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Background: Cerebrovascular reactivity (CVR) reflects the ability of cerebral blood vessels to adjust their diameter
in response to vasoactive stimuli, which is crucial for maintaining brain health. Traditional CVR assessments
commonly use a two-point measurement, assuming a linear relationship between cerebral blood flow (CBF) and
arterial CO,. However, this approach fails to capture non-linear characteristics, particularly the plateaus at
extreme CO, levels.

New method: This study introduces a cost-effective, ramp-based end-tidal CO2 (PETCO2) protocol to assess non-
linear aspects of CVR. Using transcranial Doppler ultrasound, we monitored blood velocity responses to pro-
gressive increases in arterial CO5 levels in eleven healthy adults, covering a spectrum from hypocapnia to
hypercapnia.

Results: All eleven participants successfully completed the protocol, with an average PETCO, range of
26 + 4 mmHg and blood velocity changes from —29 % to + 50 % relative to baseline. Non-linear CVR char-
acteristics were observed in all subjects. Sigmoid models provided significantly better fits to the CVR data than
linear models, while Bayesian approaches followed expected physiological ranges more accurately than least
squares regression methods.

Comparison with existing methods: Unlike traditional CVR methods, this ramp protocol captures the full, non-linear
CVR profile. The sigmoid modeling approach offers a more accurate representation of cerebrovascular dynamics,
particularly at CO, extremes.

Conclusions: The PETCO; ramp protocol with non-linear CVR modeling shows promise as an accessible and
reliable tool for assessing CBF dynamics. With high completion rates, straightforward implementation, and low
equipment cost, this approach holds significant potential for clinical applications in cerebrovascular health
evaluation.

1. Introduction

Cerebrovascular reactivity (CVR) describes the capacity for blood
vessels in the brain to constrict and dilate in response to vasoactive
factors. This metric can be measured by applying a vasoactive stimulus,
such as voluntary breathing tasks, gas inhalation protocols, or an acet-
azolamide injection (Liu et al., 2020; Pinto et al., 2021; Ringelstein et al.,
1992), and measuring the concomitant blood flow changes with a
non-invasive imaging modality such as magnetic resonance imaging
(MRI) or transcranial Doppler ultrasound (TCD).

MRI-based techniques, such as blood-oxygen-level-dependent
(BOLD) and arterial spin labelling (ASL) imaging, offer high spatial
resolution to non-invasively map CVR (Pinto et al., 2021; Sleight et al.,

2021). However, TCD provides a simpler, widely available, and
cost-effective alternative, enabling the measurement of blood velocity in
major cerebral arteries (Burley et al., 2021; McDonnell et al., 2013).
Hypercapnia induced by inhaling gas mixtures with elevated CO,
content is a common method to elicit CVR. This increases the partial
pressure of arterial COy (PaCOy), typically estimated via end-tidal CO,
(PETCO3) measurements. While many studies calculate CVR using a
two-point approach, one measure at baseline and another during hy-
percapnia, this method assumes a linear relationship between PaCOg
and cerebral blood flow (CBF) (Sleight et al., 2021; Bright and Murphy,
2013; van der Zande et al., 2005). However, at the end ranges of PaCO4
levels, both hypo- and hypercapnia, the relationship between CO, and
CBF exhibits non-linear characteristics, often plateauing due to maximal
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vasoconstriction or vasodilation. This plateau effect indicates that
beyond certain CO; thresholds, further changes in COy do not elicit
corresponding changes in CBF resulting in a non-linear relationship
between PaCO; and blood flow. Progressive changes in CO3 have indeed
demonstrated the sigmoidal nature of CVR in healthy subjects
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014; Claassen et al.,
2007; Ringelstein et al., 1988).

Existing methods for eliciting and measuring non-linear CVR re-
sponses have primarily relied on rebreathing protocols, computerised
targeted end-tidal forcing systems, and sequential gas delivery methods.
These approaches often involve progressive CO5 challenges to map CBF
responses, leveraging techniques such as TCD or MRI for assessment
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014; Claassen et al.,
2007; Ringelstein et al., 1988; Fan et al., 2016; Fisher et al., 2017;
Sobezyk et al., 2014). While effective, these protocols often require
specialized equipment and complex methodologies, limiting their
accessibility for broader clinical and research applications. Current
non-linear models of CVR commonly utilize a 4-parameter logistic
regression to capture physiologically relevant features, such as
maximum and minimum CBF responses, the inflection point of COy
sensitivity, and the slope in the linear response region
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014; Claassen et al.,
2007; Fan et al., 2016). Alternative approaches, such as biphasic linear
fits or circuit analysis models, have also been applied to delineate CVR
response types or vascular bed resistances under progressive CO» chal-
lenges (Fisher et al., 2017; Duffin et al., 2017). Despite these advances,
asymmetric sigmoid models, which may account for differential mech-
anisms governing cerebral blood vessel dynamics at their smallest and
widest calibres, remain unexplored in CVR research.

