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Physiological networks : the inter-node dynamics complexity is the issue

Scaling behavior of heartbeat intervals
Ivanov et al. Nature 1996
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Disentagling respiratory, cardiogenic and vasomotor rhythms from dynamic infrared thermogram signals

Infrared camera IR thermography to assist cancer diagnosis

1 Breast thermogram Temperature time series
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PLAN OF THE PRESENTATION

e Characterization of the physiological noise of thermogram signals

* singularity spectra computation based on the wavelet modulus maxima method in both
healthy and cancer cases (local temperature averaged on 8x8 pixel squares)

* Disentangling respiratory, cardiogenic rhythms from thermogram signals
e Respiratory and cardiogenic functions impact on both the spatial position and temperature

* Time-frequency analysis based on temporal temperature signals averaged over the whole
breast

* Translation and Affine algorithm to extract these displacements
* Comparing the time-frequency analysis before and after the correction
* Disentangling respiratory from cardiogenic rhythms



Multifractal spectra of cumulative IR temperature time series

Average over 8x8 pixel?
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Respiratory and cardiogenic functions impact both the spatial tissue position and skin temperature
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Wavelet transform for time-frequency analysis of rhythmic signals
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Wavelet transform for time-frequency analysis of rhythmic signals

Log-normal Morse wavelet:y=0,ny=1

do(f'/f) = e 2@al I

This wavelet is symmetric in frequency space
It is parametrized by the quality factor Q




Wavelet transform for time-frequency analysis of rhythmic signals
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Wavelet transform analysis of model signals

PERIODIC SIGNAL (pure sinus)
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Wavelet transform analysis of model signals

RANDOM SIGNAL (no rhythms)

W] e Gaussian
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Wavelet transform analysis of model signals

S e wave + white G ssian noise with same amplitude
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Wavelet transform analysis of model signals
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Wavelet transform analysis of model signals: frequency duets

S(t) = sin(ft) + sin((f+6f)t)

Frequency duet: ratio=1.2, Q=5
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amplitude

Wavelet transform analysis of model signals: frequency duets

S(t) = sin(ft) + sin((f+6f)t)

Frequency duet: ratio=1.2, Q=10
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Wavelet transform analysis of model signals: frequency duets

S(t) = sin(ft) + sin((f+6f)t)

Frequency duet: ratio=1.2, Q=20

amplitude

I I [ |
A _
iy 4 .//\"'. .“p VN \ ‘/’\\ /‘/\‘w\ N \ ‘,/\‘ [ \\ N N /\ /\\ / \._\
'\. ’\ / \ ‘;' '.l f' ‘.‘ [\ /\\/\ \ ‘/ \ | \ / \ / n“y "‘v 5‘ / - \ / Iy P
\ \/ N\ \,\ [\ ] / \\ '] \/ \\ [ \ \ e W Fhd \ //\/\ J \\ /; / '/ \ 7
\ / "v |‘/ \ ““ / /‘ \ / {‘v l‘, \/ \ / : l\ ‘}‘ \l}‘ }} \/ \ / { \ \/
VoV \J \/ V \ \/ \/ \ \ \/ |
| | | |

5

Modulus of the CWT
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Global selection of the two breasts (R — L) with ellipse-like shapes




Influence of the quality factor Q on the detection of the rhythms
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Playing on the wavelet function parameters to reveal both respiratory and cardiac rhythms
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Playing on the wavelet function parameters to reveal both respiratory and cardiac rhythms

Mean of the temperature spatial distribution (p20 left): Q = 8, p = 2
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Playing on the wavelet function parameters to reveal both respiratory and cardiac rhythms

Mean of the temperature spatial distribution (p20 left): Q = 32, p = 2
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Playing on the wavelet function parameters to reveal both respiratory and cardiac rhythms

Mean of the temperature spatial distribution (p20 left): Q = 32, p =1

log, f (log,Hz)




Playing on the wavelet function parameters to reveal both respiratory and cardiac rhythms
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Comparison of right (cancerous) and left (healthy) breast global temperature signals

Standard deviation of the temperature spatial distribution (p20): ny =512:p =2
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Comparison of right (cancerous) and left (healthy) breast global temperature signals

Focusing on the respiratory rhythm fundamental on the same patient (red: cancer breast, blue healthy)
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PLAN OF THE PRESENTATION

* Characterization of the physiological noise of thermogram signals

* singularity spectra computation based on the wavelet modulus maxima method in both
healthy and cancer cases (local temperature averaged on 8x8 pixel squares)

* Disentangling respiratory, cardiogenic rhythms from thermogram signals
e Respiratory and cardiogenic functions impact both the spatial position and temperature

* Time-frequency analysis based on temporal temperature signals averaged over the whole
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* Translation and Affine algorithm to extract these displacements
* Comparing the time-frequency analysis before and after the correction
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Translation and Affine algorithm to extract these displacements
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Uncorrected signals
N=256
p=1

Comparison of time-frequency decomposition of uncorrected and corrected signals
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Comparison of time-frequency decomposition of uncorrected and corrected signals
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Comparison of time-frequency decomposition of uncorrected and corrected signals
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Detection of the ridges of the CWT (from the magnitude or modulus of the CWT)

Magnitude of the CWT
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Detection of the ridges of the CWT (comparing modulus and phase difference methods)

Frequency, log,(f)
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Detection of the ridges of the CWT (comparing modulus and phase difference methods)

Frequency, log,(f)
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Disentangling respiratory from cardiogenic rhythms

Recognition of the presence of two (or more rhythms) inside the signal: multiplicative cross-correlation
of the modulus of the CWT in the frequency variable f (the integral is performed in log(f) scales)

Here we take s, = s, , the log-frequency variable for s, is shifted by log(q)

Ry[s1,80)(q,t) = Cyy, /OOO Wy ls1)(f, O)Wylse](af, A/ f

where Cy,p = [¢° [Y(f)Pdf/f.
E(qg,t) =Ry|s1.52](q,t) is the spectrum of relations of the two signals s, and s,

Identification of irreducible fractions of the frequency ratios occuring in the spectrum
of relations of the signal with itself -> « consonance of the rhythms »



Rhythm ratios
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CWT analysis of photoplethysmogram signals

Lamp Camcorder
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Wavelet based computation of consonance of photoplethysmogram signals
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CWT analysis of photoplethysmogram signals

CWT-based PSD Time averaged spectrum of relations
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Wavelet based computation of the consonance of a thermogram signal
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CONCLUSIONS

Time-frequency decomposition allows a complete characterization of the intertwining of rhythms in physiology

The introduction of consonance (or disonance) of rhythm ratios and its temporal change (or variability)
as a marker of the dynamical adjustement of the body

Can this quantity be used as a ‘dynamical’ hint for assisting clinician diagnosis?
Statistical tests on large data sets need to be performed

A statistical physics formalism accounting for the spectrum of rhythm ratios is currently under progress
(in the same line as the singularity spectrum has be elaborated for fractal signals)



