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Abstract

Efforts to better understand cardiorespiratory health are relevant for the future development of optimized
physical activity programs. We aimed to explore the impact of the signal quality on the expected
associations between the ability of the aerobic system in supplying energy as fast as possible during
moderate exercise transitions with its maximum capacity to supply energy during maximal exertion. It was
hypothesized that a slower aerobic system response during moderate exercise transitions is associated with
a lower maximal aerobic power; however, this relationship relies on the quality of the oxygen uptake
dataset. Forty-three apparently healthy participants performed a moderate constant work rate (CWR)
followed by a pseudorandom binary sequence (PRBS) exercise protocol on a cycle ergometer. Participants
also performed a maximum incremental cardiopulmonary exercise testing (CPET). The maximal aerobic
power was evaluated by the peak oxygen uptake during the CPET and the aerobic fitness was estimated
from different approaches for oxygen uptake dynamics analysis during the CWR and PRBS protocols at
different levels of signal-to-noise ratio. The product moment correlation coefficient was used to evaluate
the correlation level between variables. Aerobic fitness was correlated with maximum aerobic power, but
this correlation increased as a function of the signal-to-noise ratio. Aerobic fitness is related to maximal
aerobic power; however, this association appeared to be highly dependent on the data quality and analysis
for aerobic fitness evaluation. Our results show that simpler moderate exercise protocols might be as good

as maximal exertion exercise protocols to obtain indexes related to cardiorespiratory health.

Keywords: oxygen uptake kinetics, oxygen consumption, cardiorespiratory fitness, exercise.
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New & Noteworthy

- Optimized methods for cardiorespiratory health evaluation are of great interest for public health.

- Moderate exercise protocols might be as good as maximum exertion exercise protocols to evaluate
cardiorespiratory health.

- Pseudorandom or constant workload moderate exercise can be used to evaluate cardiorespiratory health.
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1. Introduction

Efforts to better assess cardiorespiratory health (CRH) are relevant for the future development of
optimized physical activity programs, mainly those designed for chronic diseases that directly affect
functional capacity (1, 51), quality of life (39), and mortality (36). In addition, sub-clinical impairments in
CRH seem to be related to the onset of chronic diseases (13) that are responsible for 41 million deaths every
year (56, 57). Therefore, optimized methods for CRH evaluation are of great interest for public health.

CRH can be investigated through the characterization of maximal aerobic power or aerobic fitness
level, and these indexes are related to different aspects of the aerobic system response. Maximal aerobic
power is related to the maximum ability of the aerobic system to supply energy (18), thus it is directly
related to functional capacity. Experimentally, maximal aerobic power is commonly evaluated during
incremental exercise to volitional exhaustion by the measurement of the peak alveolar oxygen uptake
(aVOZ_peak) (49). On the other hand, aerobic fitness is related to the speed of the aerobic system response
to meet a new energetic demand (50) and it is commonly characterized during constant (11, 27) or
pseudorandom (6, 8, 31) moderate work rate exercise protocols. However, the term “aerobic fitness” can
be also interpreted as maximal aerobic power, and the speed of the aerobic adjustment during exercise
transitions as muscle oxidative capacity (53). Here, the terms “aerobic power” and “aerobic fitness” will be

exclusively related to al'/Oz_peak and the alveolar oxygen uptake (aV0,) dynamics, respectively. In any

manner, the speed of the alveolar oxygen uptake (aV 0,) response can be estimated in time domain (by the
time constant 1), in frequency domain (by indexes, such as the mean normalized gain [MNG]), or by cross-
correlation function (by the peak of this function [CCF),q]) (9, 33). The discussion of which one of these
indexes is the most appropriate method for aerobic fitness evaluation remains unclear (9, 14, 19, 27).

Despite the expected relationship between maximal aerobic power and fitness, this relationship is
rarely reported (6), possibly due to experimental noise introduced by data collection (22, 46) and processing
(27). Additionally, the elevated degree of distortion between the local and central hemodynamics during
exercise transitions challenges the assumption that the al?0, reflects the muscular aerobic metabolism,
potentially leading to misinterpretations of the actual aerobic fitness level based on aV 0, data (8, 16, 28).
Therefore, specific data analysis methods are necessary for the correct evaluation of the aerobic fitness
level from aV 0, dynamics data during exercise transitions (9, 27, 42).

Even though characterization of CRH opens the unique possibility to estimate clinical indexes that

are related to mortality and quality of life, extraction of these indexes, based on the study of the aerobic



95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

system response remains challenging. Risks associated with peak exertion, bad data handling, need for
highly trained technicians, too general physiological assumptions, and user adherence, are barriers that need
to be overcome. This study evaluated how data quality influences the expected association between
maximal aerobic power with aerobic fitness. For this purpose, we explored the impact of the signal quality
on the expected associations between the ability of the aerobic system in supplying energy as fast as possible
during moderate exercise transitions (aerobic fitness) with its maximum capacity to supply energy during
maximal exertion. It is hypothesized that a slower aerobic system response during exercise transitions is
associated with a lower peak aerobic power; however, this relationship relies on aV 0, signal-to-noise ratio

and the method used to evaluate aerobic fitness.

2. Materials and Methods
2.1 Ethics Statement and Study Design

This study was in accordance with the Declaration of Helsinki (1964), it received approval from
the local Human Research Ethics Committee (CAAE: 80459817.5.1001.5504) of the Federal University of
Séo Carlos, Séo Carlos, SP, Brazil, and it was conducted in compliance with the norms that regulate
research involving human subjects (Resolution 466 of 2012, Brazilian National Health Council). After
agreeing to take part in the study, all participants signed the informed consent statement. The inclusion
criterion was men or women aged between 20 to 42 years. The exclusion criteria were diagnosis of
cardiovascular, metabolic, neurological, or respiratory disorder; history of skeletal muscle injury in the
previous six months; or chronic joint disease.

