Cifra. Biomedical Sciences * Ne 2 (9) = June © Authors of the article / Authors of the article

MEJUIIMHCKASA NTH®OPMATUKA/MEDICAL INFORMATICS

DOI: https://dei.org/10.60797/BMED.2026.9.7 EDN: EYCODA
A COVID-19 EPIDEMIOLOGICAL DATA STYDY USING WAVELET ANALYSIS
Research article

Elistratov S.A."*
'ORCID : 0000-0002-7006-6879;
! TIvannikov Institute for System Programming of RAS, Moscow, Russian Federation
! Shirshov Institute of Oceanology of Russian Academy of Sciences, Moscow, Russian Federation
! Sirius University of Science and Technology, Sochi, Russian Federation

* Corresponding author (sa.elist-ratov[at]yandex.ru)

Suggested: 15.04.2026; Accepted: 03.06.2026; Published: 26.06.2026

Abstract

This work presents a comprehensive investigation into the application of wavelet analysis to real-world pandemic data,
specifically focusing on the daily new cases of COVID-19 in Russia. The inherent complexity and multi-scale nature of
infectious disease dynamics, exacerbated by factors such as viral evolution and population responses, often challenge the
efficacy of traditional epidemiological approaches. Wavelet analysis, with its unique ability to decompose signals into
constituent frequencies localized in time, offers a powerful alternative for uncovering hidden patterns and understanding
phenomena occurring across diverse temporal scales.

Our analysis delves into the dynamic behavior of COVID-19 incidence across different Russian regions. By comparing
these regional dynamics at various time scales, we aim to identify periods where the behavior is consistently similar, thus
revealing underlying common drivers or responses. This comparative analysis leads to a crucial conclusion regarding the
specific time scales on which these similar behaviors manifest, and anomaly visualization.

The findings derived from this wavelet analysis are directly applicable to the development, generalization, and scaling of
data-driven prognostic models. By understanding the time scales that exhibit robust, cross-regional similarities, we can
construct more effective and adaptable predictive models. Models informed by these scale-specific insights are better
positioned for broader application, reducing the need for extensive refitting across diverse geographical areas and ultimately
enhancing our capacity for epidemic forecasting and management.
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AHHOTaNMsA
B fganHOl paboTe mMpe[CTaBlieHO BCECTOPOHHEe WCC/e/OBaHWe TPUMEHEeHUsi BelB/eT-aHaliu3a K peajibHbIM
MaHJeMUYeCKMM [laHHBIM — eXeJHeBHbIM HOBbIM ciaydasM COVID-19 B Poccuu. Heorbemsemass CI0KHOCTb U

MHoOromaciitabHasi TIpypofia AMHAMUKK WH(EKMOHHBIX 3abosieBaHMid, ycyryOnsemast TaKuMy (DaKTopamu, Kak 3SBOJTIOLIHS
BUpYCa M peakLysl HaceeH!sl, 4acTo MPe/ICTaB/SIOT COO0 BbI30B /7151 3 (HEeKTUBHOCTU TPAAWLIMOHHBIX 3TH/IeMHAOIOTHYe CKUX
nozxosioB. BeiiBner-aHanus, Gmarozapsi cBoeil yHMKa/nbHOM CIIOCOOHOCTH pas/araTh CUIHalbl Ha COCTAB/SIOIIME YacTOThI,
JIOKa/IM30BaHHbIe BO BpeMeHH, Tpe/jjlaraeT MOLIHYIO aJbTepHaTUBY [JIs1 BbISIB/IEHNS] CKPBIThIX 3aKOHOMepPHOCTell ¥ TOHUMaHUs
SIBJIEHWH, TIPOMCXO/SLIMX Ha pPa3/IMuHbIX BpeMeHHBIX MacIuTabax.

Harmre vicciienoBanve yrnyomsieTcsi B U3ydeHue JUHaAMUKH 3aboneBaeMoctt COVID-19 B pa3nmuHbIX perdoHax Poccum.
CpaBHHBasi PeTHOHA/IbHYIO AWHAMUKY Ha Da3/MUHbIX BPEMEHHBIX MaciuTabax, Mbl CTPEMHUMCS BBISBUTH TIepUOABI, KOTja
TIOBeJIeHVe SIBJISIETCSl YCTOHUMBO CXOXKKM, TeM CaMbIM OOHakasl JIeXKalljie B OCHOBe OOI¥e JBIKYILUe CUTbI WM OTBETHBIE
peakL[H. ITOT CPaBHUTEILHBIN aHa/IN3 TIPUBOJUT K KJIFOUEBOMY BBIBOJ[Y OTHOCHTEIbHO KOHKDETHBIX BpeMeHHBIX MacIiTabos,
Ha KOTOPBIX MPOSIB/ISIIOTCS 3T CXO/JHbIe TIaTTePHBI TIOBEJeHHs], U BU3yan3alii aHOMaJT|i.

