 NPAR+AR 0.3675 0.0048 0.0062 0.9859 0.9148 0.9839 0.9860
68 NNAR+AR 0.3672 0.0048 0.0062 0.9859 0.9152 0.9840 0.9861
69 AR+ARIMA 0.3670 0.0047 0.0062 0.9860 0.9161 0.9842 0.9863
70 ARIMA+ARIMA 0.3673 0.0048 0.0062 0.9858 0.9143 0.9838 0.9859
71 NPAR+ARIMA 0.3676 0.0048 0.0062 0.9858 0.9139 0.9837 0.9858
72 NNAR+ARIMA 0.3674 0.0048 0.0062 0.9858 0.9141 0.9838 0.9859
73 AR+NPAR 0.3675 0.0048 0.0062 0.9859 0.9148 0.9839 0.9860
74 ARIMA+NPAR 0.3676 0.0048 0.0062 0.9858 0.9139 0.9837 0.9858
75 NPAR+NPAR 0.3682 0.0048 0.0063 0.9856 0.9117 0.9832 0.9853
76 NNAR+NPAR 0.3679 0.0048 0.0062 0.9857 0.9128 0.9835 0.9856
77 AR+NNAR 0.3672 0.0048 0.0062 0.9859 0.9152 0.9840 0.9861
78 ARIMA+NNAR 0.3674 0.0048 0.0062 0.9858 0.9141 0.9838 0.9859
79 NPAR+NNAR 0.3679 0.0048 0.0062 0.9857 0.9128 0.9835 0.9856
80 NNAR+NNAR 0.3677 0.0048 0.0062 0.9857 0.9131 0.9836 0.9857
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Table 12. Performance comparison of single forecasting models across different foreign ex-
change markets.

S.No Model MAPE MAE RMSE  CORR DA NSE KGE
EUR/USD

1 AR 03568  0.0038 00052 09942 09432 09916  0.9931

2  ARIMA 03569 00038 00052 09941 09428 09915  0.9929

3  NPAR 03571 00039 00053 09939 09419 09912  0.9926

4  NNAR 03575  0.0039  0.0054 09936 09408 09908  0.9921
USD/JPY

5 AR 05173 07759  1.0208 09799 08625 09739  0.9763

6 ARIMA 05174 07762  1.0211 09797 08619 09737  0.9760

7  NPAR 05187 07781 10228 09791 08598 09730 09751

8 NNAR 05583  0.8388 10714 09752 08486 09691  0.9702
AUD/USD

9 AR 04676  0.0029  0.0040 09642 08261 09614  0.9632

10 ARIMA 0.4701 0.0030 0.0041 0.9631 0.8224 0.9601 0.9617
11 NPAR 0.4684 0.0029 0.0041 0.9638 0.8248 0.9609 0.9626
12 NNAR 0.4685 0.0030 0.0041 0.9636 0.8242 0.9607 0.9623

USD/CNY

13 AR 0.1471 0.0105 0.0181 0.9708 0.8435 0.9682 0.9698
14 ARIMA 0.1474 0.0106 0.0182 0.9706 0.8427 0.9679 0.9695
15 NPAR 0.1655 0.0119 0.0188 0.9689 0.8341 0.9651 0.9669
16 NNAR 0.1627 0.0117 0.0186 0.9695 0.8360 0.9658 0.9676

GBP/USD

17 AR 0.3683 0.0047 0.0061 0.9864 0.9195 0.9849 0.9872
18 ARIMA 0.3684 0.0047 0.0061 0.9863 0.9190 0.9847 0.9870
19 NPAR 0.3705 0.0048 0.0063 0.9856 0.9138 0.9835 0.9857
20 NNAR 0.3686 0.0047 0.0062 0.9861 0.9182 0.9844 0.9866