Data were obtained from forty-three participants (23 men and 20 women, 27+5 years old, 69+11
kg and 170£9 cm) who performed an initial clinical maximal cardiopulmonary exercise testing (CPET), in
the presence of a cardiologist, to identify any possible clinical adverse response to maximal exercise
including electrocardiogram abnormalities, ischemia, or reactive hypertension. The cycle ergometer
increment was calculated according to previous literature (52). All participants were cleared to perform the
exercise protocols of this study. During this same visit, the gas exchange threshold (GET) was identified
by the v-slope method (4) and used for the next laboratory visit. After 7+3 days, participants performed, in
sequence, a constant work rate (CWR), the pseudorandom binary sequence (PRBS) and another CPET

protocol. More details about each of the exercise protocols are described below in the text. Laboratory
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temperature and humidity range were maintained constant for all exercise tests (22-24 °C and 40-60 %,

respectively).

2.2 Exercise Protocols

Based on the W at the GET (107+30 watts) obtained during the first visit, the CWR protocol was
composed of 3 minutes cycling at 20%, followed by 6 minutes at 80% of the I/ at GET (2145 and 86+23
watts, respectively). For a complete random exercise protocol that changes W between two levels, it is
likely to observe low energy stimulus at the frequencies of interest (29). Therefore, the design of optimized
exercise protocols for frequency domain analysis are necessary. After the CWR protocol, the PRBS
protocol with a total duration of 900 s, started by varying the W also between 20 and 80% of the GET, and
each step had a length of 30 s (23). The sequence of the PRBS steps were obtained by a shift register (Figure
1), as described elsewhere (58), and an extra 150-s PRBS sequence was added between the CWR and PRBS
for a better signal stabilization between protocols.

The PRBS protocol that allows the simultaneous test of multiple frequencies (21) were generated
by a 4-stage digital shift register (23, 44) that generated 15 30-s units that varied the work rate between two

levels (Figure 1).

Figure 1. Digital shift register composed by 4 stages to

generate pseudorandom binary sequence exercise protocols.

The addition feedback module (}) add the values of the first
"~ i

and the fourth stage and check the criteria statement. This
result (0 or 1) is recorded and then inserted into stage 1, and

if¥a>=2; . A - .
iy the register is shifted to the right. The output sequence
then 21 = 3n- 2 composed by 1 and 0 is transformed in the target work rates
| where 1 =80 % and 0 = 20% of the gas exchange threshold.
Output sequence: 1,0, 0,0, 1

The shift register was implemented into a computer program to generate the pseudorandom binary

sequence exercise protocol. Figure 2 illustrates the program interface.
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Figure 2. LabVIEW implementation of the digital shift register described in Figure 1 to generate
pseudorandom binary sequence (PRBS) exercise protocols. The software has 5 inputs: the number of digits,
the unit length, the initial register seeds, and the two work rate levels. From these inputs, the shift register
is populated, and the time series of protocol is built. The frequency analysis is also performed to evaluate
the signal on frequency space. The inputs are controlled by the user through the program graphical interface
and the outputs are also displayed. The exercise protocol on time domain can be exported from the “PRBS
S Time” graph. The software block diagram can be download at:
https://doi.org/10.6084/m9.figshare.12206654 (Supplementary Material 1). This software was built on
National Instruments LabVIEW Student Edition, 2014, for personal and scientific use only.

After the PRBS protocol, a resting period was performed until the aV 0, and pulmonary ventilation
(VE) returned to their baseline values, and another CPET protocol started until physical exhaustion,
followed by 6 min of active recovery. The increment of this second CPET was calculated as described in
the first CPET. During the CPET, participants were verbally encouraged to give them maximal effort in
order to stop the CPET only due to physiologic limitation. Figure 3 displays an example of the exercise

protocols and a representative aV 0, response to these protocols.

300
CWR PRBS CPET

250 A

200 A

80% GET.._
150 3

Work rate (watt)

arc 2, (1 min™)

100 4

50 4

Il b
I ~20% GET
0 -

0 300 600 900 1200 1500 2000 2500 3000
Time (s)

Figure 3. lllustration of the exercise protocols composed of a constant work rate (CWR), a pseudorandom
binary sequence (PRBS), and a maximal cardiopulmonary exercise testing (CPET). The two work rates (36
and 144 watts) of the CWR and PRBS protocols corresponded to 20 and 80% of the work rate at the gas
exchange threshold (GET) previously identified. The increment rate of the CPET protocol (16 watts.min
in this case) was calculated accordingly to participant’s sex, weight, height, and age. The alveolar oxygen
uptake (aV 0,, in I-min‘t) response to these protocols is also plotted.
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2.3 Data Collection

During the exercise protocols, the aV 0, and VE were measured breath-by-breath by a metabolic
system (Vmax29c, Sensor Medics, Yorba Linda, CA, USA) calibrated before each experiment. Heart rate
(HR) was computed during the exercise based on an ECG system (BioAmp FE132, ADInstruments,

Australia).

24 Data Analysis

Participant’s aerobic fitness was evaluated from the aV0, data during the CWR and PRBS
protocols, and their maximal aerobic power was estimated by the aVOZ_peak during the subsequent CPET.
Faster aV0, dynamic responses during the CWR or PRBS protocols were associated with a better aerobic
fitness level, and a higher aVOz_peak during the CPET was associated with a higher maximal aerobic power
level. All data were time synchronized, and second-by-second linearly interpolated by a computer program
developed in LabVIEW 2014 (National Instruments, Austin, Texas, USA). For the PRBS protocol, the data
of the two complete sequences of 450 s were ensemble averaged to obtain a single PRBS response for each
participant.

