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SUMMARY

Cerebral blood flow is an important biomarker of brain health and function. Numerous
conditions, such as ischemic stroke and subarachnoid hemorrhage, are associated with
compromised cerebral blood flow that, if left untreated, can lead to neuronal death and
ultimately to significant adverse outcomes. To optimize clinical management after a brain
injury, there is an unmet need for noninvasive modalities that can monitor cerebral
perfusion for improved patient-centered care that prevents further brain injury. Diffuse
correlation spectroscopy (DCS) is an emerging low-cost (<$50k) optical modality that can
provide measurements of microvascular cerebral blood flow in a non-invasive and portable
manner.

DCS measures an index of blood flow (BFI, cm?/s). while BFI has been correlated
in vivo with measurements of blood flow made with other perfusion modalities, the
dependence of BFI on red blood cell properties (i.e., flow velocity, vessel size, hematocrit,
and morphology) is less understood. The first aim of this dissertation focuses on the
theoretical advancement of DCS by designing a novel microfluidic tissue-simulating
phantom to explore the contribution of flow velocity, vessel size, and hematocrit on the
measured DCS blood flow index, which to date has not been well defined. Understanding
these influences will improve the accuracy of the DCS blood flow index and expand the
clinical applications of DCS.

The second aim of this dissertation explores the translational potential of DCS
measurements of microvascular cerebral perfusion in patients with subarachnoid
hemorrhage (SAH). | demonstrate the clinical utility of these measurements by monitoring

the CBF response to a commonly used vasodilatory treatment for SAH. The results

XVi



demonstrate that a lack of CBF response to this treatment is associated with development
of a secondary stroke. Thus, the blood flow response to this treatment could be used as a
novel early biomarker of poor outcome, alerting clinicians that alternative interventions are

merited.
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Chapter 1: Background

1.1 Importance of Cerebral Blood Flow

Although the human brain weighs less than 2% of the totally body weight, it consumes
more than 20% of the body’s energy. Adequate cerebral blood flow (CBF) is critical for
delivery of oxygen and nutrients necessary to maintain neuronal health and function, and,
ultimately, brain function and viability. Compromised blood flow may lead to dangerous
clinical conditions in the brain, including stroke?®, hemorrhage?, traumatic brain injury®®,
hypoxic-ischemia’®, and hypertension®!!, These diseased states encompass not only
significant reductions or elevations in flow, but also critical impairments in the
autoregulatory and neurovascular coupling mechanisms that regulate vascular tone!?4,
Thus, cerebral hemodynamics can serve as an informative biomarker of injury severity,

progression, and mechanism.

1.2 Quantifying Cerebral Blood Flow with Current Imaging Modalities

Cerebral blood flow is typically quantified as a volumetric flow rate per 100g of brain
tissue (units: mL/100g tissue/min). Normal CBF for healthy adults is ~50 mL/100g tissue/
min®®. After injury, such as in the case of traumatic brain injury or stroke, CBF can decrease
to 20-40 mL/100g tissue/min'®t’. If flow decreases lower than 20 mL/100g tissue/min,
infarction occurs®®.

Currently, a handful of imaging modalities exist to quantify cerebral blood flow,
such as magnetic resonance imaging (MRI)¥**? nuclear medicine (PET, SPECT)%*%,

transcranial Doppler ultrasound (TCD)?, and x-ray imaging coupled with a radioactive



tracer (e.g., Xenon-CT). The following sections summarize key advantages and

disadvantages of these existing imaging modalities that measure CBF (Table 1)*2.

Table 1: Table of perfusion modalities available for clinical use

Imaging Invasiveness | Spatial | Absolute Blood | Continuous Bedside
Modalities Extent | Flow Measurements
Perfusion Non- Global | Absolute Snapshot No
MRI invasive/ (repeatable)

Invasive
PET/ Invasive Local | Relative/Absolute | Snapshot No
SPECT
Xenon-CT | Non-invasive | Local | Absolute Snapshot No
Doppler Non-invasive | Local | Relative Snapshot/ Yes
Ultrasound Continuous

1.2.1 Perfusion Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is an imaging modality that not only provides clear

structural images of the whole brain but also is used for perfusion imaging. There are two

main types of perfusion MRI techniques that have been developed using: 1) an endogenous

contrast agent (arterial blood water) and 2) an exogenous, intravascular contrast agent

(typically gadolinium)?,

ASL-MRI uses the endogenous contrast provided by blood water protons as a

diffusible tracer for high resolution (~mms) estimation of cerebral blood flow?. In ASL-

