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Abstract: The quantitative assessment of cardiovascular functions is particularly complicated,
especially during any physiological challenge (e.g., exercise), with physiological signals showing
intricate oscillatory properties. Signal complexity is one of such properties, and reflects the adaptability
of the physiological systems that generated them. However, it is still underexplored in vascular
physiology. In the present study, we calculate the complexity of photoplethysmography (PPG) signals
and their frequency components obtained with the wavelet transform (WT), with two analytical
tools—(i) texture analysis (TA) of WT scalograms, and (ii) multiscale entropy (MSE) analysis. PPG
signals were collected from twelve healthy young subjects (26.0 + 5.0 y.0.) during a unilateral leg
lowering maneuver to evoke the venoarteriolar reflex (VAR) while lying supine, with the contralateral
leg remaining stationary. Results showed that TA was able to detect a decrease in complexity, viewed
as an increase in texture entropy (TE), of the PPG scalograms during VAR, similarly to MSE, suggesting
that a decrease in the competence of vascular regulation mechanisms might be present during VAR.
Nonetheless, TA showed lower sensitivity than MSE for low frequency spectral regions. TA seems
to be a promising and straightforward analytical tool for the assessment of the complexity of PPG
perfusion signals.

Keywords: signal complexity; texture analysis; multiscale entropy analysis; wavelet transform;
photoplethysmography

1. Introduction

The regulation of the cardiovascular system results from the adjustment of several biophysical
phenomena, both electrical and mechanical. Their coordination is highly complex, depending on the
continuous feedback and cross-talk between effector organs and controlling systems [1]. The heart
pump and respiration are the most notorious “central” processes governing the performance of the
cardiovascular system, while on a more “peripheral” level, the phenomena that control vascular tone,
such as the myogenic activity of the vessel wall, the sympathetic activity and the endothelial release of
vasoactive substances, play crucial roles [2—4]. Microcirculation signals are composed of both these
central and peripheral components and therefore provide an “integrated” view of cardiovascular
function [4,5]. The contributions from these multiple regulation systems and their intricate interplay
explain the oscillatory properties of microcirculation signals. From an analytical standpoint, these
oscillatory properties are increasingly considered as a means to extract more sensible information
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not apparent from the general analysis of the raw signals, in particular their spectral origin and the
significance of their fractal and chaotic profiles [5-7]. In recent years, much attention has been given to
the study of the complexity of physiological signals, a property that reflects the adaptability of the
systems that generated them. Intuitively, the term complexity is often associated with “structural
richness” [8], which can be applied to the study of biological signals and images. Complexity is
typically assessed as “entropy,” a general measure of “disorganization” in physical, chemical and
biological phenomena [9]. In biomedical research, entropy is used as a quantitative parameter, and
is typically assessed in continuous, but temporally unpredictable, physiological signals, such as
electrocardiography [10], electroencephalography [11], blood pressure [12], laser Doppler flowmetry
(LDF) [13], and photoplethysmography (PPG) [14]. Physiological signals may be regular (e.g., more
periodic) or irregular. The higher entropy measured in irregular signals reflects the adaptation capability
to changing internal and external conditions of the biological system that generated them [15]. Overall,
the entropy of physiological signals tends to decrease whenever the systems that generated them lose
adaptability, which can result in a compromise of their function or even in disease. Therefore, a suitable
metric of complexity should assign higher values to the output signal of a “healthier” system with a
rich and meaningful structure and lower values to either random dynamics or predictable systems,
which are often associated with disease [8,16,17]. This has been observed in the aging process [18,19]
and in cardiovascular, metabolic and neurological diseases [18], among several others. In addition
to pathological states, some experimental procedures are sufficiently “challenging” to temporarily
provoke tissue dysfunction, especially those that reduce perfusion [6]. For continuous signals, the
multiscale entropy analysis (MSE) is considered a robust analytical tool, having shown superiority
over other measures for its ability to assess entropy over different time scales [19]. Entropy can also
be assessed in texturally rich biological images, reflecting their textural “disorganization.” Texturally
rich images can be assessed with texture analysis (TA), an analytical tool allowing the detection of
various features on a gray-level image to discriminate textural differences, such as texture entropy
(TE), contrast, correlation, homogeneity, and energy. Entropy calculated from TA of images may reflect
different information than that conveyed by the entropy assessment of continuous numerical series.
When applied to a grayscale image, high entropy means that the pixels can adopt a high number
of gray levels, expressing richer information [20]. TA has been used in medical imaging with the
purpose of improving diagnostic capacity, given that human visual inspection constitutes a process
that is expensive, time-consuming and prone to interpretation errors [21]. Thus far, TA in medical
imaging has been more frequently applied to mammography [22], ultrasonography, computerized
tomography (CT) [23], and magnetic resonance imaging (MRI) [24] techniques [25], as well as to
dermatoscopy [26] and microscopy images [27]. In particular, TE has been used to explore immune
competence of lymphoid tissue in microscopic images [28], to assess the onset organ (liver) disease and
tumor (colorectal cancer) evolution in CT scans [29-31], and to assess bone regeneration in fractures [32]
and osteoarthritis [33], among others. In medical imaging, TE does not necessarily decrease when
images display abnormal features. In fact, since abnormal or dysmorphic features often increase
the coarseness of smooth or uniform images from healthy subjects, increases in TE are often seen
in pathological images, such as in the case of aged tissues and organs [34] as well as the case of
neoplastic formations [30,31]. In these situations, a richer texture and therefore, higher entropy, is
associated with dysfunction. Although currently underexplored in vascular physiology, the complexity
assessment of microcirculation signals, both raw and decomposed, may deepen our knowledge of
the mechanisms underlying perfusion regulation. Microcirculation signals are easily decomposed
into their frequency components by the wavelet transform (WT) [4]. One of the WT main outputs is
a scalogram, i.e., a multi-patterned image representation of the time evolution of all components of
the decomposed signal. Given their textural richness, WT scalograms seem suitable candidates for
TE analysis, however, to our knowledge this analysis has not been previously attempted. Since WT
scalograms are not medical images, the interpretation of TE in this context must be necessarily different
from the one performed in medical diagnosis. Given the fact that a WT scalogram is a 2D projection of
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a 3D frequency spectrum, (i.e., the 3D spectrum seen from above), it is only logical to assume that a
change in the entropy of the numerical series that constitute the 3D spectrum would also be observed
in corresponding WT scalograms. Therefore, the assumption that similar trends in complexity would
be observed with MSE and TA seems legitimate. Our objective was to compare the complexity of
microcirculation PPG signals calculated with TE against MSE during a typical venoarteriolar reflex
(VAR).