The aerobic fitness parameter tau (z, as a time constant) that mostly corresponds to the speed of
the muscular aerobic metabolism dynamics (2), was calculated by another LabVIEW 2014 computer
routine. This program adjusts the aV 0, data during the CWR protocol into a delayed mono-exponential
function as previously described (10) using a nonlinear curve fit method that searches for the lowest sum
of the squared errors by the standard Levenberg-Marquardt optimization algorithm. As described in Figure
4, by the analysis of the time series response of the error between the fitted function and the interpolated
data, the first 18+5 s of data were excluded to eliminate the influences of the cardio-dynamic phase on t
estimation (42). Then, the aV 0, data were fitted again into the same function that should be representative
of the muscular oxygen uptake dynamics during exercise transition. Since 7 is a time constant that quantifies
how fast the muscular aerobic metabolism adjusts to a new energetic demand, where lower t values mean

faster responses, this parameter was used to evaluate the aerobic fitness level.
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Figure 4. lllustration of the aerobic fitness evaluated by time domain analysis of the alveolar oxygen uptake
(aV0,) dynamics during exercise transition. The aV 0, response to a step exercise protocol (A) is fitted
into a delayed mono-exponential model (solid line in B) and the cardiodynamic phase (11 s, fine pattern
area in C) is removed from the data by the analysis of the residuals (upper graphs). The remaining aV 0,
data (C) are fitted into the same exponential model and the time constant = of this function is obtained.
Please see text for more information about data fitting.

Another method to evaluate aerobic fitness was based on frequency domain analysis and focused
on the calculation of the MNG index that estimates, as the parameter 7, the speed of the aV’ 0, response
during exercise transitions, but during the PRBS protocol. The MNG calculation was already described in
previous studies (7, 9). Briefly, the repeated step changes in W (forcing function) and the aV 0, data were

submitted to a discrete fast Fourier transformation to convert the data into frequency space to the maximal

frequency of 8.88 mHz where the V0, response follows the linearity principle (21). Afterwards, the system

gain (aVOZ/W) for each analyzed frequency was calculated and then normalized as the percentage of the

gain at 2.2 mHz. The mean value of the normalized gains of frequencies 4.4, 6.6, and 8.8 mHz was taken
as the MNG (in %). Once the aV 0, dynamic changes during the PRBS appeared to follow the dynamic
linearity principle (21), and most of the response is composed of muscular oxygen uptake (which mean,
small cardio-dynamic influences) (23), the MNG can be used to evaluate how fast the aerobic metabolism
adjusts during exercise transitions. The MNG varies from 0 to 100% where 0 means no response and values
closer to 100 means a dynamic response closer to the forcing function (i.e., instantaneous response). Figure
5 illustrates these calculations for one representative participant.

The aerobic fitness was also evaluated by cross-correlation analysis of the data during the PRBS
protocol. In this case, the aV 0, data were cross correlated with the forcing function (1) with a lag time of
1 s, generating a cross-correlation function (CCF) that describes the aV’ 0, dynamic changes as a function
of the W changes during the PRBS. The peak of this cross-correlation function (CCF,qy) is related to the
speed of the aV’ 0, to meet a new energetic demand (19), where a peak closer to 1 means a faster response
because the aV 0, dynamics are closer to the square-like forcing function (instantaneous response). Figure

5 shows an example of the CCF,q calculation.
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Figure 5. llustration of the aerobic fitness evaluation based on the analysis of the alveolar oxygen uptake
(aV 0,, solid lines) dynamics during a pseudorandom binary sequence exercise protocol (dashed lines). The
second-by-second linearly interpolated data (A) of the two consecutives protocols were ensemble averaged
to obtain a single response (B). The exercise protocol and the aV’ 0, were transformed into the frequency
space by a fast Fourier transformation and the system gain was calculated by dividing the aV 0, by the
protocol amplitude at each of the analyzed frequencies and then normalized by the gain at frequency 2.2
mHz. The average of the normalized gains (in %) of the frequencies 4.4, 6.6 and 8.8 mHz (C) was taken as
the final index related to aerobic fitness (named Mean Normalized Gain, or MNG). In addition, the exercise
protocol work rate (upper graph in B) was cross-correlated with the aV 0, response (lower graph in B)
accordingly to previous study (19) to obtain the cross-correlation function at different lags. The peak of
CCF (CCFpeqx in D) is also related to the speed of the aV 0, dynamics, as the MNG.

Finally, during the CPET, the last 20 s of the aV’ 0, data were averaged to obtain the aVOz_peak
which was considered as the maximal aerobic power. Since the CPET was performed on cycle ergometer,

the aVOz_peak was not relativized by body weight to avoid the introduction of a confusion factor in the
correlation analyses (49). For the aerobic fitness analysis, the calculated parameters are exclusively related
to the response time, so body weight does not influence the data analysis. During the incremental exercise,
all participants reached a respiratory exchange ratio (RER) higher than 1.1 (1.31 = 0.10) which is an
important criterion to classify the aVOz_peak as “maximum?” aerobic power (43); however, there are still
discussions on how to properly identify maximum aV 0, during incremental exercise (46). Therefore, the

aV0,_peqr Was used as an index related to maximal aerobic power.

10
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2.4.1  Noise Analysis

One of the major issues related to the aerobic fitness evaluation based on aV 0, is the random
noise associated with the metabolic carts and the intra-breath fluctuations that influence the confidence of
the estimated indexes (27, 35). In addition, the signal steady-state amplitude also influences the quality of
the parameter’s estimation because it determines the proportion of the signal that is discernible from the
noise, where a higher amplitude counterbalances the negative influences of random noise (40). As initially
proposed by this study, it is essential to investigate the impact of the proportion between the signal
amplitude and the noise level (or signal-to-noise ratio) over the aerobic fitness parameters estimation (17,
27, 35) since it can influence the investigation of the relationship between maximal aerobic power with
aerobic fitness.

For the aV 0,_,4, Calculation, the noise influences may be neglected most of the time because
very high aV 0, amplitudes during the peak of the CPET decrease the noise contribution up to only ~3%
(45) so the signal-to-noise ratio for a aVOZ_peak of, for example, ~2.5 I-min~, is 0.031 I-min? (45). In
addition, since aVOZ_peak estimation does not include any complex data transformation/modeling beyond
a simple average, the degree of freedom of this estimate is much lower than the methods used to estimate
the aerobic fitness (40) so the confidence of aV0,_,,,, estimation relies even less on the signal-to-noise
ratio.