MRI, a control image is first acquired without any arterial labeling. Next, there are three



types of ways in which the arterial protons can be magnetically labelled, usually in the neck
for brain imaging: 1) continuous (CASL), 2) pulsed labeling (PASL), and 3) pseudo-
continuous (pCASL)?. In the clinical setting, pCASL is the recommended ASL pulse
sequencing method, due to its high labeling efficiency and straightforward data acquisition
protocols?’. Next, the protons are “labelled” as they pass through the labeling plane,
typically applied at the base of the brain?®. ASL-MRI measures the difference in the
longitudinal relaxation time (T1) between the labeled and control images, which suppresses
signal contribution from static tissue?®?°. By solving the Bloch equations, which relate the
dependence of brain water magnetization to blood flow®, ASL-MRI reports voxel-wise
values of CBF in units of mL/100g tissue/min.

Perfusion MRI can also be conducted by using an exogenous contrast agent. Both
dynamic susceptibility contrast (DSC)-MRI and dynamic contrast-enhanced (DCE)-MRI
use an intravenous bolus injection of gadolinium (Gd)-based contrast agent. In DSC-MRI,
the Gd bolus is tracked and captured through a series of transverse relaxation time (T2)-
weighted images, as the bolus traverses throughout the brain®t. When plotting the signal
intensity against time, there is a sharp decrease in the T2 signal intensity due to the contrast
agent, known as the susceptibility effect. By using the principles of the indicator dilution
theory, this signal information can be converted into the concentration of the contrast agent
within a given volume of interest as a function of time to yield CBF®. In contrast, DCE-
MRI involves the serial acquisition of longitudinal relaxation time (T1) images before,
during, and after the Gd bolus injection. CBF is also quantified by fitting the concentration
versus time curves, which are derived from the T1 signal intensities*®. Both DSC-MRI and

DCE-MRI correlate with each other®3. However, DSC-MRI is more commonly used since



the postprocessing software is easy-to-use and widely available but provides regional
variations in cerebral blood flow.

Finally, to complement ASL-MRI and DSC-MRI, another form of a non-invasive
perfusion MRI method is phase contrast (PC)-MRI. PC-MRI measures the flow flux of the
large feeding arteries in the brain (i.e., internal carotid and vertebral arteries) to quantify
absolute values of whole-brain cerebral blood flow**®. While PC-MRI cannot provide
spatial information on blood flow distribution, PC-MRI can be used as a calibration factor
for ASL-MRI and DSC-MRI, in times when quantification is confounded by factors such
as labeling efficiency®.

Ultimately, while ASL-MRI is non-invasive and requires no exogenous contrast
agent or ionizing radiation, all three types of perfusion MRI offer only snapshot
measurements in time while the patient is in the scanner, pose a financial burden, require
anesthesia in children under 6yrs®’, which also introduces a confounding effect of sedation
on CBF, and finally requires the patient to be transported to the scanner, which may pose

complications and not be feasible to critically ill patients.

1.2.2 Nuclear Medicine (PET/SPECT)

Nuclear medicine is another imaging modality employed in the clinic to measure cerebral
blood flow. Positron emission tomography (PET) utilizes a radioactive tracer to measure
cerebral blood flow. The injected radionuclides decay via positron emission. When emitted
positrons collide with nearby electrons in tissue, gamma rays are emitted that are picked
up by detectors within the PET scanner?’. In a PET scanner, detectors are located all around
(360°), resulting in improved sensitivity and uniformity and high spatial resolution?*. While

PET is typically used to measure the cerebral metabolic rate of glucose consumption in the



brain, PET with [*°O]-water as the radioactive tracer is commonly utilized to quantify
cerebral blood flow®3, Here, [*°O]-water is injected into the patient, and local CBF is
quantified by utilizing Ficks law to fit the concentration of the radioactive tracer as a
function of time curve for each volume of interest.

Single-photon emission computerized tomography (SPECT) is another nuclear
medicine technique that uses gamma rays via a radioactive tracer to measure regional
cerebral blood flow. While a SPECT scanner contains different hardware than a PET
scanner (such as number of detectors), uses isotopes with longer half-lives, and produces
lower quality spatial resolution images, both modalities have a similar overarching
technique, which is injecting a radioactive tracer and measuring the tissue uptake by the
brain to calculate cerebral blood flow. Overall, while PET/SPECT offer the advantage of
individualized treatment from a patient’s blood flow, it is cost prohibitive, and patients
need to be wheeled to the scanner. Most importantly, nuclear medicine imaging results in
exposure to radiation, preventing longitudinal monitoring as any amount of exposure to

radiation increases a patient’s lifetime risk of cancer.