Motivating our research is the need for more clinically relevant and
broadly applicable measures of CVR. The two-point measure, a common
surrogate for CVR, fails to capture the complex shape and orientation of
the full CVR response, which may limit its diagnostic and therapeutic
utility. For example, a shift in baseline CBF reserve or a change in the
amplitude or speed of the CVR response could signify distinct patho-
logical mechanisms, yet these nuances remain indistinguishable with a
simplified measure. Linear models, while useful, are inherently limited
as they rely on a single parameter, slope, to indicate dysfunction. In
contrast, non-linear models can account for multiple parameters, such as
the inflection point between lower and upper plateaus, the range of the
response, and the baseline offset, which may provide deeper insights
into the nature of dysfunction and improve our understanding of
vascular responses in different pathologies. Given the association of
altered CVR with conditions such as stroke, cognitive decline, and
traumatic brain injury, advancing our ability to assess these dynamics
comprehensively is critical (Churchill et al., 2020; da Costa et al., 2016;
Krainik et al., 2005; Markus and Cullinane, 2001; Mutch et al., 2016;
Aslanyan et al., 2024). While further research is needed to validate these
applications, capturing the full spectrum of CVR dynamics without the
need for complex protocols or equipment could ultimately enhance
diagnostic precision and support the development of tailored thera-
peutic strategies.

In our study, we aim to address these limitations by presenting a cost-
effective and widely accessible protocol for eliciting non-linear CVR
responses using a combination of voluntary breathing techniques and
gas stimuli. We measure the resulting CBF changes in the middle cere-
bral artery (MCA) using TCD, providing a robust and practical approach
to characterizing cerebrovascular dynamics. In addition, we evaluate
and compare multiple modelling strategies, including 4-parameter
(symmetric) and 5-parameter (asymmetric) sigmoidal models, to cap-
ture the full spectrum of CVR responses. By incorporating least-squares
regression and Bayesian methods, we aim to identify an accurate and
clinically relevant approach to modelling CVR.
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2. Materials and methods
2.1. Ethical approval

All experimental procedures and protocols were approved by the
Medical Sciences Interdivisional Research FEthics Committee (MS
IDREC) of the University of Oxford’s Central University Research Ethics
Committee (CUREC), all of which conformed with the Declaration of
Helsinki. Written informed consent was obtained for all participants
before taking part in the study.

2.2. Data acquisition

A total of 11 healthy participants (5 female, 33 + 9 years of age) were
included in this study. All participants were non-smokers with no history
of psychiatric or brain disorders, hypertension, diabetes, or cardiovas-
cular disease. The sample size of 11 subjects was chosen based on pre-
cedent set by similar studies employing non-linear CVR methods, which
have typically used sample sizes ranging from 8 to 18 subjects
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014, 2015; Claassen
et al., 2007; Fisher et al., 2017).

To characterise the dynamics of the cerebral blood flow response to
the novel CVR protocol, blood flow velocity in the left MCA was
measured continuously using a 2 Hz probe and clinical TCD (7760EN
Doppler-BoxX Digital, Compumedics DWL). Along with transmission
gel, the TCD probe was placed on the transtemporal window and was
secured using an adjustable headset. The location and angle of the probe
was changed until a consistent blood flow velocity was achieved with a
high signal-to-noise ratio. All TCD data were acquired by a single trained
operator to ensure consistency and minimize operator-dependent vari-
ability. Signal quality was confirmed qualitatively by the trained oper-
ator, ensuring stable, pulsatile waveforms with clear spectral
delineation of systole and diastole, and high peak-to-background
amplitude.

A thin nasal cannula placed into both nostrils was used to sample CO»
and Oj levels in respired air and an infrared gas analyser (ML206,
ADInstruments). The COj, O, and TCD signals were recorded using a
PowerLab 8/35, 8 Channel recorder (PL3508 ADInstruments) and
accompanying LabChart Software.