The study of the influences of the noise level and the amplitude over the parameters estimate was
initially investigated by computer simulations (next section). The noise level of each participant was
calculated as the SD (in I-min™) of the aV 0, during the last two minutes of the CWR, and the steady state
amplitude (also in I-min™) was taken as the mean response of the last minute minus the mean aV 0, during
the last minute of the CWR baseline. Finally, the signal-to-noise ratio was obtained by dividing the steady

state amplitude by the noise level.

2.4.1.1 Computer Simulations

The algorithm used to build the computer simulations was previously described elsewhere (8, 9).
The simulated aV 0, time series response to an CWR and PRBS protocol (with a work rate variation
between 25 and 100 watts) were built from the combinatorial analysis of the following parameters range:
10 < 7 < 90 s (increment of 1 s) and 150 < steady state amplitude < 1650 ml-min* (every 75 ml-min?).

Each of these simulations was distorted by a white noise generator with a magnitude varying from 0

11
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(without noise, for reference) to 450 ml-min* (every 5ml-min’) resulting in 152,919 simulations with
different aerobic system speeds, amplitudes and noise level, for each protocol (CWR and PRBS). The
signal-to-noise of these simulations ranged from 0.3 to 330. Since 7, MNG, and CCF,,.q, are not influenced
by baseline values, no baseline was added to the simulations. The 7 range of these simulations was selected
in order to include the same 7 range of the experimental data (that was previously calculated).

Figure 6 describes some examples of the simulations with a constant = of 25 s but varied noise and
steady state amplitudes, resulting in signals with remarkably high (Figure 6 A) and very low (Figure 6 D)
signal-to-noise ratio. Higher noise can be counterbalance with higher amplitude (Figure 6 B), and lower
amplitude can be counterbalanced by lower noise (Figure 6 C), maintaining a more reliable signal-to-noise

ratio.
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Figure 6. Computer simulations of the alveolar oxygen uptake (aV0,) response to a constant and
pseudorandom binary sequence exercise protocols. The aV’0, responses have different steady state
amplitudes (a = 225 and 1425 ml-min) and noise levels (50 and 400 ml-min) resulting in a signal-to-
noise ratio of 28.5, 3.5, 4.5, and 0.5 in A, B, C, and D, respectively. Higher amplitudes associated with
lower noise levels result in remarkably high signal-to-noise ratio (A), and the opposite, in very low signal-
to-noise ratio (D). Higher noise can be counterbalance with higher amplitude (B), and lower amplitude can
be counterbalanced by lower noise (C), maintaining a reliable signal-to-noise ratio.

The aerobic fitness parameters, = (from CWR protocol), MNG and CCF,.qx (both from PRBS

protocol), were calculated as previously described in the text for each simulated data. However, for ©
estimation, the cardio-dynamic phase was not removed from the CWR data because only the phase of

interest was simulated (8). For each of the simulations, the error of the parameter estimate was taken as the

12
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signal.

The computer program used to generate the simulations was designed as following. First, as
previously described (8, 9), the software builds the second-by-second oxygen uptake response to a standard
constant workload and pseudorandom binary sequence (PRBS) exercise protocol following an exponential
function for both, on and off dynamic responses, using the function parameters (z, and steady-state
amplitude) inputted by the user. Second, the software generates the white noise time series from an
embedded LabVIEW function (https://zone.ni.com/reference/en-XX/help/371361R-
01/lvanls/gaussian_white_noise/) with the same length of the exercise protocols, and with an amplitude
defined by the user. Third, the noise is added, second-by-second, to the simulated response to generate the
distorted simulations. Finally, the indexes T, MNG, and CCF,,4 are estimated from the distorted responses.
Figure 7 shows the distorted response for a constant workload (A) and PRBS (B) exercise protocols. The
constant workload data fitting, when t is estimated, is displayed in Figure 7 C, and the frequency analysis
of the PRBS, to calculate the MNG, is displayed in Figure 7 D. The cross-correlation function of the

response during the PRBS, and its peak, are demonstrated in E.
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Figure 7. LabVIEW implementation of the computer program to generate the oxygen uptake simulations
with different noise levels. This software has three inputs (amplitude, tau and noise) and three outputs (time
constant tau [z], mean normalized gain [MNG] and cross-correlation peak [CCF,.qx]). Please see text for
more details. The software block diagram can be download at:
https://doi.org/10.6084/m9.figshare.12206663.v1 (Supplementary Material 2). Program built on NI

LabVIEW Student Edition - 2014, personal and research use only.
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3. Statistics

Most of the experimental data were normally distributed so the correlation level between
aVOz_peak with each of the aerobic fitness indexes (r, MNG and CCF,,) Was calculated by Pearson’s
product moment correlation coefficient (R) (41). From R and sample size, the t statistic and degree of
freedom were calculated and then used to obtain the two-tailed statistical significance level (p value).
Despite the null-hypothesis significance testing is being currently deprecated (Ho et al., 2019; Wasserstein
et al., 2019), the behavior of the p-values of the correlations across the different signal-to-noise levels will
be visually analyzed.

Since the signal-to-noise ratio appears to influence the confidence of the aerobic fitness parameter
estimates (27, 35), participants were firstly ranked according to the signal-to-noise ratio. Afterwards, the
participant with the lowest signal-to-noise ratio was removed from the sample and the correlation
coefficient between the variables was tested. This procedure was performed recursively from a sample size
of 43 (all participants) to 3 (lowest possible sample size for the statistical testing). As expected, the signal-
to-noise ratio progressively increased (from 5.8 + 2.2 to 11.3 + 1.0) as the participants with the lowest
signal-to-noise ratio were removed from the sample (Figure 8) which allowed us to test the influences of
the signal-to-noise ratio over the correlation of the studied parameters. However, while the signal-to-noise
increases, the sample size decreases, and the probability of finding statistical differences, if present, also
decreases. This statistical balance was investigated throughout this study by analyzing the R and p values

simultaneously as a function of the mean signal-to-noise ratio.
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Figure 8. Relationship between mean + SD signal-to-noise ratio and the study sample size. Participants