1.2.3 Xenon-CT

Xenon-enhanced computed tomography (Xenon-CT) is a heuroimaging technique where a
subject inhales nonradioactive Xenon-133 gas during CT image acquisition®®. After
Xenon-133 inhalation, a series of CT images are acquired at various timepoints to capture
the Xenon clearance. The calculation of cerebral blood flow is accomplished by
quantifying the rate of Xenon entry within each CT voxel in the brain from each sequential
scan superimposed over the structural images*~*3. The disadvantages to this modality are

radiation exposure from CT scanner (X-rays) and the pharmacologic effects of Xenon-133



gas (i.e., alteration to the parts of the brain that interpret sensory stimuli resulting in
uncontrollable patient motion)®. Both disadvantages prevent routine longitudinal

monitoring in patients.

1.2.4 Transcranial Doppler Ultrasound

Transcranial Doppler ultrasound (TCD) provides the most feasible bedside tool for
quantification of routine cerebral perfusion. TCD uses sound waves to measure the blood
flow velocity in the large feeding vessels to the brain (e.g., middle cerebral artery and
anterior cerebral artery)*. An ultrasound transducer placed on a bone sonographic window
emits pulses of sound waves that are reflected by moving red blood cells in the brain. The
change in frequency between the emitted and reflected ultrasound waves (i.e., Doppler
shift) is directly proportional to the red blood cell velocity?®. Given its relative ease of use,
TCD has evolved to function as a diagnostic, monitoring, and therapeutic bedside tool.
TCD is non-invasive, cost-effective, and provides real-time information about cerebral
hemodynamics. However, TCD requires a skilled operator and only provides information
on the macrovasculature, which may not be representative of the microvasculature in

diseased states.

1.3 Diffuse Correlation Spectroscopy

Diffuse correlation spectroscopy (DCS), which is detailed in Chapter 2, is an emerging
non-invasive optical modality that can estimate an index of microvascular blood flow from
fast temporal intensity fluctuations in detected light that arise from the movement of red
blood cells*®*’. The advantages of DCS over other clinically available perfusion
modalities, such as MRI, PET, or TCD, include high temporal resolution (>20 Hz),

relatively low cost (<$50k), continuous bedside monitoring capabilities, and sensitivity to



the microvasculature. Further, it does not require exogenous contrast agents, ionizing
radiation, or trained personnel. Moreover, blood flow measurements with DCS can be
acquired rapidly (<1min) and do not require sedation in young children. This technique has
shown promise in a wide array of clinical applications, including stroke*®>!, traumatic

brain injury®>®, and cardiac surgery®5-2,

1.4 Overview
Cerebral blood flow is an important biomarker of brain health and function. Compromised
blood flow may lead to dangerous clinical conditions in the brain such as ischemic stroke
and subarachnoid hemorrhage. These decreased cerebral blood flow values encompass
vital impairments in the autoregulatory and neurovascular coupling mechanisms that
regulate vascular tone. Thus, cerebral hemodynamics can serve as an informative
biomarker of injury severity, progression, and mechanism.

My dissertation focuses on 1) the theoretical advancement of DCS by developing a
novel microfluidic platform to explore the contribution of flow velocity, vessel size, and
hematocrit on healthy and sickle cell blood, and 2) the clinical translation of diffuse
correlation spectroscopy to measure subarachnoid hemorrhage patients during the
intrathecal administration of the drug nicardipine.

Chapter 2 of this dissertation provides a theoretical background for DCS, as well as
a description of the experimental setup used in the studies described herein. Chapter 3
explores the validity of DCS at small source-detector separations that are required when
employing DCS in small animal models. The work in Chapter 3 was pivotal in guiding the
experimental design in Chapter 4, wherein | present a novel in vitro microfluidic phantom

for benchtop DCS experiments that requires the use of small source-detector separations.



In Chapter 4, I use this microfluidic phantom to systematically explore the influence of
flow velocity, vessel size, hematocrit, and red blood cell morphology on the DCS-measured
blood flow index. Finally, in Chapter 5, I demonstrate clinical utility of DCS measurements
of microvascular cerebral perfusion in patients with subarachnoid hemorrhage in response
to the vasodilator, nicardipine. Taken together, this work both advances the understanding
of the blood flow index measured with DCS, as well as provides strong supporting evidence

of the clinical value that DCS holds.