Inspired gases were delivered using a custom gas delivery system
built in-house at the University of Oxford (Sparks et al., 2024). The setup
consisted of a disposable non-rebreathing anaesthetic face mask (Model
1181015, Intersurgical EcoLite Oxygen Mask) placed over the partici-
pant’s nose and mouth, secured using a head strap. Unidirectional sili-
con membranes on either side of the mask allowed exhaled air to escape
the mask while being sealed during inhalation and a medical-grade
respiratory filter (Model 1644007, Clear-Guard Midi Low Volume
Breathing Filter) was placed at the junction of the disposable circuit and
the permanent fixtures to prevent cross-contamination. On the perma-
nent side of the filter, a short length of tubing attached to two inter-
connected Y-pieces where respiratory gas mixtures could be delivered
one at a time at 15 L/min. The gas cylinders, each fitted with a pressure
regulator and flow metres, were operated by hand, following a pre-
defined ramp protocol.

The ramp protocol consisted of 3 repetitions of 5 deep breaths, fol-
lowed by 30 s of regular breathing on synthetic medical air (21 % O, /
79 % Nj), 40 s breathing a 5 % CO; balanced gas mixture (BOC Group,
Linde, Surrey, UK), and 40 s breathing a 10 % CO; balanced gas mixture
(BOC Group, Linde, Surrey, UK). A diagram of the protocol is illustrated
in Fig. 1. The deep breathing instructions were given verbally and the
participants were notified when the gases were changed and for the last
10 s of breathing the 10 % CO2 gas mixture. Participants were trained
prior to starting the ramp protocol to take full deep breaths without
pauses and were allowed to test breathing the different gases. This
testing time was also used to check for leaks at the mask-face interface
identified via the capnometry trace which were plugged with additional
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A) 5 Deep Breaths (~45 s)

B) 30s Air

C) 40s Air+5 % CO,

D) 40s Air+10 % CO,
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Fig. 1. Ramp paradigm diagram consisting of A) 5 deep breaths, B) 30 s of air, C) 40 s of air with 5 % CO, and D) 40 s of air with 10 % COs. The full ramp protocol

consisted of 3 repeats of this sequence.
rubber fittings if needed.

2.3. Data analysis

2.3.1. Preprocessing

The CO, O3, and TCD data were acquired at 200 Hz. Data processing
and analysis was performed using custom scripts in Python 3.10.8. The
raw TCD outputs were converted to cm/s using a calibration factor of
202.07 cm/s/V based on the DWL software, and values below 14 cm/s
were removed as they corresponded with bottoming out of the TCD
signal. The gas signals were converted from percent to mmHg using a
conversion factor derived from the acquisition-day 12.00 PM atmo-
spheric pressure in Oxford, UK (EODG).

A rolling mean of the MCA velocity (MCAy) was applied across the
pulsatile signal. The end-tidal peaks in the CO, and O, time-courses
were selected automatically. To account for measurement delay, a
bulk shift was applied to each PETCO, trace to maximise its cross-
correlation with the mean MCAy signal. To account for equipment and
physiological delays, a manual shift (mean across subjects of —16 + 8 s)
was applied to align each participant’s PETCO trace with their MCAy
trace. A low-pass filter was applied to the MCAy and PETCO; time
courses with a window size of 50 samples, corresponding to a time
window of 0.25 s at the sampling rate of 200 Hz, corresponding to an
effective cutoff frequency of 2 Hz. The filter was implemented using the
rolling mean method in Python’s Pandas library, which calculated the
rolling average over the specified window size (The pandas development
team, 2024). This approach smoothed high-frequency noise while pre-
serving the physiological signal’s key characteristics. MCAy was nor-
malised relative to the mean MCAv during the baseline period
(breathing air) to account for any variations in probe angle relative to
the MCA. Only the 3 ramp-up, blood vessel dilation components of the
protocol were isolated for further analysis since the dynamics for dila-
tion and constriction may not be the same (Zheng et al., 2010). This
approach was chosen to prioritize consistency in the modelling process
and reduce potential variability.