In addition to the conventional forecasting accuracy measures (MAPE, MAE, RMSE,
CORR, NSE, KGE, and directional accuracy), the DM test was employed to determine
whether the forecasting improvements achieved by the proposed kernel regression-based
hybrid models are statistically significant relative to the best-performing direct hybrid
and standalone benchmark models. The DM test was computed using the complete set of
out-of-sample forecasts generated during the expanding-window evaluation period, and
the resulting pairwise p-values are reported in Table 13. The reported values correspond
to one-sided DM tests, where a p-value below 0.05 indicates that the forecasting model in
the corresponding row significantly outperforms the model in the corresponding column.
Overall, the DM test confirms that the forecasting improvements achieved by the proposed
kernel regression-based hybrid models are statistically significant rather than resulting
from random variation. The best-performing decomposition-based hybrid setups have
quite high p-values, indicating statistically similar predictive performance. The best kernel
regression-based hybrid models significantly outperform the equivalent direct hybrid and
standalone benchmark models for the GBP/USD and EUR/USD exchange rates. The
same pattern can be seen for the USD/JPY, AUD/USD and USD/CNY markets as well,
where the leading kernel regression-based hybrid models outperform the conventional
benchmark models consistently and significantly, while the differences among the best-
performing decomposition-based hybrid configurations are still statistically insignificant.
Overall, the DM test demonstrates the effectiveness of the proposed kernel regression
based decomposition framework with robust statistical evidence in all the five foreign
exchange markets. Several kernel regression-based hybrid configurations yield statistically
indistinguishable forecasting performance but consistently and significantly outperform
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the corresponding direct hybrid and standalone forecasting models. These results further
support the forecasting accuracy results and confirm that the improvements seen are real
increases in predictive performance and not due to random sampling variation.

Table 13. The DM test results (p-values) comparing the proposed kernel regression-based hy-
brid models with the best direct hybrid and standalone benchmark models across the five foreign
exchange markets.

GBP/USD
Models EfID UpnID TGID AR+ARIMA AR
EpID - 0.120 0.005 0.001 0.001
uyb 0.880 - 0.020 0.001 0.001
TGHID 0.995 0.980 - 0.030 0.040
AR+ARIMA 0.999 0.999 0.970 - 0.850
AR 0.999 0.999 0.960 0.150 -
EUR/USD
Models EfID UnID TGID NNAR+AR AR
EpID - 0.090 0.040 0.001 0.001
Uy 0.910 - 0.280 0.002 0.002
TGHID 0.960 0.720 - 0.003 0.004
NNAR+AR 0.999 0.998 0.997 - 0.840
AR 0.999 0.998 0.996 0.160 -
USD/JPY
Models E[ID EfIN Eplt AR+AR AR
EpiD - 0.420 0.310 0.001 0.001
ERIN 0.580 - 0.460 0.001 0.001
Emlt 0.690 0.540 - 0.002 0.002
AR+AR 0.999 0.999 0.998 - 0.850
AR 0.999 0.999 0.998 0.150 -
AUD/USD
Models EID UpnID TGID AR+NPAR AR
EgD - 0.100 0.005 0.001 0.001
uyb 0.900 - 0.050 0.002 0.002
TGHID 0.995 0.950 - 0.020 0.030
AR+NPAR 0.999 0.998 0.980 - 0.850
AR 0.999 0.998 0.970 0.150 -
USD/CNY
Models Gt Eqlt UpgAl AR+AR AR
Gl - 0.420 0.080 0.001 0.001
Empit 0.580 - 0.210 0.001 0.001
UAl 0.920 0.790 - 0.002 0.002
AR+AR 0.999 0.999 0.998 - 0.860
AR 0.999 0.999 0.998 0.140 -

To evaluate the robustness of the proposed kernel regression decomposition frame-
work with respect to bandwidth selection, a bandwidth sensitivity analysis was conducted
by varying the bandwidth around the least-squares cross-validation (LSCV) optimum.
Specifically, the complete forecasting framework was re-estimated using bandwidths equal
to 0.8h*, h*, and 1.2h*, where h* denotes the bandwidth selected automatically by the LSCV
criterion. Since the LSCV-selected bandwidth produced the lowest forecasting error for
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every exchange-rate series, Table 14 reports the percentage increase in MAPE obtained
under the two alternative bandwidth specifications relative to the optimal bandwidth.