Chapter 2: Diffuse Correlation Spectroscopy

2.1 Radiative Transport Equation

Photon transport in biological tissue can be modeled analytically with the radiative
transport equation (RTE). The radiative transport equation is a conservation equation that
represents the conservation of energy of photons as they absorb, emit, and scatter while
moving inside tissue. Radiance, L(#,$,t) (units: W/m?/sr), is the fundamental physical
quantity that is conserved in the radiative transport equation and is defined as the flow of
energy at location, 7, and direction, §, and time, t, through a small area element dA within

a small solid angle element, dQ (Figure 1).
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~
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Figure 1: Schematic of the energy flow or radiance through a differential area element,
dA, within a differential solid angle element, df2. Here, 7i denotes the unit outward
normal vector of dA

Below, | will derive the RTE from the conservation of energy principle. The principle of
the conservation of energy (P) says that:

dP = —dPgj, — dPeyt + dPscq + APy (1)



Here:

__OL#30) /v

dP Y

dvdoQ, (2)

which represents the change in energy in the volume (V) element within the solid angle (£2)
element per unit time. v is the speed of light. The energy diverging out of the volume
element (dPy;,,) 1S given by:
dP,, = § - VL(7,§,t)dQdV. (3)
The energy loss per unit time in the volume element within the solid angle element due to
the contributions from absorption and scattering (dP,,.) is given by:
dP,.: = (u.ds)[L(7,$,t)dAdQ]. 4)
Here, u.ds is the extinction probability, and y, is the sum of the absorption and scattering
coefficients (u, and pg, respectively). The energy incident on the volume element from

any direction $' and scatters into dQ (dP,.,) is given by:
dPycq = (usdV) [f,, L7, 8", P (' - )de| do. 5)

Here, P(8' - §) is the phase function, which depends on the angle between the scattered and
incident directions. Specifically, the phase function can be thought of as a probability
density: given that a photon arrives from direction, §’, and is scattered, what is the

probability that the scattered direction falls within dQ centered on direction $%. Finally,
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source of the energy in the volume element within the solid angle element per unit time
(dPyyc) is given by:
dP,.. = S(7,$,t)dVdQ. (6)
Here, S(#, 3, t) has units of W/(m? sr).
Substituting equations (2) — (6) into equation (1), we arrive at the radiative transport

equation:

AL(7,5,0) /v

SO = =5 VLG8 0) — (ILGF,8,6) + () [ [, LE 8, P - $)de’| +

S(#,3,t) (7

2.2 Photon Diffusion Equation

On its own, the radiative transport equation (Equation 7) is difficult to solve. However, by
making several assumptions, it is possible to reduce the RTE to a diffusion equation, which
can be readily solved for a variety of different geometries. Namely, in the diffusion
approximation some of the assumptions is that us > u, and that the source-detector
separation must be large in comparison to 1/us. These assumptions are easily satisfied in
biological tissues. For example, in the brain, reduced scattering coefficient (us = ug(1 —
g9), Where g (anisotropy factor) is 0.9 in tissue), the scattering coefficient (ug), and the
absorption coefficient (u,) are 10 cm™, 100 cm™, and 0.2 cm™, respectively®*.
In the diffusion approximation, the radiance is expanded in terms of spherical
harmonics (Ynm) to the first order, which is known as the P; approximation:
L(#,3,8) ® Tn=o Lim=—n Lnm (1) Yom($), (8)
where Lnmare the expansion coefficients. If the expansion of L continues to the upper limit
of n=0 to n=N, then the approximation is known as the Pn approximation. Under the

assumption that the scattering medium is nearly isotropic after sufficient scattering,
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Equation 8 can be expanded and rewritten as a summation of the fluence rate (®(#, t)) and
the energy flux (J(# t), units (W/m?)) to be:
LGS0 = — O@F 1) +—](71) - )
where here ®(7,t) is defined as:
o7 t) = [, L@ 3,t)dQ. (10)
This term is dubbed the fluence rate, which is the flow of energy per unit area integrated
over the entire 4m solid angle (units: W/m?). The second term on the right-hand side of

Equation 9 is fluence (J(#, t)), which is the photon flux.
Substituting Equation 9 into the RTE (Equation 7) and integrating over the 47 solid

angle results in the following scalar differential equation:

do(7,t)

= 1 ®F 0 + V(7 1) = SF D) (11)

The steps below derive the scalar differential equation above:

1. f4nw dQ - With Equation 9 in mind, we know that the first term on the

left-hand side of the RTE (Equation 7, dP) reduces to : —dig’t).

2. [, =8 -VL(#3,t) dQ - Due to the vector identities, § - VL = V- (L) — LV -
—4T1

S$and V-§ = 0, and that the energy flux is defined as f(F, t) = f4

_SL(7,8,1) dQ,
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then the divergence term reduces to: [, —3 -VL(#3,t)dQ=—[, V-

—41

(BLF3,0)da=-V- [, _(3L(#35,0))da = -V J@0).
3. [, —WIL# 3,0 d0 = —p,®(F, D).
8 ) [, LE 8, OPE - )| d = p, @G B).