2. Materials and Methods

2.1. Experimental

Twelve healthy young adult subjects (26.0 + 5.0 y.o., seven females, five males) participated in
this study after giving informed written consent. All subjects were healthy, with no cardiovascular
diseases, were non-smokers, and abstained from consuming alcohol and caffeine-containing beverages
24 hours prior to the experimental procedure. The protocol was approved by the School of Health
Sciences and Technologies’ Ethical Commission. All subjects gave written informed consent, and the
study was conducted in accordance with the Declaration of Helsinki and subsequent amendments [35].
After 20 minute acclimatization to room conditions (temperature: 22 + 1 °C, humidity: 40-60%),
a postural challenge to elicit the VAR was applied, as previously described [4]—10 minutes lying
supine with both legs extended (baseline, Phase I); 10 minutes with one foot lowered 50 cm from
heart level (challenge, Phase II); and 10 minutes resuming the initial posture (recovery, Phase III). The
contralateral foot remained stationary and served as control. Blood flow signals, expressed in arbitrary
units (AU), were acquired from the first toe of both feet at a 100 Hz sampling rate with a reflection
photoplethysmography Blood Pulse Volume sensor (Biosignals Plux, Lisboa, Portugal) connected to a
BlTalino Plugged microprocessor board (Biosignals Plux).

2.2. Numerical

The raw PPG signals were imported to Matlab (Mathworks R2012, Natick, MA, USA) and
smoothed with a moving average filter.