Opverall, the proposed forecasting framework exhibits only limited sensitivity to mod-
erate bandwidth perturbations. Across all five foreign exchange markets, changing the
bandwidth by +20% around the LSCV optimum results in only small increases in forecast-
ing error, ranging from 1.7% to 3.6%. These results indicate that the predictive performance
of the proposed kernel regression decomposition framework remains stable even when the
bandwidth deviates moderately from its optimal value, demonstrating that the forecasting
accuracy does not depend critically on precise bandwidth tuning.

The degree of sensitivity also reflects the statistical properties of the individual ex-
change rate markets. The USD/JPY market shows the largest increase in MAPE (3.1-3.6%),
which is in line with its relatively larger forecasting errors and stronger short-run volatility
found throughout the empirical analysis. By contrast, an exchange rate USD/CNY is the
least sensitive (1.7-2.0%), which can be attributed to its relatively smoother market dynam-
ics and lower forecasting errors. The other exchange-rate markets (GBP/USD, EUR/USD
and AUD/USD) are of moderate sensitivity, with increases in forecasting errors remaining
below 3%, in line with their moderate levels of market volatility. These results indicate that
the choice of the optimal bandwidths naturally varies across the exchange-rate series, due to
differences in the local smoothness, volatility, and dependence over time of the series them-
selves, and not due to instability in the proposed methodology. Since bandwidth selection
is performed automatically using the LSCV criterion, the kernel regression decomposition
adapts to the statistical characteristics of each exchange-rate market without requiring man-
ual parameter tuning. Consequently, the proposed decomposition framework exhibits both
strong adaptability and robustness across heterogeneous foreign exchange markets, thereby
supporting its applicability for practical forecasting under different market conditions.

Table 14. Percentage increase in MAPE relative to the optimal bandwidth (h*) selected by the
least-squares cross-validation (LSCV) criterion under moderate bandwidth perturbations.

Exchange-Rate Market 0.8 h* 1.2 h*
GBP/USD +1.9% +2.4%
EUR/USD +2.3% +2.8%
USD/JPY +3.1% +3.6%
AUD/USD +2.2% +2.5%
USD/CNY +1.7% +2.0%

4. Discussion, Limitations, and Future Research

This section compares the forecasting performance of the proposed kernel regression-
based hybrid framework with representative state-of-the-art forecasting models reported
in the literature for the five major foreign exchange markets. The comparison is based
on MAPE, MAE, and RMSE, where smaller values indicate superior predictive perfor-
mance. As reported in Table 15, the proposed decomposition-based framework consis-
tently achieves the lowest forecasting errors across all exchange-rate markets. For the
GBP/USD exchange rate, the proposed FH!P model produces the smallest forecasting
errors (MAPE = 0.08490, MAE = 0.00090, and RMSE = 0.00120), reducing MAPE by approx-
imately 16% relative to the strongest competing model SRFxy [60] and by more than 50%
compared with HPF23 [30]. A similar pattern is observed for the remaining exchange-rate
markets. For EUR/USD, USD/]JPY, AUD/USD, and USD/CNY, the proposed framework
consistently outperforms all competing forecasting approaches, including HPF23 [30],
C23 [61], SRExy [60], and LRNPAR [7]. The largest forecasting improvements are obtained
for the highly volatile USD/JPY market, whereas the gains for USD/CNY are relatively
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smaller because of its more regulated exchange-rate regime and smoother market dynamics.
Nevertheless, the proposed framework delivers the best forecasting performance for all five
markets. Thus, these results indicate that the proposed kernel regression decomposition can
successfully disentangle the long-run exchange-rate movements from the short-run nonlin-
ear fluctuations so that the subsequent hybrid forecasting models can better capture the
heterogeneous dynamics of each component. Unlike conventional decomposition methods
that require pre-specifying basis functions, frequency bands, or iteratively extracting modes,
kernel regression directly estimates the underlying trend by adaptive local smoothing.

Table 15. The mean accuracy errors of the proposed method are compared with those reported in the
existing literature across all FX markets considered.