were ranked according to their signal-to-noise ratio and then those with the lowest signal-to-noise were
removed from the sample. As expected, the mean signal-to-noise increased as the sample size decreased.
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Finally, the influence of the signal-to-noise ratio over the tested correlations was verified by the
linear regression analysis (R? and p value) between the mean signal-to-noise ratio of the participants with
the R from the correlation between maximal aerobic power (aVOZ—peak) and each of the parameters for
aerobic fitness evaluation (z, MNG and CCF,.qx). Linear regression analysis was also used to verify the
influence of the signal-to-noise ratio over the correlation between the parameters used to evaluate the

aerobic fitness level (z, MNG, and CCFy¢qx)-

4. Results
The computer simulations will be firstly described, followed by the correlation between the
maximal aerobic power (aVOZ_peak) with the aerobic fitness parameters (z, MNG, and CCF,eqx) as a

function of the signal-to-noise ratio.

4.1 Noise Analysis of Computer Simulations

As displayed in Figure 9, the noise level and steady-state amplitude of the computer simulations
are plotted as colored intensity graphs (error of estimation). The code used to generate these graphs is
described in Supplementary Material 3 (https://doi.org/10.6084/m9.figshare.12196092.v1). For a better
data visualization, only errors for the interval 0-90% were considered into these graphs (the complete
dataset can be found in Supplementary Material 4 (https://doi.org/10.6084/m9.figshare.12018171). On top
of the simulated data, the experimental data are plotted for reference. Some examples of signal-to-noise
ratio are also plotted in Figure 9. For all parameters related to aerobic fitness (z in A, MNG in B, and
CCFpeqy in C), the uncertainty of the parameter estimate (colors) increases as a function of the noise level
and decreases as a function of the steady state amplitude. Between the graphs in Figure 6, the uncertainty
of 7 estimates (Figure 9 A) was higher than MNG (Figure 9 B) and CCF,.q) (Figure 9 C) for the signal-to-
noise range from 2 to 20 (participants range). Between MNG (Figure 9 B) and CCF),q, (Figure 9 C), most
of participants are located at <0 to 15% interval of the expected estimate errors. For all simulations, except
in 11 cases for CCFq estimation (only 0.0058% of the total simulations), all parameters were associated
to a certain degree of uncertainty (error of estimation higher than zero), independently of the signal-to-noise

ratio.
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Figure 9. Computer simulations of the alveolar oxygen uptake response during exercise transitions with
variable noise levels and steady state amplitudes. As displayed in A, B and C, the simulated data were
analyzed by time domain modelling (by the time constant 7), frequency domain analysis (by the mean
normalized gain, or MNG) and by the peak of the cross-correlation function (CCFq), respectively. For
each of the simulations, the error of the parameter estimate (colors) was taken as the difference, in
percentage, between the estimated parameter with its analogous estimate from the zero-noise signal. The
noise level and the steady state amplitude of the experimental data from the constant work rate tests
(participants data, open circle) were plotted within this reference frame. Some examples of the signal-to-
noise ratio (i.e., steady-state amplitude/noise level) are also plotted as white solid lines. See text for further
details about the computer simulations.
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4.2 Relationship Between Aerobic Fitness and Power

The correlation between the maximal aerobic power with aerobic fitness was tested by the
correlation coefficient R and its p value between the aVOZ_peak (maximal aerobic power level) with the
aerobic fitness parameters (r, MNG and CCF,.qy) at different combinations of signal-to-noise ratio and
sample sizes (Figure 10).

As described in Figure 10 A, the aerobic fitness evaluated by 7 was correlated with maximal
aerobic power (i.e., aVOZ_peak) with a R of ~ - 0.5 on average across the tested signal-to-noise ratio values
and sample sizes. As verified by the linear regression, the correlation coefficient between 7 and aVOz_peak
was influenced (R=-0.92) by the signal-to-noise ratio and decreased (towards -1) 0.109 per unit of signal-
to-noise ratio.

As demonstrated in Figure 10 B, the aerobic fitness evaluated by the MNG was correlated with
maximal aerobic power (i.e., aVOz_peak) witha R ~ - 0.4 on average across the tested mean signal-to-noise
ratios. As verified by the linear regression, the correlation coefficient between MNG and aVOz_peak was
also influenced (R= 0.80) by the signal-to-noise ratio and increased 0.078 per unit of signal-to-noise ratio.

The aerobic fitness evaluated by the CCF,.q (Figure 10 C) was correlated with maximal aerobic
power (i.e., aVOZ_peak) with a R ~ 0.4 in average. However, as verified by the linear regression, the
correlation coefficient between CCF,eq) With aVOZ_peak was not influenced by the signal-to-noise ratio.
The sample size of the linear correlation only has 41 datapoints because the correlations were only

calculated with a minimum sample size of 3 participants.
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Figure 10. Correlations between the measured aerobic fitness parameters (tau [z], in A; mean normalized
gain [MNG], in B; and cross-correlation function peak [CCFpeq], in C) with maximal aerobic power
evaluated by peak alveolar oxygen uptake (aVOz_peak) at different signal-to-noise ratios estimated from
the constant work rate tests (x axis in A, B and C). The correlation coefficient is plotted in the lower A, B
and C graphs, and the statistical significance level (p value, open circles) and the sample size (dotted lines)
are displayed in the upper graphs as a function of the signal-to-noise ratio. A regression analysis between
the correlation coefficients and the signal-to-noise ratio was also performed.

5. Discussion

Our results confirmed our initial hypothesis that a slower aerobic system response during exercise
transitions (aerobic fitness) is associated with lower maximal aerobic power. This association was
dependent on the signal-to-noise ratio and the method used to evaluate aerobic fitness. For the first time,
these results demonstrate that the correlation between maximal aerobic power and aerobic fitness was
dependent on the degree of uncertainty of the aerobic fitness parameter estimates that are directly related

to the aV 0, signal-to-noise ratio.