The WT (http://noc.ac.uk/using-science/crosswavelet-wavelet-coherence) was then applied to the
smoothed signals, which allowed the decomposition into their main frequency components. Wavelets
are a family of functions constructed from translations and dilations of a single function called the
“mother wavelet” \(t), collectively defined by:

t—b

1
a

Vial

The parameter 4 is the scaling parameter or scale, measuring the degree of compression, while
parameter b is the translation parameter, determining the time location of the wavelet. If |a| < 1, then
the wavelet in the above equation is the compressed version of the mother wavelet and corresponds
mainly to higher frequencies. If |a| > 1, then 1, ,(t) has a larger time-width than {(t) and corresponds
to lower frequencies. Thus, wavelets have time-widths adapted to their frequencies.

In this case, the central frequency of the wavelet was 6 Hz, with a discretization factor of 10 scales per
octave. The detected components of the PPG signals occurred at the following frequency ranges: cardiac
[1.6-0.7 Hz], respiratory [0.7-0.26 Hz], myogenic [0.26-0.1 Hz], neurogenic/sympathetic [0.1-0.045 Hz],
endothelial NO-dependent (NOd) [0.045-0.015 Hz] and NO-independent (NOi) [0.015-0.007 Hz],
which were in line with the ranges previously described for LDF [36]. From the WT, two main outputs
were generated for each subject: (1) a scalogram and (2) a 3D periodogram. The WT scalogram
(Figure 1) shows the time (here converted to sample number) evolution of the amplitude with a factor
of 2" (here in color scale) for each signal scale. The approximate frequency of a component is obtained
by dividing the central wavelet frequency by the scale of the component. From a visual inspection, the
WT scalogram also presents an oscillatory pattern in pixel distribution on different scales, making it a
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suitable candidate for TA. The scalogram was then used as a grayscale image, where several regions
of interest (ROI) were marked, each per component per phase of the protocol. Each ROI was then
converted to a gray-level co-occurrence matrix (GLCM), a matrix where the number of rows and

columns is equal to the number of gray levels (G) in the image, from which the TE was calculated as
follows [37]:
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where P(i, j) denotes the probability of occurrence of a given element in the matrix.
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Figure 1. WT scalogram of the PPG signal from the control (top) and test (bottom) feet from a
representative subject (20 y.o0.).

To correctly select each ROI, a control sine wave signal was generated with multiple components
occurring at known frequencies (f; = 3.2 Hz; f, = 1.6 Hz; f3 = 0.7 Hz, f; = 0.26 Hz; f5 = 0.1 Hz;
fs = 0.045 Hz; f; = 0.015 Hz; fg = 0.007 Hz), where each frequency is close to the ones that define
the borders of the PPG components” detected frequency ranges. The sine wave signal was then
deconstructed with the WT, and a reference scalogram was generated (Figure 2).

From the 3D periodogram (Figure 3), a 2D time evolution of the amplitude of each component
was constructed by averaging the amplitude at each time point for each spectral interval (Figure 4).
Signals were acquired at a 100 Hz sampling rate, which translates to a total number of 180,000 samples
for the entire 30 minute protocol. The wavelet period is a natural logarithmic representation of the
wavelet scale, with the frequency in Hz exponentially related to this period. The time evolution was



Appl. Sci. 2020, 10,911 50f11

analyzed for both the raw PPG signal and its components with MSE, an algorithm that quantifies the
randomness/unpredictability of a signal over different time scales as follows [19]:

Scale

1716
1732
1/64

3 4 5 6
Sample x 10

(8]

Figure 2. WT scalogram of the reference sine wave signal. The region corresponding to each component
frequency interval is shown (1—first harmonic of the cardiac component; 2—cardiac; 3—respiratory;
4—myogenic; 5—sympathetic; 6—endothelial NO-dependent; 7—endothelial NO-independent).
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Figure 3. PPG 3D frequency spectrum (period vs. sample vs. amplitude) for the test foot of a
representative subject (20 y.0.). Signals were acquired at a 100 Hz sampling rate, which translates to
a total of 180,000 signal samples for a 30 minute acquisition period. Period is a natural logarithmic

representation of the wavelet scale.