2.3.2. Model fitting

CVR was characterised by fitting 4-parameter and 5-parameter sig-
moid models to the MCAy vs. PETCO, data for each subject as shown in
Eqg. (1) and Eq. (2) respectively. In these equations, ‘a’ represents the
minimum blood velocity (bounded between 0 <a<1 a.u.), ‘b’ represents
the slope of the linear region (0 <b<20 mmHg/a.u.), ‘c’ describes the
PETCO;, value for the inflection point (0 <c<60 mmHg), and ‘d’ is the
span of the blood velocity (0 <d<4 a.u.) (Bhogal et al., 2014; Claassen
et al., 2007). It should be noted that the inflection point in the sigmoid
model represents the CO; level corresponding to the steepest slope of the
curve, marking the transition between lower and upper plateaus, irre-
spective of the specific CO, inhalation conditions. The 5th parameter in
Eq. (2), ‘s’, is an asymmetry parameter that allows the lower and upper
plateaus to occur at different rates (0.1 <s < 10 a.u.).

d
y=a + = (€]
l+ed
d
y=a +(—=) @
1+ed

Fitting of these models was done using a least-squares regression
(LSR) method with SciPy (Virtanen et al., 2020) and a Bayesian nested
sampler method with the python package BayesicFitting (Kester and
Mueller, 2021). Gaussian priors were used for the parameters in the
Bayesian fitting approach, defined by a mean and standard deviation
with ‘@’ ~ N(0.3 £+ 0.15 a.u.), ‘b> ~ N(10 + 5 mmHg/a.u.), ‘c’ ~ N(35
+ 4 mmHg), ‘d’ ~ N(2.5 + 0.5 a.u.), ‘s’ ~ N(1 £ 0.5 a.u.).

2.3.3. Statistical analysis

To compare the goodness of fit of the models to the data, the
Bayesian information criterion (BIC) was calculated for all the models
based on Eq. (3) (Schwarz, 1978).

BIC = n-log(?) +K-log(n) 3

In the calculation of the BIC, n is the number of data points, RSS is the
residual sum of squares error, and K is the number of model parameters.
Here a lower BIC value indicates a closer fit to the true model and fa-

vours model simplicity (fewer parameters) to avoid overfitting.
3. Results

All 11 participants completed the full protocol. A few participants
reported noticing a slight difference in smell/taste and feelings of
breathlessness during the protocol, notably especially during the 40 s of
10 % COy gas mixture. None-the-less, all participants responded that
they would still be comfortable to repeat the study.

The TCD blood velocity measure and CO trace for a representative
subject is shown in Fig. 2. The rolling mean blood velocity signal, MCAy,
is overlaid on the TCD signal, and the PETCO» points and interpolation
are overlaid on the CO; signal.

The range in PETCO, throughout the ramp protocol varied somewhat
between subjects due to differences in the seal of the mask, breathing
rate and depth as well as individual metabolism. On average, the
maximum and minimum PETCO, values reached were 52 + 2 mmHg
and 27 + 4 mmHg respectively, with a mean PETCO; span of 26

+ 4 mmHg. The average baseline PETCO, was 34 + 2 mmHg. The

average baseline MCAy was 32 + 7 cm/s, and across all participants, the
average MCAy reduction during hypocapnia was 71 + 15 % of baseline
and the subsequent increase during hypercapnia was 150 + 23 % rela-
tive to baseline.

The MCAv is plotted as a function of the PETCO, for each participant,
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Fig. 2. TCD blood velocity (black, top) and CO, trace (blue, bottom) during the ramp protocol for a representative subject. The rolling mean of the blood flow
velocity is overlaid in red (top). The end-tidal CO, points are represented by green stars and the interpolation between those points is shown in red (bottom).

Sub-007.

presented in Fig. 3, including the linear regression lines, and the 4-
parameter (4p) and 5-parameter (5p) models both fit with the LSR and
Bayesian methods. It should be noted that subject 8 illustrated a highly
variable PETCO, trace, attributed to shallow breathing.

Bar graphs of the parameter values for each subject for the 4p and 5p
models are presented in Fig. 4 and Fig. 5 respectively. The values
derived using the LSR and Bayes methods are presented for both models.

The BIC values of the linear, 4p LSR, 4p Bayes, 5p LSR, and 5p Bayes
models are presented for each subject in Table 1. The subject mean and
standard deviations (with and without sub-008) are also shown. Note
that a more negative BIC value corresponds to a closer fit to the data,
while accounting for the number of parameters in the model.