5.1 Noise Analysis

The expected influences of the signal-to-noise ratio, as the proportion between the steady-state
amplitude and the noise level, on the parameter estimates were initially investigated by computer
simulations. The behavior of the error of T estimates, as a function of noise level and steady-state amplitude
(Figure 9 A), was less homogeneous probably due to the additional degree of uncertainty from the
Levenberg—Marquardt algorithm used in time-domain explicit data fitting (40). Likewise, the error of
estimate for the MNG and CCF,.q (Figures 9 B and 9 C, respectively) increased with higher noise and
smaller steady-state amplitude. The counter balancing effect of a higher steady-state amplitude over a
higher noise can be seen for all parameters. In practical terms, Figure 9 can be used to estimate the expected
uncertainty the aerobic fitness parameter estimates for a given known steady-state amplitude and noise

level.
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The comparison between the experimental data and the computer simulations allowed us to
identify that there was some level of expected uncertainty of the aerobic fitness evaluation in the
participants included into this study, which appeared to compromise the correlation between maximal
aerobic power and aerobic fitness. If the aerobic fitness is correlated with maximal aerobic power, this
expected error should be further investigated to avoid type | error due to the probability of including fitness
indexes with high estimation uncertainty. When each participant’s noise and steady-state amplitude were
plotted on the top of the simulated data, it was possible to see that most of participants were at the desired
<0 to 15% error interval when the aerobic fitness was evaluated by MNG and CCF,,.q) (Figures 9 B and 9
C, respectively). On the other hand, when aerobic fitness was evaluated by © (Figure 9 A), the expected
uncertainty was higher than MNG and CCF,qk, showing that, at least for the tested participants, ©
estimation may rely more on signal-to-noise ratio to decrease estimation uncertainty, which is in accordance
to previous literature (27).

Since W changes in CWR and PRBS protocols were related to 20 and 80% of the GET, participants
were already close to the moderate-to-intense domain transition which means that the steady-state
amplitude was as high as possible and close to the upper ceiling of the moderate intensity domain. When
the GET is not available, the choice of selecting higher W to increase the signal-to-noise ratio may decrease
the error of estimates, however; it might also introduce non-linearities if the exercise domain switches to
intense (20, 24).

Using the reference lines in Figure 9, a signal-to-noise ratio lower than ~10, ~2 and ~4 was
associated to a maximum error of only 15% when the aerobic fitness was evaluated by 7, MNG and CCF,y.qx
(Figures 9 A, 9 B and 9 C, respectively). The intrinsic low-pass filtering characteristics of MNG calculations
(7-9) may explain the smaller uncertainty of its estimation in comparison with t and CCF,eq. Since

CCF,eqx calculation does not involve any estimation beyond a peak identification of the second-by-second

correlation between the shifted aV 0, time series across the PRBS exercise protocol (31), the uncertainty is
linearly defined by the signal-to-noise ratio (as demonstrated by Figure 9 C).

The computer simulations allowed us to speculate that: 1-) for all indexes used for aerobic fitness
level evaluation, there was always a certain expected degree of uncertainty, independently of the signal-to-
noise ratio, and 2-) the uncertainty level of T estimation was higher than the uncertainty of MNG and

CCFpeqx estimation.
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5.2 Relationship Between Aerobic Fitness and Power

In 2016, a study (55) elucidated a model that can be used to explain, at least partially, the expected
relationship between maximal aerobic power and fitness (7, 54) where a slower aerobic response to a new
metabolic demand might be related to a lower maximal aerobic power by limiting the functional capacity.

During incremental exercise protocols used to measure aVOz_peak (maximal aerobic power), the expected

linear relationship between work rate (W) and aV 0, seems to be explained by a progressive, and balanced,
slower aerobic response and higher system gain (i.e., aV0,/W ratio) (55). Despite the literature debate on
the relationship between aerobic system gain and muscle fatigue (25), the progressive loss of muscle
homeostasis and efficiency during incremental exercise seems to be related to the progressive increase in
type 1l fibers recruitment that has less oxidative capacity per unit of W (i.e., higher gain) (3, 30).
Accordingly, during incremental exercise, a slower aerobic system response to each work rate step increase
is followed by a higher system gain (maintaining the linearity between aV 0, and 1), which should lead to
a lower exercise capacity, thus lower aVOZ_peak. In fact, aerobic fitness, which is associated with effort
perception, seems to be more related with exercise capacity than with the aerobic system gain by itself (15).
Therefore, slower aV’ 0, response characterized by slower 7, and lower MNG and CCFpeq values, during
moderate exercise protocols, should be associated with a lower exercise tolerance by the progressive
accumulation of fatigue-related metabolites during the incremental protocols (26). It is plausible to predict
that a “buildup” of slower dynamics throughout the incremental exercise would lead to a lower exercise
capacity since higher anaerobic energy supply perturbances are related to time of exhaustion during very-
intense exhaustive exercise (37). Therefore, the aerobic fitness might be one of, if not the greatest,
determinants of the exercise capacity that is strictly related to maximal aerobic power.

As illustrated in Figure 10, maximal aerobic power was correlated with aerobic fitness (evaluated
by 7, MNG and CCFpqy) for some specific combinations of signal-to-noise ratio and sample size. The
effect of the signal-to-noise ratio on the correlation between aVOZ_peak with aerobic fitness was clearer
when T was used to estimate the fitness level (Figure 10 A). The correlation between aVOz_peak and t
increased as the mean signal-to-ratio increased, as demonstrated by the linear regression. The correlation
between MNG with aVOz_peak (Figure 10 B) was also influenced by the mean signal-to-noise level
although to a lesser extent than 7, as demonstrated by the linear regression between the correlation level
and the mean signal-to-noise ratio. These findings are supported by the initial computer simulations

presented in Figure 9, where a higher signal-to-noise ratio decreased the uncertainty of the aerobic fitness
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parameter estimates which in turn increased the expected correlation level between aVOz_peak with 7 and
MNG. The inherent filter of MNG calculation possibly decreased the dependence of the aVOZ_peak and
MNG correlation from the signal-to-noise ratio.