5 [,.5S@3t)da=S,¢t).
6. Combining all of the results from steps 1-5 and using the relation that u; = ug +

U, forms the scalar differential equation.

The scalar differential equation has two variables: fluence rate (®) and the energy flux (f).
However, this form can be further reduced and rewritten in terms of fluence rate by

assuming that the fractional change in the energy flux within one transport mean free path

1
Ha+Hg

, 1
(===

m ) is small in comparison to the source-detector separation. Using this
t

assumption, the energy flux term reduces to:

J@#t) = —D(HVO(# 1), (12)

Here, D is the diffusion coefficient:

1
3(ua(F ) +ug(7,2)

D(# 1) = (13)

Finally, if we substitute Equation (12) into the scalar differential equation (Equation 11),

then we arrive at the final photon diffusion equation:

DD+ 4@, D) — V- [DVOEF, D] = G 6) (14)

Furthermore, the photon diffusion equation can be reduced under the assumption that the

diffusion coefficient (D) is space-invariant. This assumption means that while the optical
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properties will change as a function of wavelength, they will be modeled as constants in

space for each wavelength. Therefore, Equation 14 will reduce to:

dd(7,t)
vdt

+ u, ®(#, t) — DV2D(#,t) = S(#,t) (15)

2.3 Diffuse Correlation Spectroscopy

In DCS, coherent near-infrared light multiply scatters as it diffuses through tissue before
detection at some distance away on the tissue surface (Figure 2). Light scattering off of
moving red blood cells within the tissue leads to temporal fluctuations in detected light
intensity measured by a remotely located detector on the tissue surface. These temporal
fluctuations are quantified through a normalized temporal intensity autocorrelation
function, g, (7), that is fit to simple analytical models, known collectively as the correlation
diffusion theory (derived below)*"%, to extract an index of blood flow (BFI, cm?/s) of the
underlying tissue. In general, BFI reflects the average flow velocity, density, and volume
of red blood cells in the interrogated tissue volume®. Although the units of this blood flow
index (cm?/s) are not the traditional units of blood flow, numerous in vivo validation studies
with DCS have shown that BFI strongly correlates with blood flow measured by various

“gold standard” perfusion modalities>*75°,
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Figure 2: Overview of diffuse correlation spectroscopy (DCS) (A) A coherent light
source is placed on the tissue surface. Light is absorbed and scattered in tissue. A portion
of light is detected by a detector place a distance, p, away, (B) A speckle pattern is
generated as a result of the constructive and destructive interference of the moving
scatterers (primarily red blood cells), (C) Scattering leads to temporal fluctuations in the
speckle pattern. DCS measures these temporal fluctuations for a single speckle (D) An
intensity autocorrelation function, g, (t), is used to quantify these temporal fluctuations,
(E) The decay of this intensity autocorrelation function is related to the blood flow in the
underlying tissue, with faster decays corresponding to faster flow, (F) To quantify blood
flow, equation 19 relates the decay of the intensity autocorrelation function to the blood
flow in the underlying tissue as a function of the source-detector separation, p, and time,
t.

2.4 Correlation Transfer Equation

In DCS, we experimentally measure the temporal fluctuations in detected light intensity,
I(#,t), which is quantified with an intensity autocorrelation function, g,(# 1) =
(I# I t +1))/{I(# t))%. The intensity autocorrelation can be related to the electric
field (E) autocorrelation function, g, (#,t,t) = (E*(#,t) - E(#, t + 1)) /{E (7, t))?, via the
Siegert relation’:

gZ(?I t; T) =1 + ﬁlgl(?l t; T)lza (16)
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where S is a coherence factor that is dependent on the type of detection fiber used and is
inversely proportional to the number of detected speckles’.

Mathematically, it has been shown that the propagation of the electric field
autocorrelation function, G, (#,t,7) = g,(7, t,7) X (E(#,t))?, diffuses through tissue in a
manner that is similar to light fluence rate, which is dictated by a correlation transport
equation (CTE) that takes a similar form as the radiative transport equation (RTE) that
governs radiance (L)?. Both CTE and RTE are energy conservation equations that describe
the conservation of G; and L within an infinitesimal volume element within the tissue’.
Mathematically, the CTE takes on the same form as the RTE, but now all of the radiance
terms (L) from the RTE are replaced with the propagation of the unnormalized electric field
autocorrelation function, G,(#,7) = (E*(#,t) - E(#,t + 7)), through tissue at position, 7,
and time, t. Therefore, the correlation transport equation is’>">:

V-G (#5818 = —u,G,(#3,7) + us [ G1(7,3,7)g5 (7, 8,8, 7)P(#,3,8)ds" + S(#,3)
(17)
Here, G, (7, 8, ) is the unnormalized temporal field correlation function at delay time, T,
propagating in the $ direction, g7 (7,8,$’, 7) is the normalized temporal field correlation
function for single scattering, and P(3,3") is the normalized differential single scattering
cross-section. Equation 17 is a steady-state equation independent of time, which means that
this equation is only valid for continuous-wave DCS, i.e., when the light source is not
pulsed or modulated. At a high-level, the correlation transport equation represents that the
change in G, (7, $,7) is due to: 1) the losses from absorption and scattering within the solid

angle element (first term, right-hand side), 2) the gain from G, (7, $, 7) scattering into the
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solid angle element (second term, right-hand side), and 3) gains from sources (third term,

right-hand side).

2.5 Correlation Diffusion Equation

As is the case with the RTE, the CTE can only be solved numerically. To make the
correlation transport equation more tractable, several assumptions are typically made that
enable the problem to be solved analytically. By making the same assumptions as listed
above when deriving photon diffusion equation from the radiative transport equation, the

correlation transport equation (Equation 17) reduces to the correlation diffusion equation”®:

V- (DA, DVG A7 D) = v (1a(A,7) + P28 (L MG (AT (1)) G (4,7, 7) =
v(D)SA, 7, t) (18)

Here, D(A,7) = 1/(3uk(A,7)) is the photon diffusion coefficient in tissue (units: cm™),
us(4,7) is the reduced scattering coefficient (units: cm™) of tissue at position r and
wavelength A,  is the autocorrelation delay time, v is the speed of light in tissue, p, (4, 7)
is the absorption coefficient of tissue (units: cm™), Prpc represents the fraction of light-
scattering events from moving scatterers (e.g. red blood cells), k, = 2nn/A is the
wavenumber of the light diffusing through the tissue, n is the index of refraction of tissue,
A is the wavelength of light (units: nm), S(#, t) is the isotropic source term, and (Ar?2(t))
is the mean-square displacement of the moving scatterers, which in tissue are
predominantly red blood cells. A priori, one would assume that red blood cells experience
convective motion, such that the mean-square displacement would take the form of
(Ar?(7)) = (v?)r?, where (v) is the average red blood cell velocity. However, in vivo, we
observe that the mean-square displacement is proportional to 7, not 72 #’. This t-

dependence suggests a sensitivity to diffusive-like motion, i.e., (Ar2(7)) = Dgt, Where Dg
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is an effective Brownian diffusion coefficient (units: cm?/s). Dg is dubbed an effective
diffusion coefficient because it is measured in vivo to be several orders of magnitude larger
than the Brownian diffusion coefficient of red blood cells given by the Einstein-
Smoluchowski relation’®”. Recently, it has been proposed that this effective diffusion
coefficient, Dg, that is embedded in the measured blood flow index likely reflects the shear-
induced diffusion that red blood cells experience as they traverse through the
microvasculature’. Shear-induced diffusion refers to the process by which red blood cells
experience significant lateral displacement as they traverse the vasculature due to the
hydrodynamic interactions with other particles in the presence of a shear flow under small
Reynolds numbers’®%2,

Equation 18 can be readily solved for various boundary conditions. Traditionally, when

DCS is used on the head, the tissue is modeled as a semi-infinite, homogenous medium*’:

eK(T)rl eK(T)TZ

g1(p,7) = eK(Tol)rl ekg)rz’ (19)
—— |

where K (1)? = 3ua(Dps(A) + (us(D)*kG Proc(Ar?(1)),  1i=4p? +2z5, 1=

JPEF (Zo + 225)%, 29 = 1/(W}), zp = (3%;)(%)’ Repp= 0.493% is the effective

reflection coefficient, and p is the source-detector separation. In practice, we fit our
measured g, (p, ) data to Equation 19 for (4r?(7)), which we define as the blood flow
index (BFI, cm?/s), using the Siegert relationship (Equation 16) . Since the correlation
diffusion equation is dependent on u, and u,, DCS analysis, therefore, either assumes
optical properties from literature or derives these patient specific optical properties from

concurrent frequency domain near-infrared spectroscopy measurements®,
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While there have been numerous validation studies® that show that modeling the
tissue as a semi-infinite homogenous medium is a reasonable first-order approximation,
this gross oversimplification of the head geometry can lead to significant signal
contamination from extracerebral (scalp/skull) layers, particularly when the depth to the
brain is non-negligible®®®, To minimize extracerebral signal contributions, multiple
studies have highlighted the importance and validated the accuracy of multi-layered models
that approximate the head as a series of infinite slabs to separate cerebral signal
contributions from extracerebral artifacts®®°2. I go into more detail on this muti-layered

model in Chapter 4, Section 4.1.2 of this dissertation.