4. Discussion

In this work we present a PETCO, ramp protocol that allows the
assessment of non-linear features of CVR with TCD. All 11 participants
completed the protocol without complications, however 3 participants
noted that breathing the air with 10 % CO2 made them feel breathless.

The timing of the ramp protocol components was determined
experimentally with 4 trained volunteers with the aim to find a balance
between the largest feasible range in PETCO2 while maintaining the
safety and comfort of participants. The 5 deep breaths were chosen to
decrease and briefly maintain a PETCO, below baseline. After 30 s of
normal breathing on air, participants’ PETCO5 had returned to baseline,
and after 40 s of breathing 5 % CO,, the PETCO5, values plateaued again
at approximately 25 % above baseline. The 10 % CO, was maintained
for the duration that all testing participants still found comfortable
which resulted in a further increase in PETCO; to approximately 50 %
above baseline.

The data showed minimal differences between the three ramp up
segments with each acquisition except for in 1 participant (sub-008).
The variation between the ramps in this participant is attributed to
shallow breathing, resulting in PETCO2 calculations from only partially
expired breaths and significant differences in the PETCO5 values be-
tween ramps. Due to potential inaccuracy of the PETCO2 measurements,

this participant was excluded from further statistical analysis. Notice-
able differences between participant’s MCAy responses to the ramp
PETCO- protocol are that some participants show significantly more
shouldering at the top and bottom of their response curve than others
(such as sub-002, sub-010, and sub-006). The more linear responses
(such as sub-003 and sub-004) could be due to not exceeding the linear
regime for these participants. Furthermore, sub-002 with low resting
blood flow measures had a large and fast increase in the normalised
MCAy as PETCO, increased, but a minimal reduction in blood flow
during the deep breaths. These features will be important to explore in
larger participant groups as well as between sessions of repeated mea-
surements on the same subject.

Non-linear CVR features were observed in the TCD data of all sub-
jects, however some illustrate greater plateauing than others at the top
or bottom ranges of the stimuli. The 4p and 5p models showed much
closer fits to the data compared to a linear fit, based on significantly
better BIC values for the non-linear models. Our results indicate that the
linear regime in the CVR response is highly variable between subjects, as
some individuals exhibit significant non-linear transitions or plateaus in
the vascular response curve. These findings align with previous studies
showing a sigmoidal CVR response as well as with literature showing
that linear CVR metrics can be inconsistent due to variability in vascular
reactivity —across populations and experimental conditions
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014; Claassen et al.,
2007; Ringelstein et al., 1988; Zhao et al., 2022). The sigmoidal
modelling approach used in this study addresses these limitations by
providing parameters that capture the non-linear dynamics of vascular
reactivity, such as the slope, response span, and inflection point while
still allowing for a linear regime to exist, which are critical for under-
standing individualized vascular responses.

Both LSR and Bayesian methods were used to fit the non-linear
models, with the greatest difference in methodology being the incor-
poration of priors into the Bayesian approach. The gaussian priors were
based on the expected behaviour of the healthy physiology and were
informed by existing but limited research. All priors were given wide
gaussian standard deviations as not to over-bias the fitting based on
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expectations and allow for variation between subjects. While there is
limited research that clearly defines the normal boundaries of blood
flow parameters in the MCA, assumptions were made based on other
CVR and physiology studies. CBF below 50 % of baseline has been
shown to be a lower limit in the conscious brain and is very unlikely to
occur, so while the absolute lower bounds of the sigmoid (parameter a)
were set at 0, the priors for the Bayesian modelling of the lower bound
were set at 30 % of baseline (Claassen et al., 2021; del Zoppo et al.,
2011). Furthermore, based on the results of non-linear CVR mapping by
Fan et al. and Ringelstein et al., it was assumed that the MCAy was
unlikely to ever go above 300 % of baseline and the upper shoulder
regime of the sigmoid occurred between 130 % and 160 % for most
adults (Ringelstein et al., 1988; Fan et al., 2016). As a result, the
maximum span of the sigmoid (parameter d) was set to reflect no more
than a 4-fold increase in blood flow from hypocapnia and the priors for
the Bayesian analysis were set to represent a 250 % increase with a wide
standard deviation of £ 50 %. The bounds for the slope of the linear
regime (parameter b), inflection point (parameter c), and asymmetry
parameter (parameter s), were all set to have wide bounds, with the
slope assumed to be positive, and the priors of the inflection point set
with a mean of 35 mmHg based on previous CVR research
(Battisti-Charbonney et al., 2011; Bhogal et al., 2014; Claassen et al.,
2007; Fan et al., 2016).

