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 A B S T R A C T

Time-series-to-network mappings are widely used in statistical physics and econophysics, often 
treating graph topology as intrinsic to observed dynamics. We test how strongly inferred 
topology depends on representation choices in multiscale financial signals. Four adaptive 
decomposition methods are evaluated on controlled non-stationary signals. Cross-mode coupling 
of stochastic ensemble methods is assessed over 30 Monte Carlo replications, while known-
drift recovery is evaluated on a prespecified reference realization. No method is universally 
superior, so the operational choice is completed on the empirical panel. Five financial series are 
decomposed, their oscillatory modes compressed by fast independent component analysis (Fas-
tICA), and native and compressed representations mapped to natural visibility (NVG), horizontal 
visibility (HVG), and recurrence networks. HVG edge counts retain their order of magnitude 
after compression, but mean clustering increases and the native scale-ordered gradient is lost. 
Dense NVGs on slow native modes arise from natural-visibility geometry and disappear after 
FastICA recombination and truncation; native NVGs exceed FastICA NVGs by 0.706 on the 
mean log10 edge-count scale. Recurrence networks remain sparse and fragmented under local-
distance calibration, with stronger fragmentation after compression; fixed recurrence-rate and 
Theiler-window checks show this result is protocol-dependent. Multi-seed and full-rank FastICA 
controls distinguish truncation loss from invertible linear recombination. Thus, these mappings 
provide complementary rather than interchangeable descriptions, and their descriptors must be 
interpreted jointly with the decomposition, coordinate representation, and encoding rule.

1. Introduction

Within statistical-physics approaches to complex systems, time-series-to-network mappings provide relational representations 
of dynamical data, in which temporal observations or reconstructed states become nodes and geometric or phase-space criteria 
determine the edges. Visibility graphs and recurrence networks thereby make connectivity, clustering, path structure, and degree 
heterogeneity available as network descriptors of the encoded dynamics [1–6]. These descriptors are commonly interpreted as 
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properties of the observed dynamics. However, every inferred network is constructed from a particular representation of the signal. 
For a non-stationary multiscale process, separating temporal scales or subsequently recombining and reducing the resulting channels 
may alter the input supplied to the network operator and, consequently, the topology obtained from it. The relevant question is 
therefore not only what dynamical information a time-series network encodes, but also which of its topological properties remain 
stable when the representation preceding the encoding is changed.

Financial price series provide a demanding test bed for this question because persistent long-horizon drift, medium-term cyclical 
structure, intermittent fluctuations, and short-horizon volatility coexist within the same realization, with relative contributions 
that vary over time, across market regimes, and across instruments [7,8]. Descriptors computed directly on the observed path 
consequently aggregate information from several temporal scales. Fixed-basis spectral representations can separate some of this 
structure, but their prescribed basis or resolution may be restrictive when oscillations evolve in frequency or occur only locally. 
Empirical mode decomposition (EMD) and its ensemble extensions instead separate oscillatory intrinsic mode functions (IMFs) from 
a slow residual without imposing spectral bands a priori [9–11], whereas variational mode decomposition (VMD) obtains band-
limited components through a variational formulation [12]. The outputs of these adaptive operators depend jointly on the method, 
its calibration, and the observed signal. Their modes therefore define alternative representations of the same process rather than 
neutral preprocessing products.

Visibility and recurrence mappings extract different relational aspects from such representations. Natural and horizontal visibility 
graphs encode geometric ordering in the time–amplitude plane, whereas recurrence networks encode proximity between states in 
a reconstructed phase space [1–4]. In financial applications, these operators have mainly been applied to raw prices, returns, or 
aggregate volatility series to characterize market states, asymmetries, and episodes of instability [13–15]. A smaller group of studies 
has applied visibility graphs to IMF channels extracted by EMD [16,17]. In those settings, however, the decomposition is typically 
adopted before the network analysis, the number of encoded channels follows directly from the sifting output, and one network 
operator is selected without auditing whether alternative representations or encoders preserve the same structural conclusions. The 
literature therefore provides limited evidence on whether graph differences attributed to the dynamics are stable with respect to 
scale separation and coordinate representation, or are partly induced by those upstream choices.

This study addresses that question within a deliberately bounded design. The four decomposition methods are benchmarked to 
select an operational multiscale representation; the study does not claim to compare the graph topologies generated by all four 
methods. The topological audit is instead conducted within the retained decomposition by comparing its native oscillatory modes 
with a reduced set of FastICA coordinates and by mapping both representations through natural visibility, horizontal visibility, 
and recurrence encoders. The analysis asks three related questions: whether replacing the native mode panel with a reduced linear 
coordinate representation preserves its network structure; which descriptors respond more or less strongly to that representation 
change; and whether the three encoding rules provide equivalent or complementary accounts of the same oscillatory dynamics. 
Financial series serve as the empirical test bed, while the broader complex-systems question concerns the dependence of inferred 
topology on the representation and encoding rule from which it is constructed.

The experimental design separates the stages of this dependence. EMD, EEMD, CEEMDAN, and VMD are first evaluated on 
controlled signals containing close-frequency beating, chirps, localized bursts, noisy superpositions, and a multi-component stress 
test with slow drift. For the stochastic ensemble methods, cross-mode linear coupling is treated as an operational diagnostic related 
to mode mixing and is reported over thirty Monte Carlo replications, with multiple-comparison control for the pairwise correlation 
tests [18]. The selection is then refined on a heterogeneous panel comprising a global equity index, three sector exchange-traded 
funds, and a COMEX gold-futures series. Before decomposition, the series are characterized in terms of stationarity patterns, residual 
dependence beyond a simple linear specification, volatility clustering, rolling price-level dispersion, and local oscillatory behaviour. 
The retained oscillatory panels are subsequently compressed with FastICA [19,20], and the native and compressed channels are 
mapped in parallel to natural visibility, horizontal visibility, and recurrence networks. This design makes it possible to assess the 
effect of linear recombination and dimensionality reduction against a native-mode baseline while holding the encoding definitions 
and empirical sample fixed. Fig.  1 in Section 3 summarizes the processing chain.

The objective is structural characterization rather than prediction. No forecasting model is estimated because a downstream 
error measure would aggregate the effects of decomposition, compression, and network encoding without identifying which stage 
produced them. Each stage is therefore examined through diagnostics appropriate to its role: cross-mode linear coupling and 
slow-component allocation for decomposition; numerical decorrelation and compression diagnostics for FastICA; and connectivity, 
density, path, and clustering structure for the resulting networks.

The contributions of the paper are the following:

1. An empirical characterization of representation-dependent topology in multiscale time-series networks. Comparing native 
oscillatory modes with their FastICA-compressed coordinates shows that replacing the native panel with a reduced linear 
representation does not affect all network constructions uniformly: HVG edge counts retain the same order of magnitude 
after compression, whereas HVG clustering becomes higher and less dispersed; NVGs lose the extreme edge counts of the 
slowest native modes; and recurrence networks remain highly fragmented under the common channel-specific calibration, 
with the reduced panel more fragmented than the native one. Formal channel-level contrasts and symmetric native/reduced 
summaries are reported in Sections 4.4 and 4.5.

2. Evidence that natural visibility, horizontal visibility, and recurrence networks provide complementary rather than inter-
changeable descriptions of the same multiscale dynamics. Their connectivity, density, clustering, and path structure respond 
differently to the scale content and coordinate representation of the encoded channel. In particular, HVG clustering on native 
2 
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modes decreases with IMF extraction order, but FastICA scores are not ordered by scale, so that ranking cannot be recovered 
from the reduced index 𝑍𝑗 . The selected encoder is therefore part of the substantive interpretation rather than a neutral final 
step (Section 4.5).

3. A controlled and replicated benchmark that supports the selection of an operational decomposition without claiming universal 
superiority. EMD, EEMD, CEEMDAN, and VMD are exposed to the same catalogue of nonlinear and non-stationary signal 
pathologies, while the stochastic ensemble methods are evaluated over thirty Monte Carlo replications. Cross-mode linear 
coupling is reported as an operational diagnostic related to mode mixing rather than as an exhaustive measure of scale 
separation (Section 4.2).

4. A stagewise audit design that separates decomposition behaviour, coordinate compression, and network encoding. The 
retained settings are treated as operational choices rather than statistically optimal or universally valid solutions, and 
preservation of multiscale structure is assessed directly through the topology induced by each representation rather than 
inferred solely from reconstruction or forecasting accuracy (Sections Section 4.3–4.5).

The remainder of this paper is organized as follows. Section 2 reviews time-series-to-network mappings, adaptive multiscale 
representations, and coordinate compression, with particular attention to the dependence of graph structure on the encoded signal. 
Section 3 describes the empirical signal characterization, the operational decomposition, the FastICA compression, and the three 
network encoders. Section 4 reports the synthetic benchmark, the empirical decomposition, the compression results, and the 
topological audit. Section 5 discusses the implications for the representation dependence and comparability of time-series networks, 
states the limitations of the analysis, and concludes.

2. Related work

2.1. Time-series networks and representation dependence

Transforming a time series into a network is an established approach in complex-systems research. The transformation replaces 
the sequential description of the observed process with a relational representation in which nodes correspond to observations, 
states, or temporal patterns, and edges encode geometric, ordinal, transitional, or phase-space relations [1,5,6,21]. The resulting 
network can be characterized through degree, density, clustering, path structure, and connectedness, thereby providing descriptors of 
dynamical organization that complement conventional time-domain and frequency-domain statistics. Reviews of the field distinguish 
visibility, transition, and proximity mappings; the present study focuses on visibility and recurrence-based constructions [5,6].

The natural visibility graph (NVG) connects observations that have unobstructed line of sight in the time–amplitude plane [1]. Its 
topology is sensitive to convexity, amplitude variation, and long-range geometric structure. In particular, smooth or slowly varying 
segments can create many long-range visibility relations, so dense NVGs on the lowest-frequency modes of an adaptive decomposition 
are an expected consequence of that line-of-sight geometry rather than an anomalous empirical finding. The horizontal visibility 
graph (HVG) applies a stricter ordinal criterion and produces a sparser network for which analytical results are available for several 
stochastic and deterministic processes [2]. At the level of a single channel, both constructions possess relevant invariance properties. 
NVGs are invariant under positive affine transformations of amplitude, whereas HVGs depend only on amplitude ordering and 
are therefore invariant under strictly increasing pointwise transformations [1,2]. These properties do not imply invariance under 
adaptive scale separation or multichannel linear compression. Such operations construct new temporal channels and can alter the 
amplitude ordering, waveform geometry, and scale content supplied to the network mapping.

Recurrence networks encode a different aspect of the dynamics. A trajectory is reconstructed in phase space, and two states 
are connected when their distance is below a prescribed threshold [3,4]. Their network descriptors can therefore be related to 
the local geometry and recurrence structure of the reconstructed dynamics. This interpretation is conditional on the reconstruction 
and network-construction choices. Embedding dimension, delay, distance norm, temporal exclusion, and recurrence threshold can 
materially affect connectivity, clustering, and component structure, and inappropriate choices may generate topological artifacts 
[6,22,23]. Consequently, the calibration of a recurrence network is part of its substantive interpretation rather than a neutral 
implementation detail.

Previous work has introduced multiscale network constructions by coarse-graining a series before encoding or by modifying 
the visibility rule to admit penetrable or scale-dependent connections [24,25]. These approaches study how network structure 
changes with the resolution imposed by the graph construction. The present setting is different: scale is first represented through 
an adaptive decomposition, after which the resulting channels are either encoded directly or compressed into a reduced coordinate 
representation. The question is therefore not only whether graph topology changes across temporal scales, but whether conclusions 
obtained from those scales are preserved after the representation itself is recombined and reduced.

Financial applications provide an established test domain for these constructions. Visibility networks have been used to character-
ize foreign exchange and equity series, temporal market states, directional asymmetries, and periods of instability [13–15,26]. Most 
studies encode raw prices, returns, or aggregate volatility. A smaller set of contributions applies visibility mappings to components 
obtained from empirical mode decomposition [16,17]. These studies show that high-frequency and low-frequency components can 
generate different degree, density, and clustering patterns. They do not, however, directly audit whether the structural conclusions 
obtained from the native decomposed channels are preserved after those channels are compressed or whether alternative encoders 
respond similarly to the same representation change.
3 
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2.2. Adaptive multiscale representations of non-stationary signals

Financial markets are a conventional empirical domain in econophysics because their price and return series exhibit non-
stationarity, heavy tails, volatility clustering, and scale-dependent fluctuations [7,27]. Price levels commonly combine persistent 
drift, medium-term oscillatory behaviour, intermittent events, and short-horizon fluctuations within the same realization [8]. They 
therefore provide a heterogeneous multiscale setting in which a network constructed from the raw path may aggregate dynamical 
structures operating at substantially different characteristic scales.