Given a time series x; = 1,..., N, a consecutive coarse-grained time series y(7) is constructed:

jt
T 1
=2 Y o ©
i=(j-1)1+1

where 7 represents the scale factor and 1 < j < N /7. The sample entropy (SampEn) of each
coarse-grained time series is then computed. SampEn(m, r, N) is the negative natural logarithm of the
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conditional probability that a dataset of length N, having repeated itself with a tolerance of r points,
will also repeat itself for m + 1 points, without allowing self matches:

A™(r)
B (r)

SampEn(m,r,N)= —1In 4)
where A™(r) is the probability that two sequences will match for m + 1 points and B"'(r) is the probability
that two sequences will match for m points. The more regular and predictable a time series is, the lower
the value of SampEn. The more random a time series is, the higher the value of SampEn. Plotting the
SampEn over the scale factor yields the MSE curve, which gives insight into the integrated complexity
of the system over the time scales of interest, which can be of interest when comparing groups where
differences in specific time scales are probable. The randomness/unpredictability of the signal can
finally be straightforwardly summarized as the complexity index (CI), which corresponds to the area
under the MSE curve [38]. The CI and TE were statistically compared between each phase of the
protocol with the Wilcoxon signed-rank test, and were compared between feet for each phase with the
Mann-Whitney independent sample test, adopting a 95% confidence interval.
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Figure 4. Time evolution of the PPG signal components” amplitude ratio for the control (blue) and
test (red) feet throughout the protocol (baseline: signal samples 0-60,000; challenge: signal samples
60,000-120,000; recovery: signal samples 120,000-180,000) for a representative subject (20 y.o0.).

3. Results

As previously published, during the postural challenge, perfusion decreased significantly on both
the test and control feet [4]. The mean and standard deviation (SD) of the entropy parameter (CI)
calculated with MSE is presented in Table 1. For the test foot, the CI of the raw PPG signal and all
its components decreased significantly during the challenge (Phase II, raw signal: p = 0.005; cardiac:
p = 0.012; respiratory: p = 0.002; myogenic: p = 0.003; sympathetic: p = 0.002; NOd: p = 0.002; NOi:
p = 0.002). For the control foot, the CI of the raw PPG signal showed an increase without statistical
significance. All the components’ CI decreased, with the exception of the cardiac, although not so
pronounced as in the test foot (respiratory: p = 0.002; myogenic: p = 0.003; sympathetic: p = 0.002; NOd:
p =0.002; NOi: p = 0.002). During recovery (Phase III), significant differences were still detected on both
feet regarding baseline for the respiratory (test: p = 0.002; control: p = 0.002), myogenic (test: p = 0.008;
control: p = 0.008), sympathetic (test: p = 0.002; control: p = 0.002), NOd (test: p = 0.002; control:
p = 0.002) and NOi (test: p = 0.002; control: p = 0.003). The mean and SD of the entropy parameter
(TE) calculated for the sine wave and PPG signals with TA is shown in Table 2. For the sine wave
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signal scalogram, TE decreased from the cardiac component towards the low frequency components,
where it increased again for the NOi. For the test foot PPG scalogram, TE decreased significantly
in the cardiac (p = 0.004), respiratory (p = 0.013), and myogenic (p = 0.008) components, increased
significantly in the NOd (p = 0.012) and NOi (p = 0.010), and showed no change in the sympathetic
component. During recovery, all components” TE returned except for the NOd, which showed a
significant difference regarding baseline (p = 0.007). For the control foot PPG scalogram, changes in TE
were not so pronounced as in the test foot, with only the cardiac component showing a significant
difference regarding baseline (p = 0.001). During recovery, only the cardiac component showed a
significant difference (p = 0.022) regarding baseline. No significant differences in entropy were found
between feet at baseline (Tables 1 and 2) either with CI or TE. During the challenge phase, significant
differences were found for the raw signal (p < 0.001) and all components (p=0.001 for the respiratory;
p < 0.001 for the remaining) with CI. Similarly, TE showed significant differences in all components
(cardiac: p = 0.001; respiratory: p = 0.045; myogenic: p = 0.028; NOd: p = 0.001; NOi: p = 0.001), except
the sympathetic. During recovery, the CI of the sympathetic (p = 0.012), NOd (p = 0.002) and NOi
(p < 0.001) were significantly different, while with TE no statistical differences were found.