When assessed using the Bayesian fitting, the parameters values for
the 4p and 5p models are very similar, however with the LSR fit, the
values of the inflection point (parameter b) trades off significantly with
the asymmetry parameter (parameter s) in the 5p model. The asymmetry
parameter also showed significant variation between subjects when fit
with the LSR method and despite resulting in the same BIC score (BIC =
—4035 for both the LSR 4p and 5p methods), this suggests the model is
overfitting the data. When fitted with the Bayesian method, the asym-
metry parameter stayed close to s = 1 for all subjects, suggesting that the
sigmoids are quite symmetrical. With the minor asymmetry parameters,
the 5p model still showed a slightly worse BIC score of —3994 compared
to —4022 for the Bayes 4p model.

The Bayesian and LSR methods showed noticeable differences

between the parameter values for some, but not all subjects, especially
for the minimum blood velocity (parameter a), with more minor dif-
ferences between the other parameters. When assessed using both
methods, the parameter ‘c’, representing the inflection point, aligns with
previous literature where sigmoid midpoints typically sit between 36
and 46 mmHg, slightly above resting PETCO, levels
(Battisti-Charbonney et al., 2011; Claassen et al., 2007; Fan et al., 2016).
Similarly, the response range (‘a’ and ‘d’) is consistent with reported
spans, ranging from 90 % to 150 % change in MCAv in TCD, but is more
variable when assessed using the LSR method compared to the Bayesian
method (Claassen et al., 2007; Fan et al., 2016). Our results suggest that
the range of the linear regime is variable between participants, in some
cases showing a linear regime above 10 mmHg which is higher than
previously reported (Battisti-Charbonney et al., 2011; Bhogal et al.,
2014; Fan et al., 2016). With the advantage of the priors, the Bayesian
method more closely approaches the expected physiological ranges,
while the LSR method hits the parameter limits for a number of par-
ticipants in which cases it goes to unreasonable extremes to more closely
fit all of the data, such as in the case of some very high asymmetry values
with the 5p model. While the LSR method achieves a lower BIC score,
this advantage is inherent to its optimization process, which explicitly
minimizes the residual sum of squares error, a key component in BIC
calculation. In contrast, the Bayesian approach is not directly optimized
for this criterion, introducing a bias in favour of the LSR method when
evaluated using the BIC. None-the-less, it is important to note that
despite fitting the data as well as the physiological priors, the Bayesian
method still results in a goodness of fit comparable to the LSR method,
with a BIC of —4022 for the Bayesian 4p method and —4035 for the LSR
4p method.

It is important to note that neither method can be declared defini-
tively more accurate or unbiased in the absence of a "gold standard’ or
simulation-based validation. Instead, each approach offers unique ad-
vantages: the LSR method excels in computational simplicity and direct
optimization of residuals, whereas the Bayesian approach incorporates
prior information and generates posterior distributions, enabling richer
parameter estimation and uncertainty quantification.



G. Hayes et al.

001 002 003 004 005 006 007 008 009 010 011

Subject

001 004 005 006 007 008 009 010 OI1
Subject
20 - [
15
[=5
b
g~|10
5
0

001 002 003 004 005 006 007 008 009 010 OI1
Subject

Journal of Neuroscience Methods 416 (2025) 110381

001 002 003 004 005 006 007 008 009 010 OI1
Subject

d opt 5p

001 002 003 004 005 006 007 008 009 010 OI1
Subject

Fig. 5. 5-parameter model bar graphs for parameters a (lower plateau, top left), b (upper plateau, top right), c (inflection point, middle left), d (steepness, middle
right), and s (symmetry, bottom left) for each subject fit with the LSR (blue) and Bayes (red) methods.

Table 1

Bayesian information criterion error for linear regression, 4p LSR, 4p Bayes, 5p
LSR, and 5p Bayes for all subjects including the mean and standard deviation for
each model across subjects, with and without sub-008.