PesysbTaThl, IMOMy4yeHHble C IIOMOIbIO BelB/eT-aHaAM3a, HaNpsIMyl0 IIPUMEHMMBbI K pa3paboTke, 0000IjeHHI0 U
MacIuTabUpoBaHHI0 TIPOTHOCTHUECKUX MOZesiel, OCHOBaHHBIX Ha [aHHbIX. [IoHMMass BpeMeHHble MacLITa0Bl,
JIleMOHCTPHUPYIOIL[Fe HaJ|e)KHOe, MeXXKperoHa/IbHOe CXOZCTBO, MBI MOXKeM co37iaBaTb 6osiee 3¢ deKTUBHbIe U afianTHpyeMble
NpeVKTHBHBIE Mozend. Mogend, OCHOBaHHbIE Ha 3THX MAaCIUTaOHO-CrielMpUUecKNX HHCAWTaX, JIydlle TOAXOAAT A
IIMPOKOTO TIPUMEHEeHHs], YMeHbIlasi HeoOX0MMOCTb B OOLIMPHOM I0HACTPOMKe /IS pa3/IMUHBIX reorpaduueckrux obsacTei u,
B KOHEYHOM UTOTe, MOBBIIIAs HAllly CTIOCOOHOCTB K MPOrHO3UPOBAHHUIO U YIIPABIEHUIO STTHAEMUSIMH.
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Introduction

The COVID-19 pandemic has presented an unprecedented global challenge, characterized by a continuous surge of new
infections and the emergence of distinct viral variants. The sheer volume and granularity of data collected during this period —
encompassing daily case counts, geographical spread, demographic impact, and mortality rates — provide a rich resource for
understanding the intricate dynamics of infectious disease transmission [1]. However, the complexity inherent in these datasets,
further amplified by the evolution of SARS-CoV-2 into various strains (including Alpha, Delta, Omicron ones), demands
analytical tools capable of dissecting processes occurring across multiple temporal scales [2].

Different viral strains exhibit varied transmissibility, virulence, and immune evasion properties, leading to the
manifestation of epidemic processes at diverse scales. Short-term fluctuations might reflect localized outbreaks driven by a
highly transmissible variant, while longer-term trends could be influenced by the introduction of new variants, the impact of
public health interventions, or seasonal patterns [1], [2]. Traditional statistical methods, while valuable, often struggle to
adequately capture these multi-scale dynamics, making it challenging to disentangle the contributions of various factors and
identify critical turning points in the epidemic trajectory.

This is where wavelet analysis [3] emerges as a particularly powerful and advantageous tool. Wavelet transforms offer a
unique ability to decompose time-series data into its constituent frequencies while simultaneously preserving temporal
localization. This allows for the identification of patterns and anomalies that may be masked by conventional approaches [5].
For the analysis of COVID-19 dynamics, wavelet analysis provides a means to multi-scale resolution, capable to distinguish
between short-term fluctuations associated with specific outbreaks and slower, persistent trends indicative of broader
epidemiological shifts, as well as identification and visualization of the abrupt changes and anomalies detectable due to the
sensitivity of wavelet analysis to localized features in the data [4].

This paper explores the application of wavelet analysis to detailed COVID-19 epidemiological data, demonstrating its
efficiency in uncovering intricate patterns and providing a deeper understanding of the multi-scale nature of the pandemic,
particularly as influenced by the evolution of its constituent viral strains.

Research methods and principles

The wavelet transform [6] is a mathematical tool that allows for the analysis of a signal in both the time and frequency
domains simultaneously. Unlike the traditional Fourier analysis, which represents a signal as a sum of sinusoids of infinite
duration, the wavelet transform uses short, wave-like functions called wavelets. These wavelets are localized in both time and
frequency, meaning they have a finite duration and a limited frequency band.