Fixed-basis spectral and wavelet representations remain useful for many non-stationary signals, but their predefined bases or 
resolutions may be restrictive when oscillations evolve in frequency or are localized in time. Empirical mode decomposition (EMD) 
instead represents a signal as a finite set of intrinsic mode functions (IMFs) and a residual obtained through an iterative sifting 
procedure [9]. The IMFs are ordered approximately from faster to slower local oscillations, while the final residual contains the 
component that cannot be further decomposed under the adopted stopping rule. In financial applications, this residual is commonly 
interpreted as a slow trend component, although the economic interpretation of individual modes cannot be inferred solely from 
their extraction order.

A principal limitation of EMD is mode mixing, whereby oscillations of different scales appear within the same IMF or a single 
oscillatory process is distributed across several IMFs [28]. Analytical results for two-tone signals show that the separation obtained 
by EMD depends on the relative amplitudes and frequencies of the components [28]. Intermittency, localized bursts, noise, and 
drift can further complicate the allocation of signal content across modes. Pairwise linear correlations between extracted modes can 
identify one form of residual cross-mode coupling, but they do not provide an exhaustive measure of mode mixing because shared 
nonlinear, spectral, or time-localized structure can remain even when linear correlation is small.

Ensemble empirical mode decomposition (EEMD) reduces some forms of mode mixing by averaging decompositions obtained 
after adding independent noise realizations [10]. Its output is stochastic and can retain a non-zero reconstruction discrepancy. 
Complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) modifies this construction by introducing 
adaptive noise at successive stages and enforcing complete reconstruction up to numerical precision [11]. Variational mode 
decomposition (VMD) follows a different principle, obtaining a prescribed number of compact band-limited modes from a variational 
optimization problem [12]. The slowest VMD mode is not equivalent by construction to the residual generated by an EMD-family 
sifting procedure. The methods therefore optimize different representation properties, and reconstruction accuracy alone cannot 
determine which allocation of slow and oscillatory content is most appropriate for a subsequent network analysis.

Applied studies commonly evaluate decomposition methods through the performance of a downstream forecasting model. 
CEEMDAN and VMD components have been supplied to recurrent, support-vector, and hybrid predictors, either through one 
predictor per mode or after grouping selected components [29–31]. Such experiments determine whether a complete prediction 
pipeline is useful, but forecast error does not isolate the behaviour of the decomposition itself. It also does not show how the 
selected representation affects a network subsequently inferred from its channels. For the present purpose, comparison among EMD, 
EEMD, CEEMDAN, and VMD is therefore an operational stage used to obtain a defensible multiscale representation, rather than the 
principal contribution or a search for a universally superior decomposition method.

2.3. Coordinate compression of decomposed signals

An adaptive decomposition commonly produces several oscillatory channels. Encoding each channel separately preserves the 
native representation but also makes the resulting graph panel dependent on the number of modes returned by the decomposition. 
Combining or compressing those channels before network construction changes not only the computational size of the panel but 
also the time series supplied to the encoder. Dimensionality reduction is therefore a representation choice with potential structural 
consequences, rather than merely an implementation device.

Principal component analysis (PCA) and independent component analysis (ICA) provide two standard linear approaches to this 
problem. PCA constructs orthogonal directions ordered by explained variance and produces uncorrelated scores for centred data 
[32]. ICA assumes a linear mixing model and estimates a demixing transformation using higher-order distributional information, 
commonly by maximizing a contrast of non-Gaussianity after centring and whitening [19,20,33]. Whitening imposes zero sample 
cross-correlation on the retained coordinates, so a near-diagonal correlation matrix is an expected property of the transformation 
and not empirical evidence of statistical independence. Independence concerns the joint distribution and would require additional 
diagnostics beyond pairwise correlation.

A distinction is also required between coordinate transformation and compression. When all 𝑝 dimensions are retained, the 
fitted ICA mapping can be interpreted as a change of coordinates within the whitened subspace. When only 𝑘 < 𝑝 coordinates are 
retained, as in the present study, the mapping also performs dimensionality reduction and is not invertible. Differences between 
networks constructed from the native modes and from the retained ICA coordinates can therefore reflect linear recombination, 
changed amplitude ordering and waveform geometry, and discarded dimensions. The compressed representation is treated here as 
an operational reduced coordinate system, not as a lossless re-expression of the original IMF panel.

ICA has been applied to synchronized financial returns to identify latent shock structures [34], but applications to panels 
generated by adaptive decomposition are less common. Existing studies have combined complementary ensemble EMD with ICA 
or EMD with PCA before neural forecasting [35,36]. By contrast, many decomposition-based forecasting architectures preserve the 
complete mode panel and assign separate predictors to individual components [30,37]. In both cases, compression is assessed mainly 
through downstream predictive accuracy. Limited attention has been paid to whether the compressed coordinates induce the same 
connectivity, clustering, and path structure as the native oscillatory channels when both are mapped to networks.
4 
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2.4. Research gap and study positioning

The preceding literature identifies several ways in which representation enters a time-series network analysis. Visibility mappings 
depend on the geometric or ordinal organization of the encoded channel, while recurrence networks additionally depend on phase-
space reconstruction and threshold calibration. Adaptive decomposition determines which temporal structures are assigned to each 
channel, and dimensionality reduction constructs further channels by recombining and truncating the decomposed representation. 
Nevertheless, these stages are usually studied separately. Decomposition is commonly evaluated through reconstruction or forecast 
error, compression through explained variance or downstream performance, and network encoding through descriptors calculated 
from a representation chosen in advance.

The first gap concerns the operational selection of the multiscale representation. EMD, EEMD, CEEMDAN, and VMD differ in 
stochasticity, reconstruction, mode cardinality, and treatment of slow signal content. Comparisons based on a single realization are 
insufficient for stochastic ensemble decompositions, while reconstruction error does not reveal how signal content has been allocated 
across modes. A controlled benchmark over known non-stationary signal structures can support the choice of a representation, 
provided that cross-mode linear correlation is interpreted as a limited diagnostic of coupling rather than a complete measurement 
of mode mixing. Such a benchmark informs the subsequent analysis but does not establish a universally optimal decomposition.

The central gap concerns the preservation of network structure after compression. Existing multiscale visibility studies show that 
networks vary with the scale or resolution of their input, and IMF-based applications show that different native modes generate 
different graph statistics. It remains less clear whether those scale-dependent conclusions persist when the native mode panel is 
replaced by a reduced linear representation. In particular, there is limited direct evidence on which descriptors remain comparatively 
stable, which are strongly altered, and whether natural visibility, horizontal visibility, and recurrence mappings respond in the same 
way to the same representation change.

A related issue concerns comparability across encoders. Visibility and recurrence networks describe different relations and possess 
different construction dependencies. Agreement among their descriptors cannot be assumed, while recurrence-network outcomes 
must be interpreted conditionally on the adopted embedding and threshold procedure. A parallel audit of the three mappings 
is therefore necessary to distinguish a regularity that is preserved across encoders from one induced by a particular network 
construction.

The present study is positioned at the intersection of these gaps. The decomposition benchmark is used only to select an 
operational representation. The main analysis then compares networks inferred from the native oscillatory modes with networks 
inferred from a reduced FastICA representation, while applying natural visibility, horizontal visibility, and recurrence mappings in 
parallel. The study does not propose a new decomposition, a new ICA algorithm, or a new network encoder, and it does not claim 
universal invariance or optimality. Its contribution is a controlled assessment of how representation and encoding choices condition 
the network topology inferred from multiscale signals.

3. Experimental design

3.1. Study architecture and comparison logic

The experimental design separates the construction of a multiscale representation from the comparison of the networks inferred 
from it. Each financial series is processed independently through four linked stages. First, the empirical signal is characterized 
in terms of stationarity, residual temporal dependence, volatility clustering, rolling price-level dispersion, and local oscillatory 
behaviour. These diagnostics describe the signal supplied to the decomposition and are not treated as necessary or sufficient 
conditions for empirical mode decomposition. Second, a controlled synthetic benchmark and an empirical comparison are used 
to select an operational multiscale representation. Third, the native oscillatory panel is compressed with FastICA into a reduced set 
of decorrelated coordinates. Fourth, both the native oscillatory modes and the reduced coordinates are mapped in parallel through 
natural visibility, horizontal visibility, and recurrence-network constructions.

No joint model is fitted across instruments. Each asset traverses the processing chain independently, so the resulting graph panels 
describe asset-specific representations rather than cross-sectional interactions. The comparison has two complementary dimensions. 
The between-representation comparison contrasts the graphs obtained from the native oscillatory modes with those obtained from 
the reduced FastICA representation under the same network mapping. The within-representation comparison contrasts the three 
network mappings applied to a given representation. The design is therefore a structural audit of representation and encoding 
choices rather than a forecasting or predictive-model-selection exercise.

The input data, source code, configuration files, and analysis scripts are available in the public GraphEMD repository at https:
//github.com/agusriscos/GraphEMD. Graph objects were stored using PyTorch Geometric [38]. Fig.  1 summarizes the complete 
experimental design.

3.2. Empirical signal characterization

Before decomposition, each instrument is characterized through three groups of diagnostics. Their purpose is to document the 
statistical and scale-related properties of the empirical signals, not to define a formal admissibility gate or to select instruments 
ex post. All procedures are applied independently to each series. Inferential results are reported at the nominal significance level 
𝛼 = 0.05.
5 

https://github.com/agusriscos/GraphEMD
https://github.com/agusriscos/GraphEMD
https://github.com/agusriscos/GraphEMD


A.M.d.l. Riscos et al. Physica A: Statistical Mechanics and its Applications 703 (2026) 132124 
Fig. 1. Experimental design for auditing representation-dependent topology. Empirical signal characterization precedes the operational selection 
of a multiscale decomposition, informed by a controlled synthetic benchmark over EMD, EEMD, CEEMDAN, and VMD. The retained decomposition 
separates an oscillatory IMF panel from a slow component. The slow component is stored separately and excluded from the network audit. 
The oscillatory panel follows two parallel branches: direct encoding of the native IMFs and FastICA compression into a reduced coordinate 
representation. Natural visibility, horizontal visibility, and recurrence networks are constructed from both representations, and their graph 
descriptors are compared across representations and encoding rules.
6 
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Stationarity patterns. Closing prices and daily percentage returns are examined with the augmented Dickey–Fuller (ADF) test [39], 
with lag order selected by the Akaike information criterion, and the Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test [40]. For 
both closing-price levels and daily returns, the implemented KPSS specification includes a deterministic trend and uses automatic 
bandwidth selection.

The joint pattern of failure to reject a unit root and rejection of trend stationarity in price levels, together with rejection of a 
unit root and failure to reject the implemented trend-stationarity null in daily returns, is interpreted as evidence consistent with 
integrated price levels and stationary short-horizon increments. These outcomes characterize the empirical panel but are not treated 
as mathematical requirements for adaptive decomposition.
Residual dependence and volatility clustering. The BDS statistic [41] is calculated for the residuals of an AR(1) specification fitted to 
closing prices, over embedding dimensions 𝑚 = 3, 4, 5. Because the underlying price levels are non-stationary, the BDS outcomes 
are used only as descriptive evidence that a simple linear AR(1) specification does not exhaust the dependence present in the 
observed path. They are not interpreted as standalone evidence of deterministic chaos or as identification of a particular nonlinear 
data-generating mechanism.

Volatility dependence is characterized separately through the Ljung–Box statistic applied to squared daily percentage returns at 
lag 10 [42]. Rejection of the no-autocorrelation null for 𝑟2𝑡  is reported as evidence consistent with volatility clustering of ARCH type 
[43,44].

Time-varying amplitude and oscillatory behaviour. Local amplitude variation is described using the standard deviation of closing-price 
levels within rolling windows of 252 trading days. The temporal heterogeneity of this dispersion measure is summarized by its 
coefficient of variation. Because it is computed from price levels rather than returns, this quantity is interpreted as a descriptive 
proxy for local amplitude variability and not as a conventional financial-volatility estimator.