Market Model MAPE MAE RMSE
EHIP (Proposed) 0.08490 0.00090 0.00120
HPF23 [30] 0.19240 0.00311 0.00325
GBP/USD  C23[61] 0.11320 0.00253 0.00294
SRExy [60] 0.10121 0.00165 0.00210
LRNPAR [7] 0.11613 0.00198 0.00252
EHID (Proposed) 0.12920 0.00137 0.00187
HPF23 [30] 0.29290 0.00474 0.00507
EUR/USD  C23[61] 0.17230 0.00385 0.00459
SRExy [60] 0.15400 0.00251 0.00328
LRNPAR [7] 0.17680 0.00301 0.00393
DHI (Proposed) 0.03820 0.00270 0.00430
HPF23 [30] 0.39600 0.90680 0.91570
USD/JPY  C23[61] 0.23280 0.73590 0.82870
SRExy [60] 0.20810 0.47970 0.59230
LRNPAR [7] 0.23890 0.57560 0.71030
EHID (Proposed) 0.09780 0.00100 0.00130
HPF23 [30] 0.22180 0.00360 0.00352
AUD/USD C23[61] 0.13040 0.00292 0.00318
SRExy [60] 0.11660 0.00190 0.00227
LRNPAR [7] 0.13380 0.00228 0.00272
EHID (Proposed) 0.06290 0.00450 0.00700
HPF23 [30] 0.14270 0.01620 0.01890
USD/CNY C23[61] 0.08390 0.01310 0.01710
SRExy [60] 0.07500 0.00855 0.01220
LRNPAR [7] 0.08610 0.01026 0.01460

In addition to the forecasting accuracy measures, the DM test was used to check the
statistical significance of the observed forecasting improvements. The pairwise DM test
results comparing the proposed framework with representative benchmark forecasting
models across all exchange-rate markets are reported in Table 16. The consistently small
p-values from comparisons with the proposed model provide strong statistical evidence
that the observed forecasting improvements are not due to random variation. Conversely,
the p-values obtained from pairwise comparisons between benchmark forecasting models
are typically much larger, suggesting that their predictive performance is statistically
indistinguishable. The results improve forecasting accuracy metrics and provide statistical
and practical support for the superiority of the proposed framework across a variety of
foreign exchange markets.
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Table 16. The DM test results compare the proposed model against the best forecasting models in the
literature across all exchange rate markets.

GBP/USD
Models EID HPF23 C23 SRFxy LRNPAR
EID - 0.001 0.001 0.003 0.002
HPF23 0.999 - 0.210 0.090 0.180
Cc23 0.999 0.790 - 0.240 0.410
SRFxy 0.997 0.910 0.760 - 0.320
LRNPAR 0.998 0.820 0.590 0.680 -
EUR/USD
Models EHID HPF23 C23 SRFxy LRNPAR
EID - 0.001 0.001 0.002 0.001
HPF23 0.999 - 0.180 0.100 0.260
Cc23 0.999 0.820 - 0.280 0.450
SRFxy 0.998 0.900 0.720 - 0.360
LRNPAR 0.999 0.740 0.550 0.640 =
USD/JPY
Models EqID HPF23 C23 SRFxy LRNPAR
GHU - 0.001 0.001 0.004 0.002
HPF23 0.999 - 0.150 0.070 0.210
C23 0.999 0.850 - 0.250 0.390
SRFxy 0.996 0.930 0.750 - 0.340
LRNPAR 0.998 0.790 0.610 0.660 =
AUD/USD
Models ERID HPF23 C23 SRFxy LRNPAR
EfID - 0.001 0.001 0.002 0.001
HPF23 0.999 - 0.230 0.110 0.240
Cc23 0.999 0.770 - 0.260 0.420
SRFxy 0.998 0.890 0.740 - 0.310
LRNPAR 0.999 0.760 0.580 0.690 =
USD/CNY
Models EID HPF23 C23 SRFxy LRNPAR
EfID - 0.001 0.001 0.003 0.002
HPF23 0.999 - 0.190 0.090 0.270
Cc23 0.999 0.810 - 0.220 0.390
SRFxy 0.997 0.910 0.780 - 0.330
LRNPAR 0.998 0.730 0.610 0.670 =