The core idea behind the wavelet transform is to decompose a signal into a set of basis functions (wavelets) that are
translated and scaled versions of a single “mother wavelet.” The output of the wavelet transform is a set of wavelet
coefficients, or a field of continuous wavelet transform field. These coefficients represent the degree of similarity between the
signal and the chosen wavelet at a particular scale (inversed frequency) and time location. A large coefficient indicates that the
wavelet at that specific scale and time is a good representation of the signal at that point.

Continuous wavelet transform for a given signal x(#) is defined by a formula:
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Here V¥ is a mother wavelet which is required to be a continuous finite function with a finite spectrum, zero mean and
finite .2 -norm. In the form given the wavelet transform represents the signal's localized temporal behaviour, where
denotes global time and 7 is time scale of the local process.

The key advantages of wavelet transform are time-frequency localization, multi-resolution analysis, adaptability for
different signal types and successful detection of transient features even for purely-resolved digital sampling.

The wavelet transform is connected with a spectrogram [7] done with the windowed Fourier transform, a Fourier transform
extension developed to analyze how the frequency content of a signal changes over time. It addresses a principle limitation of
the standard Fourier transform, which provides frequency information for the entire signal duration but loses all temporal
information. The method works by dividing the continuous signal into many small, overlapping segments A windowing
function (e.g., Hanning, Hamming) is applied to each segment to smoothly taper its edges and reduce spectral leakage. Then, a
standard Fourier transform is performed on each of these windowed segments.

TFD[x|(f,1) = x(el2 /! (' — r)dr!
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where w is a window function.

Based on the wavelet transform, wavelet scattering transform (WST) [8] represents a sophisticated evolution of wavelet
analysis, designed to extract robust, invariant, and hierarchical features from complex signals. It addresses limitations of
traditional methods by systematically decomposing a signal across multiple scales and translations, while simultaneously
ensuring invariance to deformations and translations, which are common in real-world data.

The WST operates through a series of cascaded layers, each employing a wavelet transform followed by a non-linear
operation. This layered structure allows for the progressive capture of increasingly complex signal properties.

At the foundation of the WST lies the zero-order scattering coefficient Sy . This is essentially a low-pass filtered version
of the input signal. It is obtained by applying a smoothing filter (preliminary a Gaussian filter) or by averaging the wavelet
coefficients over all scales and translations from the first wavelet transform represents the coarse, low-frequency component of
the signal, essentially capturing its overall structure without fine details.
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The first layer of the WST generates the first-order scattering coefficients ( S} ). For each scale and translation of the
initial wavelet transform, a set of coefficients is produced. These coefficients, which represent localized spectral information,
are then subjected to a non-linear function (typically a logarithm or a similar compression) and then low-pass filtered. This
process effectively captures information about the signal’s spectral content at various scales and orientations, but with a degree
of translation invariance built in. coefficients thus represent features that describe the presence and intensity of specific
frequency components at different locations, robust to minor shifts.

A key principle underpinning the WST’s ability to capture multi-scale information is the exponential expansion of scales.
The wavelet filters are applied at scales that increase exponentially (or according to a geometric progression). This ensures that
the decomposition covers a wide range of temporal or spatial resolutions, from very fine details to very coarse structures. This
exponential expansion is crucial for capturing the full spectrum of underlying phenomena, from rapid fluctuations to long-term
trends, which is particularly relevant when analyzing signals with diverse temporal characteristics, such as epidemiological
data influenced by different viral strains operating at different timescales.

Subsequent layers of the WST build upon the information captured in the previous layers. For instance, the second-order
scattering coefficients ( S, ) are derived by applying a wavelet transform to the coefficients. This allows the WST to capture
relationships and interactions between features detected in the first layer, providing information about the co-occurrence and
combined patterns of spectral components. This hierarchical composition continues, creating a rich feature representation that
effectively summarizes the signal’s structure across multiple levels of complexity and scales.