Oscillatory variation is described through crossings of the local window mean. Within each 252-trading-day window, the closing-
price observations are centred by the mean of that window. A crossing is recorded whenever the sign of the centred series 
changes between two consecutive observations. The mean and coefficient of variation of the resulting window-wise crossing counts 
summarize variation in local oscillatory behaviour. They are not interpreted as estimates of instantaneous physical or spectral 
frequency.

The coefficients of variation are used descriptively. No universal threshold is imposed as a necessary or sufficient condition for 
adaptive decomposition. The empirical outcomes are reported in Section 4.1.

3.3. Operational multiscale representation

Let 𝑥(𝑡) denote one financial series observed at 𝑡 = 1,… , 𝑇 . The purpose of this stage is to construct an operational multiscale 
representation that separates oscillatory content from the slowest component before the network audit. Four candidate methods are 
considered: empirical mode decomposition (EMD), ensemble empirical mode decomposition (EEMD), complete ensemble empirical 
mode decomposition with adaptive noise (CEEMDAN), and variational mode decomposition (VMD) [9–12].

The comparison supports the choice of the representation used in the subsequent network analysis. It is not intended to establish 
a universal ranking of decomposition methods, and the graph topologies generated by all four methods are not compared.
EMD-family representation. For the EMD family, the observed signal is represented as 

𝑥(𝑡) =
𝑝
∑

𝑖=1
𝑐𝑖(𝑡) + 𝑟𝑝(𝑡), (1)

where 𝑐𝑖(𝑡) is the 𝑖th intrinsic mode function and 𝑟𝑝(𝑡) is the final residual under the adopted stopping rule. The IMFs are ordered 
approximately from higher to lower local frequency. The residual is treated operationally as the slow component, but no claim is 
made that it corresponds uniquely to an economic trend or to a particular generating mechanism.

EMD extracts the components through iterative sifting [9,28]. EEMD averages decompositions generated after adding indepen-
dent noise realizations [10]. Its finite ensemble can leave a non-zero reconstruction discrepancy, and its output depends on the 
noise realizations. CEEMDAN introduces stage-dependent noise and a uniquely defined residual at each extraction stage, producing 
a complete decomposition up to the numerical tolerance of the implementation [11]. VMD follows a different principle and estimates 
a prescribed number of compact, band-limited modes through a variational optimization problem [12]. Under the adopted VMD 
configuration, its zero-frequency mode is treated as the slow-component analogue, although it is not mathematically equivalent to 
the residual generated by EMD-family sifting.
Controlled synthetic benchmark. The candidate methods are first evaluated on signals whose composition is known by construction. 
The benchmark comprises close-frequency beating, a linear chirp, a localized high-frequency burst on a slow carrier, a noisy 
superposition of close tones and a chirp, and a multi-component stress signal combining spectral proximity, intermittency, noise, 
and slow drift. The signal definitions and results are presented in Section 4.2.

Cross-mode linear coupling is summarized over the first min{8, 𝑝} oscillatory components through 
𝑀corr = median𝑖<𝑗

|

|

|

corr
(

𝑐𝑖, 𝑐𝑗
)

|

|

|

. (2)

This statistic is treated as an operational diagnostic of residual linear coupling associated with one manifestation of mode mixing. 
It is not interpreted as a complete measure of spectral, nonlinear, or time-localized overlap between components.
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EEMD and CEEMDAN are stochastic because their output depends on the ensemble noise realizations. For the cross-mode-
coupling analysis defined in Eq. (2), each stochastic decomposition is repeated over 𝑅 = 30 independent seeds, and the resulting 
distributions of 𝑀corr are summarized through percentile intervals. The percentage of pairwise correlations for which a zero-
correlation null is rejected after Bonferroni correction [18] is reported as a complementary diagnostic. Because the extracted modes 
retain temporal dependence, these rejection percentages are interpreted descriptively and not as exact finite-sample inference for 
independent observations. This 𝑅 = 30 replication design applies to the cross-mode-coupling diagnostics; the known-drift selection 
check described below is evaluated on the prespecified seed-42 reference realization.

Numerical reconstruction error is reported separately. A small normalized reconstruction error indicates closure of the decompo-
sition but does not show how the signal has been allocated across slow and oscillatory components. Reconstruction and cross-mode 
coupling are therefore treated as complementary rather than interchangeable diagnostics.

For the multi-component stress signal, whose known ascending slow drift is 𝑑(𝑡) = 8𝑡∕𝑇 , slow-component allocation is evaluated 
explicitly on the prespecified seed-42 reference realization. Let  denote the set of eligible methods. A method belongs to  when 
𝜌𝑆 (𝑠slow, 𝑡) > 0 and FracIncr(𝑠slow) ≥ 0.65. Among the eligible methods, the operational selection score is 

𝐽𝐵(𝑚) =
1
2

̃log10 𝛥2 ,𝑚 + 1
2

̃(

1 − FracIncr𝑚
)

, (3)

where the tilde denotes min–max normalization over the eligible set  ; that is, 𝑞𝑚 = (𝑞𝑚 − min𝑗∈ 𝑞𝑗 )∕(max𝑗∈ 𝑞𝑗 − min𝑗∈ 𝑞𝑗 ). The 
method with the lowest 𝐽𝐵 is retained by this synthetic slow-component check. The eligibility threshold of 0.65 and the equal 
weighting of the two terms are operational design choices rather than estimated universal parameters. This known-drift check is 
based on the reference realization and is distinct from the 𝑅 = 30 cross-mode-coupling analysis.
Empirical calibration and operational selection. The candidate methods are subsequently compared on the empirical panel using 
method-specific calibration. This asymmetry reflects differences in their construction and does not define a common optimization 
problem.

For CEEMDAN, candidate configurations span noise scales 𝜀 ∈ [0.03, 0.12], ensemble sizes between 100 and 220 trials, and 
maximum IMF counts between 9 and 14. Configurations with NRMSE < 10−10 form the primary candidate set. MSCI World 
additionally retains the prespecified reference configuration (𝜀 = 0.05, 𝑁trials = 100, max_imf = 14). Although this configuration 
lies outside the primary machine-precision set, its NRMSE of 6.8 × 10−7 remains negligible relative to the signal norm and is 
reported explicitly. Among the retained candidates, the operational setting is selected by prioritizing the concentration of long-
horizon variation in a smooth slow component, using temporal linearity, the fraction of positive first differences, and roughness as 
descriptive criteria. Ties are resolved through lower linear-fit error and weaker cross-mode linear coupling.

EEMD is evaluated under a common empirical configuration across assets, with noise width 0.05, 100 trials, sifting threshold 0.25, 
and a maximum of 14 modes. VMD is evaluated over candidate mode counts 𝐾 ∈ [6, 12] and bandwidth penalties 𝛼 ∈ [103, 5 × 103], 
with the DC constraint enabled. Its retained configuration minimizes mean absolute cross-mode correlation within the evaluated 
grid.

Classical EMD is retained in the synthetic benchmark as a deterministic reference but is not carried to the empirical calibration. 
This is a scope decision and does not imply that EMD lacks a residual or slow component. CEEMDAN is ultimately retained as the 
operational representation for the network audit according to the empirical results reported in Section 4.3.

For the retained representation, the complete oscillatory panel 
 =

{

𝑐1,… , 𝑐𝑝
}

(4)

defines the native representation. The residual 𝑟𝑝 is stored separately for reconstruction and traceability but is excluded from 
the FastICA fit and from both graph inventories. The subsequent comparison therefore concerns alternative representations of the 
same oscillatory panel.

3.4. Reduced FastICA representation

Let 

𝐗 =
⎡

⎢

⎢

⎣

𝑐1(1) ⋯ 𝑐𝑝(1)
⋮ ⋮

𝑐1(𝑇 ) ⋯ 𝑐𝑝(𝑇 )

⎤

⎥

⎥

⎦

∈ R𝑇×𝑝 (5)

denote the native oscillatory panel, with one IMF per column and observations aligned by time. The slow component is not 
included in 𝐗. Each column is standardized before fitting FastICA [19,20,33].

FastICA is used in its parallel form with unit-variance whitening (scikit-learn FastICA; convergence tolerance 10−4; maximum 
of 3000 iterations). The operational network audit retains the fit obtained with random seed 42. Robustness is assessed by repeating 
the fit over twenty initializations (seeds 42–61) at neighbouring ranks 𝑘 = 3, 4, 5 and at full rank 𝑘 = 𝑝, as reported in Section 4.4. 
For a retained dimensionality 𝑘 < 𝑝, the fitted transformation produces 

𝐙 = 𝐗̃𝐖⊤
𝑘 , 𝐖𝑘 ∈ R𝑘×𝑝, 𝐙 ∈ R𝑇×𝑘, (6)

where 𝐗̃ is the standardized IMF matrix and 𝐖𝑘 is the retained unmixing matrix. Because 𝑘 < 𝑝, the operation combines a linear 
recombination of the original modes with dimensionality reduction and is not invertible. The retained coordinates are therefore not 
treated as a lossless re-expression of the native IMF panel.
8 



A.M.d.l. Riscos et al. Physica A: Statistical Mechanics and its Applications 703 (2026) 132124 
Whitening imposes zero sample cross-correlation among the estimated coordinates by construction. The near-zero correlations 
reported in Section 4.4 are consequently numerical checks of the fitted solution and not empirical evidence of statistical inde-
pendence. Independence concerns the complete joint distribution and is not established in this study. The outputs 𝑍1,… , 𝑍𝑘 are 
therefore described as decorrelated coordinates.

Candidate dimensions are evaluated over 
𝑘 ∈ {2,… , 𝑝 − 1}. (7)

For each converged candidate, the recorded diagnostics include the maximum absolute off-diagonal correlation among the 
retained coordinates, the mean column-wise reconstruction coefficient of determination, and the relative Frobenius reconstruction 
error 

𝐸𝐹 (𝑘) =
‖

‖

‖

𝐗 − 𝐗̂𝑘
‖

‖

‖𝐹
‖𝐗‖𝐹

, (8)

where 𝐗̂𝑘 is obtained through the inverse FastICA mapping. Reconstruction is reported to quantify the information discarded by the 
reduction; it is not the sole objective of the compression stage.

Because whitening makes the off-diagonal sample correlations numerically negligible for every converged candidate, cross-
correlation is used only as a convergence diagnostic and does not discriminate among candidate dimensions. Compact candidates 
are identified by requiring mean column-wise reconstruction 𝑅2 to reach at least 72% of the maximum value over the candidate 
grid. Relative Frobenius error is then used as a secondary reconstruction diagnostic, and parsimony determines the operational 
dimensionality among candidates with comparable reconstruction. For XLP, these diagnostics do not identify a unique preferred 
value, and 𝑘 = 4 is retained for consistency with the MSCI World reference setting.

The operational dimensions used throughout the subsequent network analysis are 𝑘 = 4 for MSCI World and XLP, and 𝑘 = 5
for XLE, XLV, and COMEX gold futures. These values are fixed design settings rather than estimates of a uniquely identified latent 
dimension. The reconstruction diagnostics and the asset-specific selection rationale are reported in Section 4.4, and all topological 
findings are conditional on the retained dimensions.

A full-rank control with 𝑘 = 𝑝 retains every oscillatory coordinate and therefore isolates the invertible linear recombination 
from dimensionality reduction. Reconstruction diagnostics at 𝑘 = 𝑝 quantify whether residual error at the operational 𝑘 < 𝑝 is 
attributable to truncation rather than to the ICA recombination itself. The multi-seed experiment assesses stability of reconstruction 
and numerical decorrelation across initializations; it does not rebuild the full graph inventories for every seed, and seed-wise 
invariance of topological descriptors is therefore not claimed.

The component labels 𝑍1,… , 𝑍𝑘 are internal to each FastICA fit. Their order and sign are not identified, and equal indices do 
not imply one-to-one correspondence between different assets.

3.5. Network construction and structural audit

For each asset, the three network mappings are applied to two representations: the 𝑝 native oscillatory IMFs and the 𝑘 retained 
FastICA coordinates. The resulting inventory contains 3𝑝 native graphs and 3𝑘 compressed-representation graphs per instrument. 
The slow component is excluded from both inventories by design.

The native and compressed panels have different cardinalities, and their channels are not matched one to one. The comparison 
is therefore conducted through graph-level descriptor distributions and encoder-specific inventories rather than through direct 
correspondence between individual native and compressed channels.