Table 1. Mean and standard deviation (SD) of the MSE complexity index for each foot on each phase of
the protocol (card—cardiac, resp—respiratory, myo—myogenic, sym—sympathetic, NOd—endothelial
NO-dependent, NOi—endothelial NO-independent). Statistical comparison to Phase I is shown

(*—p < 0.05).
Complexity Index Test Foot Control Foot p-Value (T vs. C)
Mean + SD p-Value Mean + SD  p-Value
Phase I 34.8 +£6.1 - 342 +82 - 0.843
raw signal Phase II 150+ 11.5 0.005 * 359 +8.7 0.182 <0.001*
Phase I1I 314+73 0.182 370+ 6.7 0.239 0.089
Phase I 259 +6.1 - 293+7.2 - 0.347
card Phase I 15.6 £9.0 0.012 * 28.7 £ 6.5 0.754 <0.001*
Phase I1I 23.8+73 0.224 29.7+78 0.875 0.089
Phase I 259 +6.1 - 293+7.2 - 0.347
resp Phase II 6.7 +£4.2 0.002 * 143 +4.8 0.002 * 0.001 *
Phase I1I 10.1 +55 0.002 * 13.7 + 4.9 0.002 * 0.160
Phase I 232 +87 - 259+75 - 0.378
myo Phase I 39+31 0.003 * 120+2.8 0.003 * <0.001*
Phase III 79+54 0.008 * 109 +£5.8 0.008 * 0.160
Phase I 259 +6.1 - 293+72 - 0.347
sym Phase II 26+24 0.002 * 105+ 1.9 0.002 * <0.001*
Phase I1I 6.8+22 0.002 * 10.7 + 4.0 0.002 * 0.012*
Phase I 259 +6.1 - 293+72 - 0.347
NOd Phase I 25+35 0.002 * 11.5+2.6 0.002 * <0.001*
Phase I1I 55+21 0.002 * 11.0 + 4.8 0.002 * 0.002 *
Phase I 259 +6.1 - 293+72 - 0.347
NOi Phase I 19+09 0.002 * 102+ 3.6 0.002 * <0.001 *

Phase III 62+34 0.002 * 13.6 +£5.0 0.003 * <0.001 *
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Table 2. Mean and standard deviation (SD) of the texture entropy for each foot on each phase of the
protocol (card—cardiac, resp—respiratory, myo—myogenic, sym—sympathetic, NOd—endothelial
NO-dependent, NOi—endothelial NO-independent). Statistical comparison to Phase I and between
the test and control limbs are shown (*—p < 0.05).

Texture Entropy Slgie \I/IValve Test Foot Control Foot p-Value (T vs. O)
gna Mean £+ SD  p-Value Mean+SD  p-Value
Phase I 6.6 +0.5 - 6.8+03 - 0.198
card Phase II 6.1 6.2+0.7 0.004 * 6.9 +03 0.011* 0.001 *
Phase III 7.0+0.2 0.563 7.0+0.2 0.022 * 0.713
Phase I 6.5+0.2 - 6.5+0.2 - 0.551
resp Phase II 5.4 55+13 0.013 * 6.3+0.2 0.286 0.045 *
Phase III 6.5+0.2 0.638 6.4+0.2 0.530 0.478
Phase I 6.6 +0.3 - 6.7 £0.1 - 0.089
myo Phase II 5.2 6.3+04 0.008 * 6.6 +0.1 0.433 0.028 *
Phase III 6.5+0.2 0.289 6.7 +0.2 0.754 0.266
Phase I 6.2+03 - 6.2+04 - 0.671
Ssym Phase II 5.3 6.2 +0.2 0.147 6.2+0.2 0.814 0.887
Phase III 6.0+0.2 0.594 6.1+03 0.239 0.630
Phase I 58+05 - 59+04 - 0.630
NOd Phase II 5.3 6.4+0.2 0.012* 57+05 0.272 0.001 *
Phase III 6.1+03 0.007 * 59+03 0.307 0.060
Phase I 6.0+ 04 - 59+04 - 0.551
NOi Phase II 6.2 6.2+03 0.010 * 55+0.7 0.753 0.001 *
Phase III 6.2+03 0.594 5.8+0.8 0.126 0.060