2.6 Diffuse Correlation Spectroscopy Instrumentation

DCS

Figure 3: Picture of the DCS instrument cart on wheels

The sections below will describe the major components of the DCS instrumentation

utilized for all the work described in this thesis (Figure 3) %.

2.6.1 Lasers
Typically, for DCS, the light source operates in the near-infrared (NIR) because of the

well-known spectral window that exists in the NIR regime where oxy- and

19



deoxyhemoglobin absorption (the main absorbers in the brain) are low and the reduced
scattering is high, permitting light to diffuse deeply into tissue (up to several cm). while a
similar window exists ~1100 nm, the lack of availability of detectors in this region have
led most instruments to operate in the NIR®®.

Most importantly, the coherence length of the light source must be longer than the
difference between the longest and shortest photon pathlengths in the tissue. The width of
the pathlength distribution is approximated at 5 to 10 times the source detector
separation*>®; typically, our largest source-detector separation is 2.5 cm, so the largest
difference between the longest and shortest photon pathlengths a photon will take will be
25 cm. The equation for coherence length (Lcon) of a light source is:

Leon = €Teon = ¢/ (mAD), (20)
where c is the speed of light (3e10 cm/s), T, is the coherence time (s), and Av is the
linewidth (Hz) of the light source. For the laser used in all experiments described in this
thesis (852 nm long coherence laser from Toptica (iIBEAM smart, TOPTICA Photonics,
Farmington, NY)), the linewidth is <15 MHz, corresponding to a coherence length of ~600
cm. Clearly, the coherence length of this laser (600 cm) is more than sufficient for our
needs (25 cm). Recent work has been conducted into using a laser source with a lower
coherence length, which effectively reduces the cost of the DCS laser from ~$10,000 to
~$100 and power consumption®’.

Finally, because the detection optics of our sensors utilize single mode (~5um core
diameter) fibers, it is imperative to increase the source power to the tissue as high as
possible. However, we have to also keep skin exposure limits in consideration to be in

compliance with ANSI standards for the maximum permissible exposure at 852 nm
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according to FDA guidance®-1%, Currently, the power output of our laser from the source

is 120 mW, but we attenuated it to 60 mW to be in compliance with ANSI standards.

2.6.2 Correlator

In DCS, the detector fiber collects light that has traversed through the tissue. The photon
counting avalanche photodiodes (SPCM-AQ4C-IO, Perkin-Elmer, Quebec, Canada)
generate an electrical Transistor-Transistor Logic (TTL) digital pulse for each detected
photon. These photon counts are used to estimate the normalized intensity autocorrelation
function, g,(t), via either hardware or software correlator. The hardware correlator

(Flex05-8ch, www.correlator.com, NJ) records the arrival of these TTL pulses and

calculates g,(t) with a multi-tau scheme!®l, In this multi-tau scheme, there are groups
consisting of 16 registers (note, that only the first group is 32 registers), whose bin width

starts at 160 ns and doubles every 16 registers (Figure 4).

Delay Time, T >

32 registers
reegroup [T, [ T,[ T, e T2

T,.,,=160ns 16 registers
Second group|T33 | T]4| L. | T

A

16 registers
T33-43= 320 ns Third group I T49 | T50 | e I TM I

T,00s= 640 s L ~

Figure 4: Schematic of the multi-tau scheme

Once the number of photons fill up each bin width in the time scheme, the register is shifted
over to count new incoming photons. The photon counts in the registers are then used to
generate a normalized intensity autocorrelation function, g,(t). The ensemble average is
estimated over the entire acquisition time, t; in Chapters 3 and 4 of this thesis, t = 3.33 s

or a 0.3 Hz acquisition rate. The delay time is calculated as the summation of all the bin
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widths to the left of a specific register. For example, at the 40" register, the delay time
would be: 7,0 = 32 bins X 160 ns + 8 bins X 320 ns = 7.68us.

Recent advancements in DCS technology allow for acquisition at higher rates (up
to 100 Hz) using a software correlator, such that a pulsatile blood flow waveform at the
cardiac frequency can now be resolved!®, Specifically, the software correlator utilizes the
computer’s peripheral component interconnect (PCI)-bus as a photon counter. We employ
a counter/timer data acquisition board (PCle-6612, National Instruments) and a custom
software program on LabVIEW. This software correlator platform allows the user to
specify not only the number of delay times but also the starting point of the first delay time.
This versatility permits for shorter acquisition times. Chapter 5 of my dissertation on adult
subarachnoid hemorrhage patients utilizes the software correlator, enabling me to capture

the cerebral blood flow pulsatile waveform.