All reported graph statistics are calculated after converting the stored edge lists into simple undirected graphs. Weighted visibility 
constructions are not considered because they would introduce edge weighting as an additional experimental factor [45].
Natural visibility graphs. For a channel {𝑦𝑡}𝑇𝑡=1, the natural visibility graph (NVG) has node set 𝑉 = {1,… , 𝑇 }. For 𝑖 < 𝑗, an edge 
exists when 

𝐴NVG
𝑖𝑗 = 1

[

𝑦𝓁 < 𝑦𝑖 +
𝑡𝓁 − 𝑡𝑖
𝑡𝑗 − 𝑡𝑖

(

𝑦𝑗 − 𝑦𝑖
)

∀𝓁 ∈ {𝑖 + 1,… , 𝑗 − 1}
]

. (9)

Thus, two observations are connected when no intermediate observation obstructs the line segment joining them in the 
time–amplitude plane [1]. The construction preserves the complete sample length, so |𝑉 | = 𝑇 .

Horizontal visibility graphs. The horizontal visibility graph (HVG) uses the same node set and defines 

𝐴HVG
𝑖𝑗 = 1

[

𝑦𝓁 < min(𝑦𝑖, 𝑦𝑗 ) ∀𝓁 ∈ {𝑖 + 1,… , 𝑗 − 1}
]

. (10)

HVG connectivity depends on relative amplitude ordering and generally produces a sparser graph than NVG [2]. As with NVG, 
the construction preserves the complete sample length.

For implementation, the visibility relations are generated in increasing temporal direction. Before graph descriptors are 
calculated, the stored relations are converted into a simple undirected graph, so each unordered node pair contributes a single 
edge to the reported edge count.
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Recurrence networks. Recurrence networks are constructed from a channel-specific delay embedding [3,4]. For delay 𝜏 and 
embedding dimension 𝑑, the reconstructed state is 

𝐮𝑖 =
[

𝑦𝑖, 𝑦𝑖+𝜏 ,… , 𝑦𝑖+(𝑑−1)𝜏
]⊤ , 𝑖 = 1,… , 𝑇 − (𝑑 − 1)𝜏. (11)

The delay is selected from the first local minimum of the time-delayed mutual information [46]. Mutual information is estimated 
after discretizing the channel using ⌊

√

𝑇 ⌋ equally spaced cut points over its observed range. Delays from 1 to 50 are evaluated. When 
no local minimum is found, the first delay at which the discrete mutual-information slope becomes positive is retained. If no such 
change occurs, 𝜏 = 2 is used as the fallback value.

The embedding dimension is selected with the false-nearest-neighbour criterion [47]. Candidate dimensions up to 𝑑 = 10 are 
evaluated. For every embedded state, its nearest non-self neighbour is identified in dimension 𝑑. The neighbour is classified as false 
when 

|

|

|

𝑦𝑖+𝑑𝜏 − 𝑦𝑗+𝑑𝜏
|

|

|

‖

‖

‖

𝐮(𝑑)𝑖 − 𝐮(𝑑)𝑗
‖

‖

‖2

> 10. (12)

The first dimension for which the proportion of false neighbours falls below 0.10 is retained. When no candidate satisfies this 
condition, the dimension with the smallest observed false-neighbour proportion is selected. For the false-nearest-neighbour search 
used to select 𝑑, no temporal-exclusion or Theiler window is imposed beyond removal of the state itself.

Two embedded states are connected when their Euclidean distance does not exceed a channel-specific radius: 

𝐴REC
𝑖𝑗 = 1

[

‖

‖

‖

𝐮𝑖 − 𝐮𝑗
‖

‖

‖2
≤ 𝜀rec

]

, 𝑖 ≠ 𝑗. (13)

The radius is estimated independently for each channel. With random seed 42, up to 1000 embedded states are sampled without 
replacement. For every sampled state, distances to its 99 nearest non-self neighbours are calculated and pooled; when fewer 
neighbours are available, all available non-self neighbours are used. The radius 𝜀rec is set to the tenth percentile of this pooled 
local-distance distribution and is then applied to all embedded states of the channel.

No additional channel standardization is applied specifically before the recurrence-distance calculation. Because the radius is 
recalibrated independently for every channel, its numerical magnitude adapts to the scale of that channel. Nevertheless, the resulting 
density, connectivity, and component structure remain conditional on the embedding procedure, local neighbourhood size, sampled 
states, selected percentile, and Theiler-window choice.

The main between-representation comparison uses the channel-specific local-distance radius above with no Theiler window 
(𝑊 = 0). This construction does not impose a common absolute radius or a fixed global recurrence rate. To assess calibration 
dependence, the same channels are also rebuilt under a fixed recurrence rate RR = 5% with 𝑊 = 0, and under RR = 5% with Theiler 
windows 𝑊 ∈ {0, 𝜏, 2𝜏, 5𝜏}, while retaining each channel’s delay 𝜏 and embedding dimension 𝑑. The sensitivity analysis covers both 
native CEEMDAN and reduced FastICA panels for all five assets (ten panels; seventy-four channels including residues). The primary 
native-versus-reduced audit therefore evaluates a common calibration protocol; the RR and Theiler checks quantify how strongly 
fragmentation depends on threshold and temporal exclusion [22,23].
Structural descriptors. Each simple undirected graph is characterized by its number of nodes |𝑉 |, number of edges |𝐸|, edge density, 
number of connected components, mean degree, diameter estimate, and local clustering-coefficient distribution.

Edge density is calculated as 

𝜌𝐺 =
2|𝐸|

|𝑉 |(|𝑉 | − 1)
, (14)

and mean degree as 

𝑘𝐺 =
2|𝐸|

|𝑉 |

. (15)

For connected graphs, the reported diameter is estimated through a double-sweep breadth-first-search procedure: a first traversal 
identifies a distant node, and a second traversal from that node provides the maximum observed shortest-path distance. The value 
is therefore an operational diameter estimate rather than an exact all-pairs diameter. Diameter is not reported for disconnected 
graphs.

The mean, median, and standard deviation of the node-wise local clustering coefficients are calculated using the available values. 
Clustering coefficients are unavailable for nine computationally demanding native NVGs because these calculations were omitted 
from the original graph inventory. These values are reported as n.a., excluded from clustering summaries and contrasts, and never 
interpreted as zero.
Comparison logic. Two comparisons are performed. The within-representation comparison evaluates how NVG, HVG, and recurrence 
constructions describe the same channel differently. The between-representation comparison contrasts the distributions of graph 
descriptors obtained from the native IMF panel and from the reduced FastICA panel under each encoder.

Formal native-versus-reduced contrasts treat each oscillatory IMF or FastICA coordinate as the analysis unit and exclude the 
slow residue. For central descriptors we report the difference of means (native minus reduced), Cohen’s 𝑑 with pooled standard 
deviation, a 95% bootstrap confidence interval based on 5000 resamples, and a two-sided permutation 𝑝-value based on 10,000 
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permutations. Because several channels come from the same asset, these analyses provide operational support for the observed 
descriptor distributions rather than independent population trials.

For visibility graphs, whose construction introduces no estimated embedding parameters, differences primarily reflect the 
changed input representation. For recurrence networks, differences reflect both the changed representation and the channel-specific 
recalibration of delay, embedding dimension, and distance radius.

Aggregate edge counts across an entire graph inventory are reported only as descriptive workload and connectivity summaries. 
They are not treated as direct measures of topological preservation because the native and compressed representations contain 
different numbers of channels. The results of the structural audit are presented in Section 4.5.

4. Results

4.1. Data and signal characterization

The empirical panel comprises five daily closing-price series: the MSCI World global equity index, three U.S. sector exchange-
traded funds (XLE, energy; XLP, consumer staples; XLV, health care), and the COMEX gold futures series identified by the Yahoo 
Finance ticker GC=F. The original series cover the period from January 12, 2012 to April 20, 2026. After calendar alignment, 
the empirical analysis is restricted to the 3584 dates jointly available for all five series. Daily percentage returns are used for the 
return-based diagnostics, whereas decomposition, compression, and network construction operate on the aligned closing-price levels.

The panel is deliberately heterogeneous. MSCI World provides a broad global equity trajectory; XLE contributes cyclical and 
commodity-linked sector variation; XLP represents a comparatively defencive consumption sector; XLV provides health-care-specific 
dynamics; and COMEX gold futures provide a non-equity commodity series. The purpose of this composition is not to infer cross-
asset relations, since every series is processed independently, but to examine whether the representation and network effects remain 
visible across signals with different trend, amplitude, and oscillatory characteristics.

Table  1 reports the signal-characterization diagnostics defined in Section 3.2. For all five series, ADF fails to reject a unit root in 
closing-price levels while KPSS rejects the implemented trend-stationarity null. On daily returns, ADF rejects a unit root and KPSS 
fails to reject the implemented trend-stationarity null. This joint pattern is consistent with integrated price levels and stationary 
short-horizon increments.

The BDS statistic rejects its independence null for the residuals of the AR(1) specification at embedding dimensions 𝑚 = 3, 4, 5 on 
every asset. Given that the regressions are fitted to non-stationary price levels, these results are interpreted descriptively as evidence 
that a simple AR(1) specification does not exhaust temporal dependence; they are not treated as standalone proof of deterministic 
chaos or of a particular nonlinear mechanism. The Ljung–Box statistic applied to squared returns at lag 10 also rejects the absence 
of autocorrelation for all assets, consistently with volatility clustering.

Rolling price-level dispersion is temporally heterogeneous, with coefficients of variation ranging from 0.378 for XLP to 0.952 for 
COMEX gold futures. The mean number of crossings of the local 252-day window mean ranges from 11.04 to 13.95. These statistics 
describe changes in local amplitude and oscillatory behaviour and are not used as pass–fail criteria for decomposition.

4.2. Controlled decomposition benchmark

The four candidate methods are first compared on signals whose composition is known by construction. Five families are 
generated (𝑇 = 2500, sampling rate 500Hz, duration 5 s), each representing a different challenge for adaptive decomposition: close-
frequency tones that produce amplitude beating; a linear chirp with continuously evolving instantaneous frequency; a localized 
high-frequency burst on a low-frequency carrier; a noisy superposition of close tones and a chirp; and a multi-component stress 
signal combining spectral proximity, ascending and descending chirps, localized oscillations, Gaussian noise, and a slow linear drift. 
Fig.  2 shows the resulting waveforms.

Each family is decomposed with EMD, EEMD, CEEMDAN, and VMD [9–12]. Method-specific settings for EEMD, CEEMDAN, and 
VMD are calibrated on the multi-component stress signal, while EMD enters as a deterministic reference under the shared mode 
cap.

Cross-mode linear coupling is evaluated over the first min{8, 𝑁IMF} oscillatory components, excluding the slow component. The 
first summary is the median absolute Pearson correlation between mode pairs. The second is 𝜋Bonf

0.05 , the percentage of pairwise zero-
correlation tests rejected after Bonferroni correction. As discussed in Section 3.3, this percentage is used as a descriptive complement 
because the temporal dependence of the extracted modes limits a conventional interpretation of the individual correlation tests.

EEMD and CEEMDAN are evaluated over 𝑅 = 30 independent noise seeds. Their reported values are therefore accompanied by 
95% percentile intervals across replications. EMD and VMD are deterministic under the implemented settings and are evaluated 
once per signal family. When the corresponding method-specific remainder is included, all four implementations reconstruct the 
synthetic signals to numerical precision. Closure therefore does not discriminate among the methods in this benchmark.

No method dominates every signal family. VMD produces the lowest median coupling on the close-tone, noisy-superposition, 
and multi-component stress signals. On the stress signal, its median is 0.004 and 𝜋Bonf

0.05 = 7%. CEEMDAN and EEMD both attain a 
replication median of 0.008 on that family, with intervals [0.006, 0.009] and [0.006, 0.013], respectively. EMD produces a median of 
0.010 and a rejection percentage of 14%.