On the other hand, in contrast with our initial hypothesis, the correlation between maximal aerobic
power with CCF,.q) (Figure 10 C) was not influenced by the signal-to-noise ratio but vastly influenced by
the sample size where the p-values largely increased when the sample size was lower than ~ 35 participants.
The higher dependency of CCF,.q, on sample size might be related to the sensitivity of this parameter in
evaluating the speed of the aV0,. In contrast to MNG which is optimized to evaluate the aV 0, speed of a
physiological = range from 10 to 100 s (9), the magnitude of CCF),,;, changes decrease drastically when t
is higher than ~50 s (please check Figure 2 from (19)), which was the case in 16 (37%) participants.
Therefore, since the correlation between CCF),.,, and 7 is not linear and tends to a constant level after
slower than ~50 s, the aerobic fitness level evaluation by CCF,.q, Was compromised, thus higher sample
sizes would compensate this lower sensitivity for slower responses.

A few more factors must be considered when comparing 7, MNG and CCFyeqy With aV0,_peq
from the experimental data. First, in order to compare methods that are mostly used (8, 23, 31) for aerobic
fitness evaluation during PRBS protocols, the MNG and CCF,,, were calculated from two complete 450
s exercise sequences. Thus, in contrast to t that was estimated based on a single transition (8), the dataset
used for MNG and CCF,q calculations may have had a higher signal-to-noise ratio, despite a previous
study demonstrating no major differences in t estimation based on simulated data from different
combinations of exercise repetitions (17). Commonly, T is estimated from the ensemble-averaged aV 0,
data from multiple exercise repetitions performed at different days or within the same laboratory visit,
which should improve the signal-to-noise and the expected correlation between t and al'/Oz_peak.
However, one of the purposes of this study was to test the methods that could in fact be used in a single
visit (like the aVOZ_peak) to evaluate aerobic fitness from 7 (12), MNG (9) and CCFeq (19, 32).

Second, since we are comparing the aerobic fitness indexes with aVOz_peak, we must also
consider that the aVOZ_peak by itself might be also a source of error that may influence the correlations
presented in this study. However, aVOZ_peak calculation, in contrast to the aerobic fitness indexes obtained
during the moderate intensity exercise protocols, only requires a simple averaging of the last 20 seconds of

data. In addition, the signal-to-noise ratio at the aV’ 0,_peq is vastly higher than the aV 0, during the CWR
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and PRBS protocols due to the nature of the incremental exercise where the peak value is more discernible
from the random noise around the mean. During the peak of incremental exercise, considering an expected
error level of 0.15 I-mintand a al'/Oz_peak of 2.94 I-min? (group mean response), the signal-to-noise-ratio
of 19 indicates that the noise might be negligible. On the other hand, this same 0.15 I-min* of noise is
expected to impact the aerobic fitness parameter estimates if the steady-state amplitude is not large enough
to compensate this noise.

It is important to point out that the participants were recursively removed from the sample not to
improve the correlations but to increase, progressively, the signal-to-noise ratio which turned out improved
the correlation between power and fitness when aerobic fitness was evaluated by 7 and MNG (Figure 10).
This study design shows that the correlation between maximal aerobic power and aerobic fitness was
modified by the quality of the aV0, data that influences uncertainty of the parameter estimates, at least
when aerobic fitness was evaluated by T and MNG. For CCF,qy, the speed of the aV 0, seemed to also
influence its correlation with aV0,_eqy.

Aerobic fitness level evaluation has some advantages over maximal aerobic power assessment as,
beyond others, it can be evaluated during moderate intensity exercise. Thus, aerobic fitness can be more
broadly investigated in sedentary or less healthy individuals (26, 38) who are not able to push themselves
to the peak volitional fatigue. When compared to maximal incremental protocols used to measure
al'/Oz_peak, moderate intensity exercise testing has lower risks than those associated with maximal exertion
(48) and can be monitored outside of the laboratory confinements (5). However, aVOZ_peak is still the most
common tool to evaluate CRH (34, 47) and does not require any complex data analysis beyond a simple
data averaging at the peak of the exercise which is an advantage over aerobic fitness evaluation methods
because it is less susceptible to random noise.

The challenges of applying maximum exercise testing in patients with chronic diseases for
example make aerobic fitness investigation by indexes such as 7, MNG, or CCF,,4 a strong candidate for
CRH evaluation if an acceptable signal-to-noise ratio is reached. Our results showed that, at least to some
extent, moderate exercise protocols might be as good as maximum exertion exercise protocols to obtain
indexes related to CRH. As practical recommendations, we suggest the use of PRBS or multiple repetitions
of CWR protocol to evaluate aerobic fitness when a proper signal-to-noise ratio is reached. If the steady-
state amplitude and baseline noise are known, Figure 9 can be used to estimate the expected uncertainty of

the aerobic fitness indexes.
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6 Study Limitations

This study has some limitations that must be considered. No patients were included into the
sample, and the maximum aerobic power range was relatively small (from 1.49 to 4.55 I-min), thus more
studies are necessary to expand these findings to populations with chronic diseases for example. In addition,
since we are evaluating the influences of random noise around the mean expected aV 0, response, it was
assumed a constant noise across the entire simulated and experimental data, so the noise was not dependent
on the tested work rates. However, we may also consider that different noise levels might be present at

different work rates within the same participant.

7. Conclusion

Aeraobic fitness is related to maximum aerobic power in healthy subjects; however, this association
appeared to be dependent on the signal-to-noise ratio and the data analysis method used for aerobic fitness
evaluation. Our results suggest that sub-maximal exercise protocols (such as CWR and PRBS) might be as
good as maximum exertion exercise protocols to obtain indexes related to cardiorespiratory health;
however, extra caution is necessary for the methods used to evaluate aerobic fitness due to their high

dependency on signal-to-noise ratio.
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Figures Legend

Figure 1. Digital shift register composed by 4 stages to generate pseudorandom binary sequence
exercise protocols. The addition feedback module (3) add the values of the first and the fourth
stage and check the criteria statement. This result (0 or 1) is recorded and then inserted into stage
1, and the register is shifted to the right. The output sequence composed by 1 and 0 is transformed

in the target work rates where 1 = 80 % and 0 = 20% of the gas exchange threshold.