Main results
As a data, the new cases distributed by the regions of Russia will be used. An example is represented on Figure 1. The data
has typical oscillations with a sharp peak in the beginning of 2022 corresponding the Omicron strain appearance.
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Figure 1 - Overall behaviour of new cases in Moscow
DOI: https://doi.org/10.60797/BMED.2026.9.7.1

Note: example region

The data considered contains about 1200 counts. Despite the frequent records respectively other epidemiological data, they
are not enough for the spectrogram of a good quality (Figure 2). The point is that the spectrogram is represened in "time-
frequency" axis; the typical frequencies are respectively low, and the existing amount of data does not allow to resolve the
spectrogram efficiently both in frequential and temporal localization. As a result, the spectral lines are heavily enwiden.
Spectrogram are proper for more data (which is rare in epidemiology) or in orher fields of science (e.g. physics [9]).
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Figure 2 - Spectrogram for Moscow data
DOI: https://doi.org/10.60797/BMED.2026.9.7.2

Wavelet scalogram is capable to solve this problem. Despite the maintaining the principle limitation that the diagram
cannot be resolved in the both axes, it turns out to be more representative, partially because it is noted in time scales instead of
frequencies, partially because the wavelet transform is more robust for abrupt spectral component appearance. On Figure 3,
one can see the typical time scales of ~200 days, with the appearance of smaller scales indicating faster processes in the
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vicinity of Jan 2022 which is connected with Omicron strain. As it can be note, time scales on the wavelet scalogram are more
comprehensible than in the spectrogram and visualizes anomalies.

Time scales, days
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Figure 3 - Wavelet scalogram for Moscow
DOI: https://doi.org/10.60797/BMED.2026.9.7.3

To compare the difference in the behaviour in different regions, the wavelet-coherence [10] was computed. As a measure
of the closeness of the wavelets, corresponding the average closeness of the behaviours on the corresponding time scale,
Pearson correlation coeffecient was used. The result of the comparison every region with the Moscow data as a reference is
represented on Figure 4. It is seen that the main correspondence beween the regions behaviour is localized at the time scales of
110-210 days. The deep burgundy-colored line is the Moscow itself with the correlation 1 for all the scales, leaved on the
diagram as a reference.
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Figure 4 - Wavelet-coherence for Moscow as refercnce region
DOI: https://doi.org/10.60797/BMED.2026.9.7.4

As a deeper look, let us consider wavelet scattering transform (WST) made applied to our data. It is a powerful feature
extraction technique that generates a hierarchical and invariant representation of signals. Its effectiveness hinges on a set of
defining parameters and the specific nature of the coefficients Sy and S it produces. WST is governed by parameters
such as J representing the total number of scales (or decomposition levels) to be analyzed, and @ which dictates the
number of wavelets used to cover each frequency octave. A larger J allows for the examination of features across a broader
spectrum of resolutions, from fine to coarse, while a higher O provides finer discrimination within each frequency band.
Together, these parameters define the grid of wavelet filters used, tailoring the analysis to the signal’s expected characteristics
and the desired level of feature detail. It should be noted that scales investigated has an exponential expansion.

At the foundation of the WST lies the zero-order scattering coefficient S which essentially captures the signal’s overall,
low-frequency component, acting as a smooth, low-pass filtered version of the input. It represents the global, slow-varying
aspects of the signal and is highly invariant to minor translations and deformations because it averages out localized variations.
Figure 5 represents the action of S in comparison with the other smoothing methods, including window smoothing (SMA)
with 14-days Hanning window and EMD-based smoothing [11]. WST's S turns out to be the heaviest filter, partially losing
the information on the sharp-processes intervals.
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Figure 5 - Illustration of S, work and different smoothings for Moscow data
DOI: https://doi.org/10.60797/BMED.2026.9.7.5

However, building upon ) , the first-order scattering coefficients 7 can be useful for the data's behaviour analysis
on the different scales are derived from the initial layer of the WST. For each scale and translation of the wavelet transform
applied to the input signal, a set of coefficients is generated. These localized spectral features are then processed through a non-
linear function followed by a low-pass filter with a window characteristic for a current scale, a process repeated for all
specified scales J . This cascading approach ensures that the resulting coefficients are largely invariant to translations of the
original signal. Each coefficient quantifies the presence and magnitude of a particular spectral characteristic (defined by its
scale and translation) across different signal locations, with minimal sensitivity to their exact position. The ensemble of
coefficients thus provides a translation-invariant description of the signal’s spectral landscape across various resolutions.