The stochastic variation is most visible for CEEMDAN on the close-tone and chirp signals. On close tones, its median absolute 
correlation ranges up to 0.048 and its corrected rejection percentage up to 38% across seeds. On the chirp, the corresponding 
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Table 1
Empirical signal characterization by asset (independent analysis per series, 𝑇 = 3584). Test statistics 
are shown with 𝑝-values in parentheses. BDS is applied to residuals from an AR(1) model fitted to 
closing prices. The Ljung–Box statistic is applied to squared daily returns at lag 10. Price-dispersion 
CV is the coefficient of variation of the rolling 252-day standard deviation of closing-price levels. 
Mean crossings denotes the average number of crossings of the local window mean within rolling 
252-day windows.
Diagnostic MSCI XLE XLP XLV GC=F

Stationarity: closing prices
ADF 1.66

(𝑝 = 0.998)
−0.08
(𝑝 = 0.952)

−0.55
(𝑝 = 0.882)

−0.61
(𝑝 = 0.870)

2.96
(𝑝 = 1.000)

KPSS 1.33
(𝑝 ≤ 0.010)

1.61
(𝑝 ≤ 0.010)

0.87
(𝑝 ≤ 0.010)

0.70
(𝑝 ≤ 0.010)

1.40
(𝑝 ≤ 0.010)

Stationarity: daily returns (%)
ADF −19.73

(𝑝 < 0.001)
−11.68
(𝑝 < 0.001)

−18.89
(𝑝 < 0.001)

−16.47
(𝑝 < 0.001)

−62.65
(𝑝 < 0.001)

KPSS 0.03
(𝑝 ≥ 0.100)

0.05
(𝑝 ≥ 0.100)

0.02
(𝑝 ≥ 0.100)

0.03
(𝑝 ≥ 0.100)

0.05
(𝑝 ≥ 0.100)

Residual dependence: BDS on AR(1) residuals
𝑚 = 3 21.27

(𝑝 < 0.001)
17.28
(𝑝 < 0.001)

22.71
(𝑝 < 0.001)

21.53
(𝑝 < 0.001)

24.85
(𝑝 < 0.001)

𝑚 = 4 25.28
(𝑝 < 0.001)

20.75
(𝑝 < 0.001)

25.54
(𝑝 < 0.001)

24.93
(𝑝 < 0.001)

26.37
(𝑝 < 0.001)

𝑚 = 5 28.35
(𝑝 < 0.001)

23.42
(𝑝 < 0.001)

27.84
(𝑝 < 0.001)

27.72
(𝑝 < 0.001)

27.44
(𝑝 < 0.001)

Volatility clustering: Ljung–Box on 𝑟2𝑡
Ljung–Box 3236.82

(𝑝 < 0.001)
2267.29
(𝑝 < 0.001)

5072.60
(𝑝 < 0.001)

4816.87
(𝑝 < 0.001)

318.03
(𝑝 < 0.001)

Time-varying amplitude and oscillatory behaviour
Price-dispersion CV (252d) 0.597 0.462 0.378 0.427 0.952
Mean local-mean crossings 12.04 12.67 13.95 13.31 11.04

Table 2
Controlled benchmark of cross-mode linear coupling. Each cell reports the median absolute 
pairwise correlation among the first min{8, 𝑁IMF} oscillatory components. Bracketed ranges are 
95% replication intervals for EEMD and CEEMDAN over 𝑅 = 30 noise seeds. Parenthetical values 
report 𝜋Bonf

0.05 , the percentage of pairwise zero-correlation tests rejected after Bonferroni correction; 
corresponding replication intervals are again shown for the stochastic methods. Lower values 
indicate weaker linear coupling, but not necessarily complete spectral or nonlinear separation.
Family EMD EEMD CEEMDAN VMD
Close tones 0.038 

(40%)
0.012 [ 0.009, 0.019 ] 
(14%[11%, 19%])

0.019 [ 0.012, 0.048 ] 
(25%[14%, 38%])

0.002 
(13%)

Linear chirp 0.009 
(33%)

0.009 [ 0.006, 0.015 ] 
(25%[21%, 30%])

0.022 [ 0.010, 0.089 ] 
(40%[27%, 55%])

0.038 
(33%)

Burst on carrier 0.057 
(67%)

0.010 [ 0.007, 0.015 ] 
(25%[18%, 29%])

0.008 [ 0.004, 0.011 ] 
(20%[13%, 29%])

0.070 
(60%)

Close tones + chirp + noise 0.028 
(33%)

0.012 [ 0.008, 0.019 ] 
(21%[18%, 29%])

0.011 [ 0.009, 0.014 ] 
(19%[14%, 25%])

0.004 
(27%)

Multi-component stress 0.010 
(14%)

0.008 [ 0.006, 0.013 ] 
(25%[25%, 29%])

0.008 [ 0.006, 0.009 ] 
(24%[19%, 24%])

0.004 
(7%)

correlation interval extends to 0.089. These ranges show why a single stochastic decomposition would not characterize the method 
reliably in those regimes.

Averaged over the five signal families, EEMD has the lowest mean replication median of absolute cross-mode correlation, 
approximately 0.010. VMD, CEEMDAN, and EEMD nevertheless exchange relative positions across the individual challenges. The 
benchmark therefore supports method-specific characterization rather than a universal ordering. In particular, Table  2 does not 
select CEEMDAN through mode mixing: on the multi-component stress signal, VMD attains the lowest median absolute cross-mode 
correlation (0.004), while EEMD and CEEMDAN both obtain 0.008.

Cross-mode coupling alone does not determine how the slow part of the signal is allocated. On the multi-component stress signal, 
the slow-component energy fraction 

𝜂slow =
‖

‖

𝑠slow‖‖
2
2

‖𝑥‖22
(16)

is approximately 0.4% for the retained VMD DC mode and 75.5% for the CEEMDAN residual. These values do not by themselves 
establish that one allocation is intrinsically correct. They show that the methods place the slow and oscillatory content in 
substantially different representations, even when reconstruction is numerically equivalent.

The stress signal also contains a known linear drift 𝑑(𝑡) = 8𝑡∕𝑇  over 𝑇 = 5 s, which provides an operational check of slow-
component allocation. This check is evaluated on the prespecified seed-42 reference realization using the eligibility rule and score 
𝐽  defined in Eq. (3). CEEMDAN and EMD satisfy the eligibility conditions. CEEMDAN attains both lower roughness (2.78 × 10−6
𝐵
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Fig. 2. Controlled signals used in the decomposition benchmark (𝑇 = 2500, 500Hz, 5 s). (a) Close tones at 10Hz and 11.3Hz, producing amplitude 
beating. (b) Linear chirp with 𝑓0 = 1.5Hz and sweep rate 1.2Hz/s. (c) A 12Hz localized burst superimposed on a 0.8Hz carrier over 𝑡 ∈ [1.2, 3.2] s. 
(d) Noisy superposition of close tones and a scaled chirp. (e) Multi-component stress signal combining close tones, ascending and descending 
chirps, localized oscillations, Gaussian noise, and a slow linear drift.

versus 3.34×10−6) and a larger fraction of positive increments (0.745 versus 0.709), and therefore obtains the lower selection score. 
VMD has a positive rank correlation with time but fails the increment criterion (0.581), whereas EEMD fails both the direction and 
increment criteria (𝜌𝑆 = −0.977; fraction = 0.501). The 0.65 eligibility threshold and the equal weighting in 𝐽𝐵 are operational design 
choices, not estimated universal parameters. Because this known-drift check uses a single reference realization, it is interpreted as 
an operational consistency check rather than a stochastic robustness result. The separate cross-mode-coupling results for EEMD and 
CEEMDAN remain based on 𝑅 = 30 independent seeds. The synthetic result therefore supports the suitability of CEEMDAN for 
separating a smooth slow component, but does not by itself establish universal superiority. The operational choice is completed on 
the empirical panel using the signed diagnostics in Table  3.

4.3. Operational decomposition on the empirical panel

CEEMDAN, EEMD, and VMD are applied independently to each empirical series using the method-specific calibration protocols 
defined in Section 3.3. Classical EMD is not carried forward beyond the synthetic benchmark. This is a scope decision: EMD does 
produce a residual, but the empirical comparison is restricted to the two ensemble candidates and the variational candidate selected 
for operational calibration.
13 
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Table 3
Properties of the signed operational slow component by asset and method. Roughness values are reported in scientific 
notation. NRMSE entries below 10−15 are written as < 10−15; all other reconstruction errors use scientific notation 
with a common precision. NRMSE is at or below 10−6 for every method and asset, so the principal differences concern 
the allocation of signal content rather than numerical closure.
 Asset Method 𝑅2

lin 𝛥2 Frac. incr. 𝜌𝑆 NRMSE  
 MSCI World
 CEEMDAN 0.949 1.28 × 10−6 0.992 1.000 6.8 × 10−7 
 EEMD 0.955 4.83 × 10−2 0.516 1.000 < 10−15  
 VMD 0.930 1.11 × 10−4 0.932 1.000 < 10−15  
 XLE
 CEEMDAN 0.489 1.96 × 10−6 0.568 0.547 < 10−15  
 EEMD 0.943 1.40 × 10−1 0.513 0.995 < 10−15  
 VMD 0.465 2.10 × 10−4 0.690 0.531 < 10−15  
 XLP
 CEEMDAN 0.993 9.11 × 10−7 1.000 1.000 < 10−15  
 EEMD 0.988 1.01 × 10−1 0.514 0.999 < 10−15  
 VMD 0.984 1.34 × 10−4 0.918 0.999 < 10−15  
 XLV
 CEEMDAN 0.982 1.04 × 10−6 0.977 1.000 < 10−15  
 EEMD 0.974 2.13 × 10−1 0.510 0.993 < 10−15  
 VMD 0.976 9.42 × 10−5 0.821 0.994 < 10−15  
 COMEX gold futures (GC=F )
 CEEMDAN 0.709 1.16 × 10−6 0.666 0.753 < 10−15  
 EEMD 0.670 8.09 × 10−2 0.505 0.720 < 10−15  
 VMD 0.502 2.73 × 10−4 0.604 0.760 < 10−15  

The comparison concerns both numerical closure and the allocation of the signal between oscillatory and slow components. 
Reconstruction fidelity is measured by 

NRMSE =

√

𝑇 −1 ∑𝑇
𝑡=1

(

𝑥𝑡 − 𝑥𝑡
)2

√

𝑇 −1 ∑𝑇
𝑡=1 𝑥

2
𝑡

=
‖

‖

𝑥 − 𝑥‖
‖2

‖𝑥‖2
. (17)

The signed slow component is defined numerically as the explicit CEEMDAN residual, the implicit EEMD remainder 𝑥 −
∑

𝑖 𝑐𝑖, 
and the VMD DC mode. It is characterized by four descriptors: 𝑅2

lin, the coefficient of determination of a linear fit against time; 𝛥2 , 
the roughness based on the normalized second difference; the fraction of positive first differences; and the Spearman correlation 
with time, 𝜌𝑆 .

Fig.  3 compares the original series with the aggregate oscillatory components obtained by each decomposition method. The 
lower row reports the signed method-specific slow component 𝑠𝑚(𝑡) = 𝑥(𝑡) − 𝑜𝑚(𝑡), where 𝑜𝑚(𝑡) denotes the sum of the oscillatory 
modes under method 𝑚. No absolute value is applied. Retaining the sign makes the negative or oscillatory EEMD remainder visually 
distinguishable from the CEEMDAN and VMD slow components and aligns the figure with the signed monotonicity and roughness 
diagnostics in Table  3.

Numerical closure is non-discriminating. Every operational pipeline reconstructs the corresponding series with NRMSE at or 
below 10−6, and most values are at numerical precision. The methods differ substantially, however, in the roughness and directional 
consistency of the slow component.

According to the signed numerical slow components summarized in Table  3, CEEMDAN produces the lowest roughness for every 
asset, with 𝛥2  between approximately 9×10−7 and 2×10−6. VMD produces values near 10−4, while EEMD produces values between 
approximately 5 × 10−2 and 2 × 10−1. The difference spans two to five orders of magnitude despite near-equivalent reconstruction.

The signed EEMD remainder reported in Table  3 has a fraction of positive first differences close to 0.51 for every asset. It therefore 
rises and falls in almost equal proportion, even when its long-run trajectory is highly correlated with time. This directional behaviour 
is now visible in the signed slow-component panels of Fig.  3, which distinguish the oscillatory EEMD remainder from the smoother 
CEEMDAN and VMD slow components. Linear fit and rank correlation capture the overall direction of the component, whereas 
roughness and first-difference balance capture its local oscillation.