Subject Linear LSR 4p LSR 5p Bayes 4p Bayes 5p
Sub—001 —4536 —4673 —4678 —4628 —4636
Sub—002 —3159 —3775 —3806 —3767 —3766
Sub—003 —3733 —3747 —3740 -3717 —3736
Sub—004 —4144 —4098 —4091 —4095 —4089
Sub—005 —4270 —4321 —4315 —4313 —4203
Sub—006 —3447 —3751 —3755 —3740 —3725
Sub—007 —4003 —4074 —4070 —4073 —4022
Sub—008 —2008 —2000 —1994 —1997 —1989
Sub—009 —3930 —3979 —3974 —3969 —3955
Sub—010 —3912 —3946 -3940 —3938 —3833
Sub—011 —3910 —3987 —3981 —3979 -3977
Mean+SD -3732 —3850 —3849 —3838 -3812
+683 +671 +672 +666 +659
Mean +SD  —3904 —4035 —4035 —4022 —3994
+394 +287 +285 +281 +276

" with sub-008 removed

4.1. Limitations and future work

With TCD allowing for high-temporal resolution blood velocity
measures at a low cost, it is routinely used in clinical practice and

research, however it is not without its limitations. The blood velocity
measure can be affected by the angle of the probe with the blood vessel
and a TCD’s accuracy is highly dependent on the operator (Purkayastha
and Sorond, 2013). To mitigate these risks, the same trained operator
helped with the acquisition of all TCD data, and MCAy values were
normalised relative to the MCAy measured at baseline. Furthermore,
since our CVR metrics were only based on blood velocity measured in
the MCA it is not necessarily representative of blood flow in the rest of
the brain as there may exist regional differences (Battisti-Charbonney
et al., 2011; Kety and Schmidt, 1948; Willie et al., 2012). For example,
integrating multimodal validation with BOLD fMRI would provide an
opportunity to enrich our understanding of cerebrovascular dynamics
across the brain. While TCD measures reflect blood velocity changes
within the MCA, BOLD fMRI captures oxygenation-dependent signal
changes that also incorporates cerebral perfusion and metabolism with
high spatial resolution. Future assessment of this CVR ramp protocol in
MRI will allow for measures of cerebral blood flow with high spatial
resolution and the study of regional CVR across the brain.

One of the major assumptions in many CVR studies, including our
own, is the reliance on PETCO; as a surrogate measure for PaCO,. While
PETCO; is a non-invasive and easily obtainable measure, it may not
always accurately reflect PaCO; as it can be influenced by variance in
ventilation and perfusion (Bussotti et al., 2008; Sun et al., 2022; Thir-
apatarapong et al., 2013; Wasserman et al., 1967). Consequently, the
use of PETCO; as a proxy for PaCO,, while practical and frequently
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implemented in CVR studies, introduces a degree of uncertainty and
potential error in the CVR values (Nassar and Schmidt, 2017).
Furthermore, other studies using programmable gas delivery systems
can offer significant improvements in the stability of PETCO; values
compared to fixed inspired CO5 methods, and can therefore reduce the
potential for error and enhance the precision of CVR mapping (Blockley
et al., 2011; Fisher et al., 2016; Robbins et al., 1982; Wise et al., 2007).
Moreover, direct arterial measurements, although more invasive, pro-
vide the most accurate assessment of PaCO,. Our study utilises a fixed
inhaled CO, system and breathing protocol, which, although less pre-
cise, is inexpensive and very easy to implement, making it a practical
option for larger-scale or resource-limited studies.

Another limitation in our study is that continuous arterial blood
pressure (ABP) measurements were not taken throughout the ramp
protocol and only a baseline blood pressure measure was acquired while
the participants were at rest using an arm cuff to rule out hypertension.
Continuous ABP measurements could provide more insights into CVR by
means of a conductance index which can somewhat account for the
impact of changes in perfusion pressure on blood velocity and vasodi-
lation (Bailey et al., 2022; Miller et al., 2018). Some studies have
demonstrated that changes in ABP induced by vasoactive stimuli can
impact the CBF response and therefore affect the CVR values in some
adults (Willie et al., 2012; Howe et al., 2020; Regan et al., 2014; Walsh
et al., 2024). Other studies have shown that when using up to 7 %
inspired CO5 gas mixtures, the increase in ABP has minimal effects on
MCAv and CVR (Worley et al, 2024). Further research by
Battisti-Charbonney et al. showed that the MCAv response to COy was
unchanged by ABP considerations up to a threshold of ~50 mmHg,
above which both MCAv and ABP demonstrated a linear increase with
CO4, tension (Battisti-Charbonney et al., 2011). A linear regime in MCAy
was not noticeable at high PETCO, values in the results of our study,
however the maximum PETCO; reached by most participants was only
slightly above 50 mmHg (52 + 2 mmHg on average) and was only
maintained for a few seconds before participants returned to breathing
air. It should also be noted that in patient groups, ABP could more
significantly alter CVR (Dumville et al., 1998), and accounting for ABP
may become increasingly important when assessing older adults (Miller
et al., 2018). Future studies may benefit from measuring and accounting
for continuous ABP changes especially when using hypercapnic stimuli
that go significantly above 50 mmHg or when investigating patient
groups.