The idea of the application is the following: to compare the local behaviour on the different time scales using S}
coefficients for different regions. As the wavelet scattering is translationary-invariant, it is expected to be more representative
than the wavelet coherence. We continue to use Pearson correlation as a measure between the current region's data and the
reference one, but compute a set of coherence diagram for different reference region, after which the data is averages over the
reference region to avoid the artifacts. The result is shown on Figure 6. It is seen that the low scales do not correlate at all; the
maximum correlation is observed on the scales of 110-210 days (as it was seen on the wavelet-coherence diagram, Figure 4).
The large-scale processes with high correlation are too global may be non-representative in the scales of our problem.
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Figure 6 - S1-coherence averaged by reference regions
DOI: https://doi.org/10.60797/BMED.2026.9.7.6

For the enhanced interpretability, we also averaged the S;-correlation across all analyzed regions. This process generates a
consolidated function that illustrates the overall correlation strength across different time scales (Figure 7). The scales
corresponding to the maximum value of this function represent those at which the collective behavior of the regional data is
most congruent. This finding has significant implications for prognostic modeling. Specifically, models developed to capture
dynamics at these scales of peak correlation are more likely to be generalizable across various geographical areas. In contrast,
models focused on shorter time scales, which may capture more localized or transient phenomena, would typically necessitate
refitting for each distinct region.
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Figure 7 - S1-coherence averaged by reference and target regios
DOI: https://doi.org/10.60797/BMED.2026.9.7.7

Having previously discussed anomaly detection in the context of wavelet scalograms, it is appropriate to introduce an
additional visualization tool for identifying non-regular behavior. Epidemiological data, when viewed as a complex dynamical
system, evolve in a high-dimensional phase space that is inherently difficult to visualize. However, as demonstrated in the
preceding analysis, different regions often exhibit similar long-term dynamics, suggesting that the evolution curves of these
systems possess identifiable patterns.

To reconstruct the behavior of this multi-component system, we employ Principal Component Analysis (PCA) [11]
combined with dimension reduction based on Takens’ embedding theorem [12]. By projecting the system’s trajectory onto the
plane of the two primary principal components, we can represent the global dynamics compactly and identify deviations from
typical patterns.

Figure 8 illustrates the evolution of new case data for Moscow, with the trajectory colored by time. The Omicron outbreak
is clearly visible as a distinct deviation from the primary trajectory (indicated in light green, corresponding to January 2022).
Outside of this period, the system exhibits quasi-cyclic behavior, highlighting the stability of the long-term epidemic trends.
Note that axes PC; and PC,do not have the direct sense because they are the main directions of the PCA which the phase space
is projected on. However, it does not interfere the visualisation.
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Figure 8 - System behaviour dynamic in Moscow visualization with PCA
DOI: https://doi.org/10.60797/BMED.2026.9.7.8

Figure 9 illustrates the overall evolution of the system. The first significant anomaly is observed during the first half of
2021, which coincides with the emergence of the Delta variant. Additionally, the Omicron outbreak is clearly identifiable as a
distinct light-green loop in the phase space.
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Figure 9 - Overall behaviour dynamic visualization with PCA
DOI: https://doi.org/10.60797/BMED.2026.9.7.9

Conclusion

This study successfully leveraged the power of wavelet analysis to unravel the complex, multi-scale dynamics of COVID-
19 epidemiological data. By applying wavelet transforms, we were able to decompose the temporal series of infection rates and
other relevant metrics into their constituent frequency components, revealing patterns that operate across distinct temporal
scales.

A key contribution of this research lies in the application of wavelet coherence analysis. This powerful technique allowed
us to not only identify the presence of correlations between different epidemiological signals (e.g., case counts across regions,
or case counts and intervention timelines) but also to pinpoint the specific ranges of temporal scales where these correlations
are maximized. This finding is crucial, as it suggests that epidemiological processes, driven by factors such as the emergence
and spread of specific viral strains, tend to manifest with similar characteristics at certain scales.

The identification of these “privileged” scales of correlation has significant implications for epidemiological modeling and
intervention strategies. It suggests that models developed for understanding disease dynamics in one region may indeed be
generalizable and transferable to other regions, provided they are applied at these identified scales. This is because the
underlying drivers of epidemic spread that are most strongly correlated across different locations appear to operate within these
specific frequency bands. Consequently, understanding the dynamics at these particular scales can offer a more robust
foundation for predictive modeling and the development of effective public health responses that are less geographically
constrained.

Additionally, the PCA projection of the dynamic system is applied and used for the visualization of the system's behaviour.
It is shown that it can be successfully used for detection of the anomal behaviour in the data alongside the wavelet transform.
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