The signed diagnostics in Table  3 indicate that CEEMDAN produces a comparatively smooth and strongly monotone slow 
component for MSCI World, XLP, and XLV. The distinction is less direct for XLE and COMEX gold futures, whose slow representations 
are less linear under every method. On XLE, EEMD has a larger 𝑅2

lin than CEEMDAN, and VMD has a larger fraction of positive 
increments. CEEMDAN is retained there because its roughness is approximately two orders of magnitude below VMD and several 
orders below EEMD. For COMEX gold futures, CEEMDAN also has the lowest roughness and the highest fraction of positive 
increments, although VMD has a slightly larger Spearman correlation with time.

The empirical comparison therefore does not identify a universally optimal decomposition. Under the adopted method-
specific calibration and the criterion required for the subsequent representation audit, CEEMDAN provides the most consistently 
smooth separation between oscillatory and slow content over the five-asset panel. It is consequently retained as the operational 
representation for the remaining stages.
14 
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Fig. 3. Operational decomposition of the empirical panel. Each asset is shown with two aligned rows. The upper row compares the original 
closing-price series with the aggregate oscillatory components obtained from CEEMDAN, EEMD, and VMD. For CEEMDAN and EEMD, the 
aggregate is the sum of the extracted oscillatory IMFs; for VMD, it is the sum of the retained non-DC modes. The lower row shows the signed 
method-specific slow component 𝑠𝑚(𝑡) = 𝑥(𝑡)−𝑜𝑚(𝑡) (CEEMDAN: explicit residual; EEMD: implicit remainder after summing oscillatory IMFs; VMD 
with 𝐷𝐶 = 1: DC mode). Signs are retained. Vertical scales differ across assets and are not intended for cross-asset amplitude comparison.

4.4. Reduced FastICA representation

The retained CEEMDAN decompositions produce between eight and nine oscillatory modes per asset, excluding the slow residual. 
FastICA reduces each native oscillatory panel to an asset-specific set of decorrelated coordinates. The operational dimensionalities 
are 𝑘 = 4 for MSCI World and XLP and 𝑘 = 5 for XLE, XLV, and COMEX gold futures, as specified in Section 3.4.

The operational network inventory retains the seed-42 fit. Robustness is assessed by repeating FastICA for all five assets with 
twenty initializations (seeds 42–61) at neighbouring ranks 𝑘 = 3, 4, 5 and at full rank 𝑘 = 𝑝 (𝑝 = 8 for MSCI World, XLE, XLP, 
and XLV; 𝑝 = 9 for COMEX gold futures), giving 400 fits in total (Tables  4 and 5). All 300 reduced-rank runs converge. Two of 
the 100 full-rank runs, both for XLV, reach the iteration limit; their returned reconstructions are nevertheless numerically exact 
(𝑅2 = 1.000). For every fixed asset–rank combination, mean column-wise 𝑅2 and the relative Frobenius error are stable across seeds 
to machine precision, and the maximum absolute off-diagonal score correlation remains at numerical round-off. At the operational 
ranks, for example, 𝑅2 equals 0.636 for MSCI World (𝑘 = 4), 0.734 for XLE (𝑘 = 5), 0.618 for XLP (𝑘 = 4), 0.743 for XLV (𝑘 = 5), 
15 
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Table 4
FastICA robustness across random initializations. For each asset and rank 𝑘, entries are mean ± sd over 𝑁 seeds. 
𝑘 = 𝑝 is the full-rank control (linear recombination without dimension reduction).
 Asset 𝑘 𝑅2 mean Rel. Frobenius max |corr𝑍| Conv. frac. 
 MSCI World 3 0.508 ± 4.93 × 10−17 0.662 ± 5.67 × 10−17 1.53 × 10−15 1.00  
 MSCI World 4⋆ 0.636 ± 4.56 × 10−17 0.589 ± 4.56 × 10−17 1.77 × 10−15 1.00  
 MSCI World 5 0.759 ± 4.56 × 10−17 0.567 ± 3.42 × 10−17 2.34 × 10−15 1.00  
 MSCI World 𝑝 = 8 1.000 ± 0.000 6.90 × 10−16 ± 1.77 × 10−16 2.86 × 10−15 1.00  
 XLE 3 0.485 ± 2.61 × 10−17 0.897 ± 1.04 × 10−16 7.56 × 10−16 1.00  
 XLE 4 0.614 ± 0.000 0.685 ± 1.13 × 10−16 1.05 × 10−15 1.00  
 XLE 5⋆ 0.734 ± 4.56 × 10−17 0.247 ± 3.40 × 10−17 2.16 × 10−15 1.00  
 XLE 𝑝 = 8 1.000 ± 0.000 8.17 × 10−16 ± 1.91 × 10−16 2.68 × 10−15 1.00  
 XLP 3 0.496 ± 3.26 × 10−17 0.767 ± 6.52 × 10−17 9.46 × 10−16 1.00  
 XLP 4⋆ 0.618 ± 3.42 × 10−17 0.754 ± 6.52 × 10−17 1.32 × 10−15 1.00  
 XLP 5 0.734 ± 0.000 0.488 ± 5.43 × 10−17 1.97 × 10−15 1.00  
 XLP 𝑝 = 8 1.000 ± 0.000 8.45 × 10−16 ± 1.87 × 10−16 3.23 × 10−15 1.00  
 XLV 3 0.495 ± 0.000 0.729 ± 0.000 9.18 × 10−16 1.00  
 XLV 4 0.630 ± 5.43 × 10−17 0.628 ± 0.000 6.11 × 10−15 1.00  
 XLV 5⋆ 0.743 ± 4.56 × 10−17 0.503 ± 4.93 × 10−17 8.40 × 10−14 1.00  
 XLV 𝑝 = 8 1.000 ± 0.000 1.70 × 10−15 ± 1.62 × 10−16 1.32 × 10−14 0.90  
 Gold Futures 3 0.501 ± 6.71 × 10−17 0.533 ± 0.000 1.08 × 10−15 1.00  
 Gold Futures 4 0.614 ± 4.93 × 10−17 0.456 ± 1.71 × 10−17 2.14 × 10−15 1.00  
 Gold Futures 5⋆ 0.725 ± 0.000 0.452 ± 2.03 × 10−17 1.74 × 10−15 1.00  
 Gold Futures 𝑝 = 9 1.000 ± 0.000 7.87 × 10−16 ± 1.82 × 10−16 6.13 × 10−15 1.00  
⋆ operational 𝑘 used in the manuscript for that asset. Off-diagonal Pearson correlations among FastICA scores are at numerical 
roundoff for every seed in this run.

Table 5
Transformation versus truncation: operational 𝑘 < 𝑝 compared with the full-rank control 𝑘 = 𝑝. Values are mean 
across seeds. At 𝑘 = 𝑝 the relative Frobenius error is at numerical roundoff (∼ 10−15), so residual error at 𝑘⋆ is 
attributable to truncation rather than to the ICA transform itself.
 Asset 𝑝 𝑘⋆ 𝑅2(𝑘⋆) 𝑅2(𝑘 = 𝑝) Frob(𝑘⋆) Frob(𝑘 = 𝑝) 
 MSCI World 8 4 0.636 1.000 0.589 6.90 × 10−16 
 XLE 8 5 0.734 1.000 0.247 8.17 × 10−16 
 XLP 8 4 0.618 1.000 0.754 8.45 × 10−16 
 XLV 8 5 0.743 1.000 0.503 1.70 × 10−15 
 Gold Futures 9 5 0.725 1.000 0.452 7.87 × 10−16 

and 0.725 for gold futures (𝑘 = 5). Mean 𝑅2 increases monotonically from 𝑘 = 3 to 𝑘 = 5 for every asset. At 𝑘 = 𝑝, 𝑅2 = 1.000 and 
the relative Frobenius error is of order 10−15 for every asset, showing that the reconstruction gap at 𝑘 < 𝑝 results from truncating 
coordinates rather than from the invertible ICA recombination itself. Component order and sign remain unidentified. The multi-seed 
experiment establishes robustness of reconstruction and numerical decorrelation; it does not establish seed-wise invariance of every 
graph descriptor, because the full graph inventories were not rebuilt for each initialization.

Mean column-wise reconstruction 𝑅2 at the operational ranks therefore ranges from 0.62 for XLP to 0.74 for XLV, and relative 
Frobenius error from 0.25 for XLE to 0.75 for XLP. These diagnostics quantify the information discarded by reducing 𝑝 native modes 
to 𝑘 < 𝑝 coordinates. They are not interpreted as direct measures of topological preservation.

Fig.  4 shows the retained coordinates. The panels contain both high-frequency fluctuations and slower oscillatory structures, but 
the coordinate index has no common meaning across assets. FastICA component order and sign are not identified; consequently, 
𝑍𝑗 for one asset is not assumed to correspond to 𝑍𝑗 for another. The subsequent network audit therefore compares descriptor 
distributions within each representation and encoder rather than matching components by numerical index.

4.5. Representation-dependent network topology

Natural visibility, horizontal visibility, and recurrence networks are constructed from both the native oscillatory IMFs and 
the retained FastICA coordinates. The slow residual is excluded from both graph inventories, so the comparison concerns two 
representations of the oscillatory content.

The native panel contains 41 oscillatory IMFs across the five assets and therefore generates 123 graphs. The reduced panel 
contains 23 FastICA coordinates and generates 69 graphs. The inventory ratio is 

𝑞graph =
69
123

≈ 0.56. (18)

Total node count decreases in nearly the same proportion, from approximately 4.40 × 105 to 2.47 × 105, because every visibility 
graph contains the full aligned sample and recurrence graphs lose only the final embedding observations.
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Fig. 4. Reduced FastICA representations obtained from the oscillatory CEEMDAN panels. Columns correspond to MSCI World, XLE, XLP, XLV, 
and COMEX gold futures (GC=F); rows show the retained coordinates 𝑍1,… , 𝑍5. The operational dimensionality 𝑘 is displayed for each asset, 
and cells beyond the retained dimension are left empty. Coordinate indices are internal to each asset-specific fit: their order and sign are not 
identified and do not establish correspondence between assets. Vertical scales are displayed independently to emphasize temporal structure and 
are not used for cross-panel amplitude comparison. The CEEMDAN slow component is excluded from the FastICA representation and from the 
network audit.

Table 6
Mean connectivity statistics on the native oscillatory IMF panel by asset and network construction 
(residue excluded). Edge counts and recurrence component counts are averaged over the 𝑝 oscillatory 
IMFs. Columns match Table  10 (reduced FastICA panel) with 𝑝 in place of 𝑘. Recurrence 𝑁̄cc values 
come from the original graph inventory. Panel means under the rebuilt local-distance protocol used for 
RR/Theiler sensitivity (Table  12) can differ slightly because 𝜀rec is re-estimated from a finite sample 
(e.g. MSCI World: 853 versus 871.0).
 Asset 𝑝 HVG |𝐸| NVG |𝐸| REC |𝐸| 𝐷̄HVG 𝑁̄cc,REC 
 MSCI World 8 6927 238728 17233 302 853  
 XLE 8 6845 379350 17218 380 798  
 XLP 8 6906 243966 16648 338 836  
 XLV 8 6866 208743 16950 329 901  
 Gold futures 9 6965 476992 17493 333 610  

Total edge count decreases more sharply, from approximately 1.38 × 107 in the native inventory to 9.7 × 105 in the reduced 
inventory, so that the raw inventory ratio 𝑞𝐸 ≈ 0.07 (Eq. (19)). This ratio combines inventories with different numbers of channels 
and is dominated by a small number of very dense low-frequency native NVGs. It is retained only as a descriptive inventory statistic 
and is not used to support structural preservation, compression quality, or computational savings; observed execution and memory 
costs remain unmeasured. 

𝑞𝐸 =
𝐸tot,reduced

𝐸tot,native
≈ 0.07. (19)

Symmetric documentation is provided by native-panel connectivity and clustering tables parallel to the reduced-coordinate 
summaries (Tables  6–7), together with per-mode and summary values for the two lowest-frequency NVGs in each asset (Tables 
8 and 9). Formal channel-level contrasts appear in Table  11.

Table  10 summarizes connectivity on the reduced coordinates. Visibility graphs preserve the complete aligned sample length. 
Recurrence networks are shorter by the (𝑑 − 1)𝜏 observations consumed by delay embedding, approximately thirty observations on 
average.