It should also be noted that the model bounds and priors presented in
our analysis of the CVR curves are based on a limited body of research on
the physiological bounds of cerebral blood flow in nominally healthy
humans. To mitigate this, large absolute bounds and wide standard
deviations in the gaussian priors of the Bayesian models were defined to
allow for subject variability and to not overly bias the model fits.
Furthermore, the use of the BIC to compare models was presented as a
means of assessing the distance of the model fits from the data, however
it is not a fair direct comparison between the Bayesian and LSR
modelling approaches since the BIC is based on the residual sum of
squares error which the LSR method utilises to define its fit. Future
analyses would benefit from including other statistical comparisons to
assessment of model fits such as using separate datasets for model fitting
and validation, or by leveraging simulations to benchmark the accuracy
and bias of each approach under controlled conditions. Additionally,
while this study focused on the dilation phase of the CVR response,
future research could investigate the constriction phase to provide a
more comprehensive assessment of cerebrovascular dynamics. The
potentially differing physiological mechanisms of dilation and
constriction warrant further exploration.

While our ramp protocol and models provide valuable insights into
the normal functioning of cerebrovascular mechanisms, it has limita-
tions when applied to pathological conditions. Non-linear CVR is an
emerging area of study that may offer a deeper understanding of cere-
brovascular health and disease. However, the applicability of our
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findings to pathological states remains uncertain due to the lack of
extensive research in this area, especially when using Bayesian priors
based on physiology of healthy adults, as different models may be
needed in diseased states. Studies have indicated that non-linear CVR
measures can reveal important differences in patients with cerebrovas-
cular diseases. For instance, research on patients with moyamoya dis-
ease has shown altered CVR patterns, suggesting potential diagnostic
and prognostic utility (Deckers et al., 2021; He et al., 2024; Liu et al.,
2021; Sam et al., 2015). Similarly, other studies have identified changes
in CVR in conditions such as stroke, cognitive decline, and traumatic
brain injury, highlighting its relevance in various pathologies (Churchill
et al., 2020; da Costa et al., 2016; Krainik et al., 2005; Markus and
Cullinane, 2001; Mutch et al., 2016; Aslanyan et al., 2024). These
findings imply that CVR measures could be useful in distinguishing and
better understanding cerebrovascular pathology, and non-linear CVR
may offer additional insights into the nature of the CVR impairment.
Nevertheless, more research is needed to better understand how
non-linear CVR changes in different diseases and to establish stand-
ardised protocols for its assessment in clinical settings. Expanding the
study of non-linear CVR to pathological cohorts will be essential to
validate its clinical applicability and enhance our understanding of ce-
rebrovascular changes in disease.

Finally, our study presents the ramp protocol in only a small sample
size of 11 healthy adults and requires more research in a larger cohort
with a greater diversity of ages, backgrounds, and lifestyle factors to
assess population variability, protocol tolerance, and repeatability. With
the large dynamic range in blood flow, ease of implementation, high
completion rate, and low equipment cost compared to other methods of
assessing CVR, these methods and models could offer an accurate and
convenient quantification of CBF dynamics useful for clinical adoption.

5. Conclusion

We developed a low-cost, clinically relevant method for assessing the
non-linear features of CVR with TCD based on a PETCO2 ramp protocol.
This novel CVR protocol is designed as an accessible entryway into the
study of non-linear CVR dynamics. The CVR responses to this protocol
were better fit with 4- and 5-parameter sigmoids than a linear model and
Bayesian model fitting allowed for prior physiological information to
favour fitting the data within reasonable bounds. Future work includes
extending the use of this cost-effective ramp protocol and non-linear
CVR modelling in MRI in a larger participant group.
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