Figure 2. LabVIEW implementation of the digital shift register described in Figure 1 to generate
pseudorandom binary sequence (PRBS) exercise protocols. The software has 5 inputs: the number of digits,
the unit length, the initial register seeds, and the two work rate levels. From these inputs, the shift register
is populated, and the time series of protocol is built. The frequency analysis is also performed to evaluate
the signal on frequency space. The inputs are controlled by the user through the program graphical interface
and the outputs are also displayed. The exercise protocol on time domain can be exported from the “PRBS
S Time” graph. The software block diagram can be download at:

https://doi.org/10.6084/m9.figshare.12206654 (Supplementary Material 1). This software was built on

National Instruments LabVIEW Student Edition, 2014, for personal and scientific use only.

Figure 3. lllustration of the exercise protocols composed of a constant work rate (CWR), a pseudorandom
binary sequence (PRBS), and a maximal cardiopulmonary exercise testing (CPET). The two work rates (36
and 144 watts) of the CWR and PRBS protocols corresponded to 20 and 80% of the work rate at the gas
exchange threshold (GET) previously identified. The increment rate of the CPET protocol (16 watts.min
in this case) was calculated accordingly to participant’s sex, weight, height, and age. The alveolar oxygen

uptake (aV 0,, in I-min‘t) response to these protocols is also plotted.

Figure 4. lllustration of the aerobic fitness evaluated by time domain analysis of the alveolar oxygen uptake
(aV0,) dynamics during exercise transition. The aV’ 0, response to a step exercise protocol (A) is fitted
into a delayed mono-exponential model (solid line in B) and the cardiodynamic phase (11 s, fine pattern

area in C) is removed from the data by the analysis of the residuals (upper graphs). The remaining aV 0,
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data (C) are fitted into the same exponential model and the time constant = of this function is obtained.

Please see text for more information about data fitting.

Figure 5. lHlustration of the aerobic fitness evaluation based on the analysis of the alveolar oxygen uptake
(aV 0,, solid lines) dynamics during a pseudorandom binary sequence exercise protocol (dashed lines). The
second-by-second linearly interpolated data (A) of the two consecutives protocols were ensemble averaged
to obtain a single response (B). The exercise protocol and the aV 0, were transformed into the frequency
space by a fast Fourier transformation and the system gain was calculated by dividing the aV 0, by the
protocol amplitude at each of the analyzed frequencies and then normalized by the gain at frequency 2.2
mHz. The average of the normalized gains (in %) of the frequencies 4.4, 6.6 and 8.8 mHz (C) was taken as
the final index related to aerobic fitness (named Mean Normalized Gain, or MNG). In addition, the exercise
protocol work rate (upper graph in B) was cross-correlated with the aV 0, response (lower graph in B)
accordingly to previous study (19) to obtain the cross-correlation function at different lags. The peak of

CCF (CCFpeqx in D) is also related to the speed of the aV 0, dynamics, as the MNG.

Figure 6. Computer simulations of the alveolar oxygen uptake (aV0,) response to a constant and
pseudorandom binary sequence exercise protocols. The aV0, responses have different steady state
amplitudes (a = 225 and 1425 ml-min) and noise levels (50 and 400 ml-mint) resulting in a signal-to-
noise ratio of 28.5, 3.5, 4.5, and 0.5 in A, B, C, and D, respectively. Higher amplitudes associated with
lower noise levels result in remarkably high signal-to-noise ratio (A), and the opposite, in very low signal-
to-noise ratio (D). Higher noise can be counterbalance with higher amplitude (B), and lower amplitude can

be counterbalanced by lower noise (C), maintaining a reliable signal-to-noise ratio.

Figure 7. LabVIEW implementation of the computer program to generate the oxygen uptake simulations
with different noise levels. This software has three inputs (amplitude, tau and noise) and three outputs (time
constant tau [z], mean normalized gain [MNG] and cross-correlation peak [CCF,.qx]). Please see text for
more details. The software block diagram can be download at:

https://doi.org/10.6084/m9.figshare.12206663.v1 (Supplementary Material 2). Program built on NI

LabVIEW Student Edition - 2014, personal and research use only.
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Figure 8. Relationship between mean + SD signal-to-noise ratio and the study sample size. Participants
were ranked according to their signal-to-noise ratio and then those with the lowest signal-to-noise were

removed from the sample. As expected, the mean signal-to-noise increased as the sample size decreased.

Figure 9. Computer simulations of the alveolar oxygen uptake response during exercise transitions with
variable noise levels and steady state amplitudes. As displayed in A, B and C, the simulated data were
analyzed by time domain modelling (by the time constant 7), frequency domain analysis (by the mean
normalized gain, or MNG) and by the peak of the cross-correlation function (CCFq), respectively. For
each of the simulations, the error of the parameter estimate (colors) was taken as the difference, in
percentage, between the estimated parameter with its analogous estimate from the zero-noise signal. The
noise level and the steady state amplitude of the experimental data from the constant work rate tests
(participants data, open circle) were plotted within this reference frame. Some examples of the signal-to-
noise ratio (i.e., steady-state amplitude/noise level) are also plotted as white solid lines. See text for further

details about the computer simulations.

Figure 10. Correlations between the measured aerobic fitness parameters (tau [t], in A; mean normalized
gain [MNG], in B; and cross-correlation function peak [CCFpeq], in C) with maximal aerobic power
evaluated by peak alveolar oxygen uptake (aVOz_peak) at different signal-to-noise ratios estimated from
the constant work rate tests (x axis in A, B and C). The correlation coefficient is plotted in the lower A, B
and C graphs, and the statistical significance level (p value, open circles) and the sample size (dotted lines)
are displayed in the upper graphs as a function of the signal-to-noise ratio. A regression analysis between

the correlation coefficients and the signal-to-noise ratio was also performed.
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