Horizontal visibility produces the most homogeneous connectivity across the reduced panel. Mean edge counts range from 
approximately 7.1 × 103 to 7.2 × 103, corresponding to densities near 1.1 × 10−3 and mean degrees close to four. Every HVG instance 
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Table 7
Mean local clustering coefficients on the native oscillatory IMF panel 
by asset and network construction (residue excluded). Each value is 
averaged over the 𝑝 IMFs. Columns match Table  14.
 Asset 𝑝 𝐶̄HVG 𝐶̄NVG 𝐶̄REC 
 MSCI World 8 0.53 0.64 0.31 
 XLE 8 0.51 0.68 0.34 
 XLP 8 0.52 0.67 0.34 
 XLV 8 0.52 0.68 0.32 
 Gold futures 9 0.53 0.68 0.38 

Table 8
Native-panel low-frequency NVG edge counts by mode. Low-frequency modes are 
the two highest-index oscillatory IMFs (and IMF9 when present). Asset-level mean, 
median and range are computed over those modes only. An entry of n.a. in the 𝐶̄
column indicates that the clustering coefficient was not computed in the original graph 
inventory because of computational cost. These missing clustering values are excluded 
from clustering summaries and contrasts and are never treated as zero.
 Asset Mode |𝐸| Density 𝐶̄  
 MSCI World IMF_7 417517 6.49 × 10−02 0.483 
 MSCI World IMF_8 1162388 1.81 × 10−01 0.607 
 XLE IMF_7 682912 1.06 × 10−01 n.a.  
 XLE IMF_8 1 949471 3.03 × 10−01 n.a.  
 XLP IMF_7 436054 6.78 × 10−02 n.a.  
 XLP IMF_8 1 137231 1.77 × 10−01 n.a.  
 XLV IMF_7 501317 7.79 × 10−02 n.a.  
 XLV IMF_8 817660 1.27 × 10−01 n.a.  
 Gold futures IMF_8 1 252601 1.95 × 10−01 n.a.  
 Gold futures IMF_9 2 235125 3.48 × 10−01 n.a.  

Table 9
Native low-frequency NVG edge-count summaries (mean, median, range) over the two highest-index 
oscillatory IMFs per asset (IMF8–IMF9 for gold). These modes drive the extreme native NVG edge 
totals contrasted with Table  10.
 Asset Modes Mean |𝐸| Median |𝐸| Min |𝐸| Max |𝐸|  
 MSCI World IMF7, IMF8 789952 789952 417517 1162388 
 XLE IMF7, IMF8 1316192 1316192 682912 1949471 
 XLP IMF7, IMF8 786642 786642 436054 1137231 
 XLV IMF7, IMF8 659488 659488 501317 817660  
 Gold futures IMF8, IMF9 1743863 1743863 1252601 2235125 

Table 10
Mean connectivity statistics on the retained FastICA coordinates by asset and network construction. 
Edge counts and recurrence component counts are averaged over the 𝑘 coordinates. Recurrence 
parameters and thresholds are recalibrated independently for every channel according to Section 3.5; 
the networks therefore do not share a common absolute radius or recurrence rate. Reported diameters 
apply to HVG only in this summary because all recurrence networks are disconnected.
 Asset 𝑘 HVG |𝐸| NVG |𝐸| REC |𝐸| 𝐷̄HVG 𝑁̄cc,REC 
 MSCI World 4 7161 14362 16918 40 1428  
 XLE 5 7110 20746 17256 73 897  
 XLP 4 7089 27845 16207 96 1140  
 XLV 5 7141 13917 16630 44 1408  
 Gold futures 5 7124 15326 17338 49 798  

is connected. These values remain of the same order as the native oscillatory mean, about 6.9 × 103 edges (native asset means 
6845–6965; Table  6). The native channel mean is slightly lower than the FastICA mean (difference −221.9, 95% CI [−340.4,−116.9], 
𝑑 = −0.764, 𝑝 = 0.0036; Table  11), as is mean degree (difference −0.122, 𝑝 = 0.0047). Aggregate HVG connectivity is therefore 
similar in scale after compression, but not invariant or unchanged.

NVG edge counts change much more under the same representation shift. Asset-level means on the reduced coordinates range 
from approximately 1.4 × 104 for XLV to 2.8 × 104 for XLP, whereas native means range from 2.1 × 105 to 4.8 × 105 (Table  6). At 
channel level, the native-minus-reduced difference in log |𝐸| is 0.706 (95% CI [0.476, 0.946], 𝑑 = 1.158, 𝑝 = 0.0002). Among the 
10
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Table 11
Formal contrasts between native IMF and FastICA-reduced graph descriptors (oscillatory channels only; residue 
excluded). Difference = mean(native)−mean(reduced). 95% bootstrap CIs (𝑁 = 5000); two-sided permutation 𝑝
(𝑁 = 10, 000). Cohen’s 𝑑 uses the pooled standard deviation.
 Contrast 𝑛nat 𝑛ica Diff 95% CI 𝑑 𝑝perm  
 NVG log10 |𝐸| 41 23 0.706 [0.476, 0.946] 1.158 0.0002 
 HVG |𝐸| 41 23 −221.9 [−340.4, −116.9] −0.764 0.0036 
 HVG clustering 41 23 −0.109 [−0.136, −0.081] −1.514 0.0001 
 NVG clustering 32 23 −0.064 [−0.095, −0.033] −1.006 0.0008 
 REC components 41 23 −325.9 [−558.8, −93.8] −0.664 0.0130 
 REC |𝐸| 41 23 221.4 [−97.7, 541.4] 0.357 0.1783 
 HVG mean degree 41 23 −0.122 [−0.184, −0.064] −0.753 0.0047 
 NVG mean degree 41 23 164.8 [84.3, 257.9] 0.696 0.0065 

Table 12
Recurrence fragmentation across assets and representations (oscillatory modes only; residue excluded). 
Entries are mean 𝑁cc under protocols A/B/C (𝐶 uses 𝑊 = 𝜏). Under A the realized RR is also reported.
 Asset Rep. RR𝐴 𝑁̄𝐴

cc 𝑁̄𝐵
cc 𝑁̄𝐶

cc  
 MSCI World FastICA 0.0027 1427.8 316.0 387.5 
 MSCI World native 0.0027 871.0 142.5 478.2 
 Gold Futures FastICA 0.0028 798.2 165.8 316.0 
 Gold Futures native 0.0028 610.2 117.7 402.3 
 XLE FastICA 0.0028 896.6 117.4 284.4 
 XLE native 0.0027 797.6 124.8 377.1 
 XLP FastICA 0.0026 1139.5 258.8 346.8 
 XLP native 0.0026 836.4 143.2 470.6 
 XLV FastICA 0.0026 1408.0 282.6 369.4 
 XLV native 0.0027 901.4 172.0 368.2 

two slowest oscillatory IMFs per asset, individual NVG edge counts range from 417,517 to 2, 235,125 (Tables  8 and 9). Dense NVGs 
on those smooth, slowly varying modes are consistent with the established line-of-sight geometry of natural visibility (Section 2.1); 
the empirical finding is the disappearance of that extreme tail after scales are recombined and truncated by FastICA.

Recurrence edge counts on the reduced coordinates lie between approximately 1.6 × 104 and 1.7 × 104, but their connectivity 
differs qualitatively from both visibility constructions. Under the adopted local-distance calibration, recurrence networks constructed 
from the reduced coordinates split into hundreds or more than one thousand connected components. Their diameters are therefore 
undefined. Mean degree remains near nine or ten, consistently with the radius derived from the tenth percentile of the pooled 
distances to the 99 nearest non-self neighbours.

Both representations are highly fragmented under this rule. The reduced panel has more connected components (native-minus-
reduced difference −325.9, 95% CI [−558.8,−93.8], 𝑑 = −0.664, 𝑝 = 0.013), whereas recurrence edge counts are compatible with no 
difference between representations (difference 221.4, 95% CI [−97.7, 541.4], 𝑝 = 0.178; Table  11). Delay, embedding dimension, and 
radius are estimated separately for each channel, and the realized recurrence rate is only 0.24%–0.32%. Setting a global rate of 
RR = 5% reduces mean component counts in every panel; for MSCI World they fall from 871.0 to 142.5 in the native representation 
and from 1427.8 to 316.0 after FastICA (Table  12). Under this fixed-rate construction with 𝑊 = 0, three native MSCI modes 
become connected (Table  13). In a paired analysis of the nine MSCI native channels (eight oscillatory IMFs and the residue), the 
mean A-minus-B reduction is 647.6 components (95% bootstrap CI [411.0, 867.7]; sign-flip permutation 𝑝 = 0.0074). Applying a 
Theiler window 𝑊 = 𝜏 raises the oscillatory-panel means to 478.2 (native) and 387.5 (FastICA). Extending the window to 𝑊 = 2𝜏
and 𝑊 = 5𝜏 leaves mid- and low-frequency modes strongly fragmented: for MSCI World native at RR = 5%, IMF6 changes from 1 
component at 𝑊 = 0 to 606, 600, and 593 at 𝑊 = 𝜏, 2𝜏, and 5𝜏, while IMF8 changes from 1 to 639, 680, and 881 (Table  13). 
Fast modes change little. Fragmentation is therefore strongly conditional on threshold and temporal exclusion; it does not disappear 
completely, because excluding temporally adjacent states restores hundreds of components in several mid- and low-frequency modes.

Table  14 shows a similarly encoder-dependent pattern. HVG clustering on the reduced coordinates is concentrated in a narrow 
range, with asset means between 0.62 and 0.64. Channel-level values lie approximately between 0.59 and 0.66.

Across the 41 native oscillatory IMFs, mean HVG clustering decreases with extraction order (Spearman 𝜌 = −0.97, 95% bootstrap 
CI [−0.98,−0.95]) and averages 0.520 (high values near 0.66 on the fastest modes, down to approximately 0.33 on the slowest; Table 
7). After FastICA, coordinates mix scales without a fast-to-slow ordering, so the native gradient cannot be recovered from the 𝑍𝑗
index. The native-minus-reduced difference in mean clustering is −0.109 (𝑑 = −1.514, 𝑝 = 0.0001; Table  11), and the coefficient of 
variation falls from 0.170 on native IMFs to 0.031 after FastICA. Preservation of the order of magnitude of HVG edge count should 
therefore not be confused with preservation of the scale-ordered clustering interpretation.

NVGs have the highest mean local clustering on the retained coordinates, between 0.70 and 0.75 across assets. Median node-level 
coefficients are approximately 0.76–0.80, except for one XLP coordinate with a lower value near 0.57. Recurrence networks have 
lower and more heterogeneous mean clustering, between 0.23 and 0.34 at asset level and approximately 0.21–0.59 across individual 
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Table 13
Theiler-window sensitivity at fixed RR= 5% (MSCI World, native CEEM-
DAN). Columns are 𝑊 = 𝑚𝜏. Entries are 𝑁cc.
 Mode 𝑊 = 0 𝑊 = 𝜏 𝑊 = 2𝜏 𝑊 = 5𝜏 
 IMF1 198 201 201 205  
 IMF2 130 130 130 132  
 IMF3 439 442 441 441  
 IMF4 357 580 580 572  
 IMF5 13 531 531 547  
 IMF6 1 606 600 593  
 IMF7 1 697 665 625  
 IMF8 1 639 680 881  
 Residue 1 1 1 831  

Table 14
Mean local clustering coefficients on the retained FastICA coordinates 
by asset and network construction. Each value is averaged over the 𝑘
coordinates retained for the corresponding asset.
 Asset 𝑘 𝐶̄HVG 𝐶̄NVG 𝐶̄REC 
 MSCI World 4 0.63 0.75 0.23 
 XLE 5 0.62 0.72 0.34 
 XLP 4 0.62 0.70 0.32 
 XLV 5 0.63 0.75 0.23 
 Gold futures 5 0.64 0.74 0.32 

channels. Their low median node-level coefficients are consistent with the large number of low-degree vertices in the fragmented 
recurrence graphs.

The combined audit yields two main results. First, replacing the native IMF panel with a reduced linear representation does not 
affect all network constructions in the same way (Table  11). HVG edge counts retain their order of magnitude, with a modest shift in 
the mean; HVG clustering rises and tightens, and the native ranking by IMF index cannot be read on 𝑍𝑗 ; reduced-coordinate NVGs 
never reach the edge counts of the slowest native IMFs; and recurrence graphs remain highly fragmented, with more components 
after FastICA under the original rule, while recurrence edge counts do not separate the representations.