4. Discussion

In this study, the acquired PPG signals and an artificial sine wave signal were decomposed with the
WT into their respective components so that TE and CI could be calculated. The relative contributions
of each of the components to the overall signal, expressed as amplitude ratios, are typical WT outputs
but were not considered for this study as these results were previously published [4]. During leg
lowering, perfusion decrease in the test foot is explained by a constriction of arterioles secondary to
the increased venous distension when the foot is in a pendent posture, which constitutes the VAR [39].
The fast perfusion decreases in the control foot (not so pronounced as in the test foot) is thought to
be due to a centrally mediated neurogenic reflex initiated to maintain the vascular homeostasis in
the lower limb [4]. The sine wave signal scalogram showed TE values generally invariant regarding
the component, which reflects the regularity of these signals. The highest TE values were recorded
for both the highest (cardiac) and lowest (NOi) frequency components, meaning a richer texture was
found in the corresponding ROIs, likely explained by the particular overlap of the spectral waves that
define them. Contrarily, the PPG signal scalogram showed that the higher frequency (HF) components
(cardiac, respiratory, myogenic) displayed higher TE values in either foot, meaning the corresponding
ROIs are more texturally rich, i.e., more complex in comparison to the lower frequency components.
This suggests that TE assessment of PPG scalograms is sensitive to the underlying phenomena that
explain the physiological complexity of these signals. In our data, both TE and MSE analyses showed
an overall decrease in the PPG signal and in the respective components’ entropies during leg lowering
in both the test and control feet. This result seems to indicate a bilateral decrease in the vascular
adaptation capacity to the lower perfusion levels observed during leg lowering. This apparent decrease
in adaptation capacity is further reinforced by the observation that several PPG components’ entropies
show significant differences between the recovery and baseline phases, suggesting that full recovery
was not attained at the end of the protocol. In our view, these results indicate that that VAR creates
a state of reduced perfusion that, while not compromising tissue viability, destabilizes the evoked
regulatory mechanisms. When considering the test foot, MSE detected a significant decrease in the
entropy of all components during VAR. TE, however, detected an entropy decrease in the cardiac,
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respiratory, and myogenic components, an increase in both endothelial components and no change
in the sympathetic. Regarding the control foot, an overall entropy decrease was observed with both
tools. MSE recorded a decrease in the complexity of all components, although not so pronounced as in
the test foot, which again is likely attributable to the magnitude of the perfusion decrease. Again, TE
showed more subtle changes, only significant for the respiratory and NOi components. Overall, MSE
and TE showed similar responses in the high frequency components (cardiac, respiratory, myogenic),
and dissimilar responses in the low frequency components (sympathetic, NOd, NOi), suggesting
that TE loses analytical sensitivity in the latter regions. This loss of sensitivity may be attributed to
an incomplete visual resolution of the scalogram bands of the low frequency components, leading
to a less precise identification of the respective ROIs. Nevertheless, TE was able to differentiate the
entropies of most components during VAR between the test and control limbs. Overall, although
both TE and MSE were able to detect differences in entropy, MSE was consistently more sensitive.
One should keep in mind that MSE and TE ensure different scale evaluations—frequency for TE and
time for MSE, which are two aspects of the same reality (i.e., perfusion signal). Thus, both analytical
strategies provide different views into the same physiological event, which can also help to explain the
differences in sensitivity found. MSE detected changes in entropy between limbs during both VAR and
recovery phases, while TE was only able to detect the more pronounced changes that occurred during
VAR. Furthermore, MSE was sensitive to changes in entropy for a greater number of components in
comparison to TE. Although the performance of the reference MSE method was superior under the
conditions studied, these results suggest that TE is an interesting and suitable tool for assessing the
complexity of PPG microcirculation signals considered as WT scalograms, in particular for the analysis
of high frequency components.

5. Conclusions

In this paper we present for the first time the use of texture entropy (TE) for the quantification of
complexity in microcirculatory perfusion signals, using MSE as a reference analytical tool. Our results
show that TE was able to detect a decrease in complexity of the PPG scalograms during VAR, similarly
to MSE. This complexity decrease suggests that a decrease in the competence of vascular regulation
mechanisms might be present during VAR and should be further investigated. Results from both tools
were aligned for the high frequency components, but not for the low frequency components, suggesting
a decrease in sensitivity of TE in the latter spectral regions. Recognizing the value of increasing the
sample size (and heterogeneity) in future studies, our results have shown Texture Analysis (TA) to be a
promising method to assess the complexity of PPG perfusion signals.
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