The main reason for the better performance of the proposed method in terms of fi-
nancial time series is the characteristics of the kernel regression decomposition. Kernel
regression estimates the underlying trend in a nonparametric way, thus avoiding restrictive
functional assumptions and adapting in a natural way to the local behavior of the exchange-
rate series. Thus, the decomposition isolates persistent long-run market evolution from
localized nonlinear fluctuations without predefined basis functions, frequency-band selec-
tion, or iterative decomposition procedures. Moreover, the estimated trend and residual
components have sufficiently different statistical properties such that the persistent long-
run dynamics can be captured by linear time-series models, while the nonlinear learning
algorithms can capture the asymmetric and volatility-clustered behavior embedded in the
residual component. The proposed framework is characterized by these methodological
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features and differs from decomposition techniques (EMD, VMD, STL, and wavelet trans-
forms) so that it provides a flexible foundation for hybrid forecasting of nonlinear and
nonstationary financial time series.

The empirical results further support the proposed interpretation of symmetry—
asymmetry. The adaptive kernel regression yields a smooth and relatively symmetric
long-run trend consistent with the market equilibrium, while the residual component
captures asymmetric short-run market behavior such as volatility clustering, abrupt price
changes, and nonlinear adjustments. The proposed hybrid forecasting framework sepa-
rately models these heterogeneous temporal structures, enabling specialized forecasting
models to better utilize the distinct statistical properties of each component. Thus, the
generalized forecasting enhancements observed across all five currency markets suggest
that an explicit decomposition of long-run symmetric dynamics and short-run asymmet-
ric fluctuations provides a more informative description of exchange rate behavior than
forecasting the raw series.

The proposed framework outperforms existing forecasting methods across all
exchange-rate markets considered in this study. Nevertheless, some limitations should be
acknowledged. The empirical analysis is restricted to five major foreign exchange mar-
kets and one-step-ahead forecasting. Thus, the reported results should not be interpreted
to be valid for all financial markets and forecasting horizons. Also, while the proposed
kernel regression decomposition shows relatively low parameter sensitivity, the forecast-
ing performance may still vary in substantially different market conditions or structural
regimes. Such limitations motivate future research to extend the proposed framework to
direct and recursive multi-step forecasting horizons, enabling medium- and long-term
exchange-rate prediction for broader financial planning, investment, and risk management
applications. Moreover, the robustness of the proposed methodology will be examined
using major historical financial crises, such as the 2008 Global Financial Crisis and the 1997
Asian Financial Crisis, to further assess its stability under extreme market conditions and
structural breaks. Another promising direction of research is the combination of kernel
regression decomposition with recent regime-switching and bilinear models for volatility,
such as bispectral bilinear Markov chain models and Markov-switching medium-threshold
BLGARCH models [62,63]. Frameworks can further improve the ability to capture abrupt
regime switches, nonlinear market dynamics, and periods of heightened volatility, thereby
improving exchange-rate forecasting in complex financial environments.

5. Concluding Remarks

In this paper, we proposed a hybrid forecasting framework based on kernel regression
decomposition to model the nonlinear and nonstationary foreign exchange markets. The
proposed methodology combines nonparametric kernel regression decomposition with
linear (AR and ARIMA) and nonlinear (NPAR and NNAR) forecasting models to sepa-
rately model long-run trends and short-run fluctuations in exchange rate dynamics. The
proposed framework differs from conventional decomposition methods in that it adap-
tively estimates the underlying trend via local smoothing, without relying on predefined
basis functions, frequency-band selection, or iterative mode extraction. Empirical results
for five major foreign exchange markets (GBP/USD, EUR/USD, USD/]JPY, AUD/USD
and USD/CNY) show that the proposed framework consistently outperforms direct hy-
brid and standalone forecasting models on multiple measures of forecasting accuracy. In
addition, the Diebold-Mariano tests show that these improvements are statistically sig-
nificant and not due to pure random variation. The results also support the proposed
symmetry—asymmetry interpretation, implying that by separating relatively symmetric
long-run movements from asymmetric short-run fluctuations, forecasting models can more-
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efficiently capture the heterogeneous dynamics of foreign exchange markets. Practically,
the proposed framework is an interpretable and adaptable forecasting tool for portfolio
allocation, hedging, financial risk management, and exchange rate decision-making. The
adaptive kernel regression decomposition also makes it easy to extend the framework to
other nonlinear and nonstationary financial time series.
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