Second, the three mappings are not interchangeable. Applied to the same coordinates, HVG produces sparse and connected 
graphs with comparatively homogeneous descriptors; NVG produces denser graphs with high local clustering; and the recurrence 
construction produces fragmented networks whose topology is conditional on phase-space reconstruction and threshold calibration. 
The inferred network structure must therefore be interpreted jointly with both the representation supplied to the mapping and the 
encoding rule used to construct the graph.

5. Discussion and conclusions

5.1. Representation dependence of the inferred topology

The central question of this study is whether the topology inferred from a multiscale time series can be interpreted independently 
of the representation and network construction from which it is obtained. The decomposition benchmark supports the selection of 
an operational multiscale representation, but the main comparison concerns the networks constructed from the native oscillatory 
modes and from their reduced FastICA representation. The results show that representation and encoding choices contribute jointly 
to the observed graph structure. Consequently, the resulting topology should not be treated as an intrinsic property of the original 
financial series alone.

FastICA replaces the native IMF panel with a reduced linear representation containing four or five coordinates per asset. Because 
𝑘 < 𝑝, this operation combines linear recombination with dimensionality reduction and cannot be interpreted as a lossless change 
of coordinates. Mean reconstruction 𝑅2 ranges from 0.62 to 0.74, confirming that part of the native panel is discarded. These 
reconstruction values, however, do not predict how the network descriptors will change.

The network audit shows that the effect of compression depends on the encoding rule. After reduction, HVG edge counts and 
degrees remain close to the native oscillatory values, and every reduced-coordinate HVG is connected. There is nevertheless a small 
rise in mean |𝐸| on the reduced panel (native-minus-reduced difference −221.9; the confidence interval excludes zero; Table  11). 
This statement concerns averages rather than node-for-node graph identity, and it does not claim that the two samples are equal.

NVG edge counts react much more strongly to the same change of representation. The slowest native IMFs can produce NVGs 
with close to 106 edges; the FastICA coordinates do not. Native channels sit 0.706 decades above the reduced ones in log10 |𝐸| (95% 
CI [0.476, 0.946], 𝑑 = 1.158). Dense low-frequency NVGs are consistent with the established line-of-sight geometry of natural visibility 
(Section 2.1); the empirical finding is the removal of that extreme tail after scale recombination and truncation. NVG depends on 
the shape of the series in the time–amplitude plane, so mixing scales inside one coordinate is sufficient to change the graph.
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Recurrence graphs behave differently again. With the per-channel calibration, native and reduced series both split into hundreds 
or more than a thousand components. The FastICA side has the larger mean component count (Table  11). Delay, embedding 
dimension, and radius are fitted separately on each channel, and the realized recurrence rate is approximately 0.3%. A fixed RR 
of 5% reduces that splitting on all five assets, native and FastICA; Theiler windows 𝑊 = 𝑚𝜏 restore components on slower modes 
(Table  12). Recurrence topology is therefore protocol-dependent rather than an intrinsic property of the modes or of FastICA alone.

Taken together, these findings show that representation reduction does not act uniformly across graph constructions. An HVG 
descriptor that barely moves can still change substantially under NVG or recurrence. Whether a representation is ‘‘preserved’’ 
depends on which encoder and which statistic are examined. Preservation must therefore be assessed with respect to a specified 
encoder and descriptor rather than inferred from reconstruction accuracy alone.

5.2. Complementarity of the network encodings

The three mappings provide structurally different descriptions of the same channels. Horizontal visibility produces sparse, 
connected graphs with mean degree close to four and comparatively homogeneous clustering. Natural visibility produces denser 
graphs with higher local clustering and greater sensitivity to low-frequency waveform geometry. Recurrence networks encode phase-
space proximity under the adopted embedding and threshold calibration, but are highly fragmented and do not support global path 
summaries.

A further distinction appears in horizontal-visibility clustering. Across the 41 native oscillatory IMFs, mean HVG clustering 
decreases with extraction order (Spearman 𝜌 = −0.97, 95% bootstrap CI [−0.98,−0.95]), from approximately 0.66 on the fastest 
modes to approximately 0.33 on the slowest, with panel mean 0.520. After FastICA, asset-level means lie between 0.62 and 0.64 
and the channel mean is 0.628; the native-minus-reduced difference is −0.109 (𝑑 = −1.514, 𝑝 = 0.0001). Because FastICA coordinates 
are mixtures without a fast-to-slow ordering, the native scale gradient cannot be recovered from the 𝑍𝑗 index. This pattern is 
consistent with the native HVG descriptors retaining information associated with the characteristic scale of the encoded mode, 
whereas each reduced coordinate combines contributions from several native scales. It should not be interpreted as a universal 
one-to-one relationship between HVG clustering and physical frequency, because IMF ordering and the resulting descriptors are 
both signal- and decomposition-dependent.

The three encoders are therefore complementary rather than interchangeable. Agreement between them cannot be assumed, and 
disagreement does not necessarily indicate an error. Each construction emphasizes a different relation: ordinal visibility, geometric 
visibility, or reconstructed-state proximity. A substantive interpretation of a time-series network must identify which relation was 
encoded and which upstream representation supplied the channel.

5.3. Role of the operational decomposition

The synthetic benchmark does not identify a universally superior decomposition method. EMD, EEMD, CEEMDAN, and VMD 
exchange relative positions across close-frequency tones, chirps, intermittent bursts, noisy superpositions, and the multi-component 
stress signal. Replication of EEMD and CEEMDAN also shows that a single stochastic realization can provide an incomplete 
description of their behaviour.

Numerical closure is similarly non-discriminating on the empirical panel. CEEMDAN, EEMD, and VMD reconstruct the five series 
with NRMSE at or below 10−6, but allocate slow and oscillatory content differently. The roughness of the signed operational slow 
component differs by several orders of magnitude. Under the adopted method-specific calibration, CEEMDAN produces the lowest 
roughness for every asset and the most consistently monotone slow component across the panel. EEMD produces a much rougher 
remainder whose fraction of positive first differences remains close to one half, while VMD occupies an intermediate position.

These outcomes support CEEMDAN as the operational representation used in the network audit, but they do not establish intrinsic 
superiority. The synthetic benchmark characterizes method behaviour and checks the slow-component criterion on a known drift; the 
empirical panel determines the retained representation. The methods are calibrated through different search spaces and objectives, 
and classical EMD is not carried to the empirical comparison. The result is therefore a selection within the implemented experimental 
protocol, not a general ranking of adaptive decomposition algorithms.

5.4. Limitations

Remarking that some limitations bound the interpretation of the results.
First, FastICA is non-convex and component order and sign remain unidentified. The multi-seed experiment (seeds 42–61) and 

neighbouring ranks 𝑘 = 3, 4, 5, together with the full-rank control 𝑘 = 𝑝, establish that reconstruction 𝑅2 and numerical decorrelation 
are stable across initializations and that residual error at the operational 𝑘 < 𝑝 is due to truncation rather than to the invertible ICA 
recombination (Tables  4 and 5). The selected dimensionalities remain operational rather than uniquely identified optima. Graph 
inventories were not rebuilt for every seed, so seed-wise topological invariance is not claimed.

Second, formal channel-level contrasts between native and reduced descriptor distributions are now reported (Table  11), 
including Cohen’s 𝑑, bootstrap confidence intervals, and permutation 𝑝-values. Because several channels come from the same asset, 
these analyses provide operational support for the observed distributions rather than independent population trials or proof of 
generality beyond the panel. Nine computationally demanding native NVGs have unavailable clustering coefficients because these 
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calculations were omitted from the original graph inventory. These missing values are excluded from clustering summaries and 
contrasts and prevent a complete clustering comparison for the affected native graphs; they are never treated as zero.

Third, recurrence-network topology remains conditional on reconstruction and threshold choices. Mutual information and false 
nearest neighbours select 𝜏 and 𝑑, and the primary audit uses the local-distance radius with 𝑊 = 0. Fixed-rate (RR = 5%) and 
Theiler-window (𝑊 ∈ {0, 𝜏, 2𝜏, 5𝜏}) checks show that fragmentation is strongly protocol-dependent (Tables  12 and 13). Sensitivity 
to percentile, neighbourhood size, sampling seed, maximum lag, or alternative embedding rules beyond those checks is not claimed.

Fourth, the empirical panel still contains five instruments over one common sampling interval. The new analyses were performed 
on all five series, but the market universe has not been enlarged, and statistical representativeness across asset classes, frequencies, 
windows, or regimes is not claimed. The BDS results remain descriptive because the statistic is applied to residuals from AR(1) 
models fitted to non-stationary price levels. Rolling price-level dispersion and local-mean crossings remain operational descriptors 
rather than formal admissibility conditions for decomposition.

Fifth, the decomposition comparison uses method-specific calibration. The candidate spaces, objectives, and degree of asset-
specific tuning differ between CEEMDAN, EEMD, and VMD. This design is appropriate for selecting an operational representation 
but does not constitute a symmetric algorithmic benchmark. Classical EMD is evaluated only on the controlled signals. The 
synthetic benchmark characterizes method behaviour and checks the slow-component criterion on a known drift; the empirical 
panel determines the representation retained for the network audit.

Sixth, all networks are undirected and unweighted. Weighted visibility constructions could preserve amplitude information not 
represented in the current adjacency matrices [45], but they would introduce an additional design factor. Directed, multilayer, and 
temporal network constructions remain outside the present scope.

Finally, the aggregate edge-count ratio 𝑞𝐸 ≈ 0.07 is retained only as a descriptive inventory statistic. It is dominated by the 
dense NVGs of the lowest-frequency native modes and combines inventories with different numbers of graphs. No execution-time 
benchmark, memory analysis, or distributed implementation is reported.

5.5. Future work

The multi-seed reconstruction diagnostics and the 𝑘 = 𝑝 control now separate truncation from linear recombination at the 
signal level. The most immediate remaining extension is therefore graph-level multi-seed validation: rebuilding the full NVG, 
HVG, and recurrence inventories under alternative FastICA initializations to test whether the reported topological contrasts are 
seed-invariant. Comparing truncated ICA with PCA and related compressors, and complementing decorrelation diagnostics with 
higher-order dependence measures, would further clarify the compression stage without presuming statistical independence.

A second direction is broader external replication. Additional asset classes, sampling frequencies, and non-overlapping historical 
windows would permit a formal assessment of whether the observed representation effects persist across regimes. A rolling-
window design could determine whether descriptor stability changes during crises or transitions. Such an extension should retain 
chronological alignment while distinguishing within-asset representation effects from genuine cross-asset relations.

A third direction is further sensitivity analysis of network construction beyond the RR and Theiler checks already reported. This 
includes alternative distance norms, embedding rules, neighbourhood sizes, and percentile thresholds for recurrence networks, and 
weighted or directed visibility variants for amplitude and temporal-asymmetry information.

The resulting graph inventories could subsequently be supplied to classification, regime-detection, or forecasting models. Such 
downstream experiments would address a question not tested in the present study: whether differences in graph structure translate 
into differences in predictive or discriminative information. No such benefit is assumed from the current topological results alone.

5.6. Concluding remarks

This study shows that the topology inferred from a multiscale financial time series depends jointly on representation, encoder, 
and calibration, with the magnitude and direction of that dependence quantified where the data permit. Replacing native 
CEEMDAN modes with a reduced FastICA representation preserves the order of magnitude of HVG edge counts while raising 
mean HVG clustering and destroying the native scale-ordered clustering gradient; it removes the extreme natural-visibility edge 
growth associated with the lowest-frequency native modes, an effect expected from NVG geometry; and, under the local-distance 
recurrence rule, it increases connected-component counts, although that fragmentation is strongly conditional on recurrence rate 
and Theiler-window choices.

The contribution is not a new decomposition method, dimensionality-reduction algorithm, or network encoder. It is a controlled 
audit of how established operations interact. The results indicate that decomposition, compression, and network construction 
cannot be interpreted as independent preprocessing choices. Graph descriptors should therefore be reported together with the scale 
representation, coordinate system, and encoding parameters from which they were obtained.

Financial series provide the empirical test bed, but the methodological implication is broader. From a statistical-physics 
perspective, network observables derived from non-stationary signals are properties of the complete representation pipeline rather 
than of the observed trajectory alone. Accordingly, their interpretation requires explicit consideration of the scale decomposition, 
coordinate representation, and network mapping through which they were constructed.
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