2.6.3 Sensor Design

For our DCS measurements, we designed custom-built sensors, where the source-detector

separations were adjusted depending on the application (Figure 5).

A) DCS in vitro Sensor B) DCS Pre-clinical Sensor C) DCS Clinical Sensor

1
Light [

Source =20y

PDMS, TiO,,
India Ink

Figure 5: Different types of DCS sensors uniquely designed for each application (A) A
DCS sensor with a source-detector separation of 1 cm was designed for the in vitro
microfluidic phantom project discussed in Chapter 4 of this thesis, (B) DCS sensor with a
source-detector separation of 0.6 cm designed for measuring CBF in mice, as discussed
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in Chapter 3 of this thesis, and (C) DCS sensor with two source-detector separations of 1
and 2.5 cm for application in the adult subarachnoid hemorrhage cohort, as discussed in
Chapter 5 of this thesis.

In Chapter 4 of this dissertation, for my microfluidic phantom experiments, | used a source-
detector separation of 1 cm (Figure 5a)%2. In Chapter 3 of this dissertation, | made DCS
measurements on mice where we used a source-detector separation of 0.6 cm (Figure
5b)!%. Finally, in Chapter 5 of this dissertation, | acquired DCS data in the adult
subarachnoid hemorrhage population at two source-detector separations — 1 and 2.5 cm
(Figure 5¢); here, the shorter source-detector separation (1 cm) is meant to be sensitive to
the extracerebral (scalp/skull) regions of the brain, while the longer source-detector
separation (2.5 cm) is more sensitive to the brain. A bundle of single-mode detection FC

fibers were connected to the DCS box from the sensor.

2.7 Monte Carlo Simulations

The Monte Carlo method numerically simulates photons propagating through biological
tissue. The trajectory of each photon is modeled as a random walk in tissue, with the
direction of each new step depending on the previous step. After simulating millions of
photons, it is possible to estimate the momentum transfer of the detected photons and
generate a normalized electric field autocorrelation function. Ultimately, Monte Carlo
simulations provide us with an excellent computational model to replicate our in vivo and
in vitro experiments. As previously described, in DCS, the correlation diffusion equation
is derived from a series of assumptions from the radiative transport equation. Instead,
Monte Carlo simulations abide by the radiative transport equation, which provides a “gold-

standard” for how light propagates through tissue. This dissertation utilizes Monte Carlo
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eXtreme for all simulations, due to its advantage of running simulations of millions of
photons in under 10 minutes%,

In Monte Carlo simulations, we define the thickness of the layers in our medium
and assign the following optical properties for each layer: absorption coefficient (u,),
scattering coefficient (i ), index of refraction (n), and anisotropy factor (g)'®°. These
layers are infinitely wide and parallel to each other. Then, we specify the location of the
source and the detectors. The source is an infinitely narrow photon beam that is
perpendicularly incident to the specified medium. One benefit of Monte Carlo simulations
is that we are able to set up multiple locations for the detectors to increase the number of
photons detected, which is something that is not possible in the in vivo scenario due to the
prohibitive cost from adding more detectors; typically, an array of 4 SPCM detectors are
around $10,000. In a Monte Carlo simulation, millions of photons are launched from the
source'®. Next, each photon randomly moves step-by-step through the medium. For each
voxel that the photon moves, the program calculates the scattering length (1) and absorption
length of the photon, which is determined from the assigned absorption and scattering
coefficients. The photon weight is decreased by e ~#a! to account for tissue absorption®.
Photon propagation continues to be tracked until the photon is detected by a detector,
absorbed, escapes the medium, or the time exceeds the set maximum time”3.

The outputs of the Monte Carlo simulations are the detected photons’ pathlength

and momentum transfer. Momentum transfer is defined as the change of the wavevector

during a single scattering event, § = Eout - Ein, where Eout and Ein are the incident and

scattered wavevectors, respectively (Figure 6).
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Figure 6: Depiction of the momentum transfer in a scattering event.

Here, k = 2mn /A, where n is the index of refraction (n=1.4 for human tissue®3) and

A is the wavelength of light. Also, in tissue, we assume only elastic scattering (Eout

N
kin

= k) takes place. In elastic scattering, there is no loss of energy; therefore, the

elastically scattered electrons can change direction but do not change their wavelength (1 =

v/f, where v is the velocity and f is frequency). For elastic scattering, the calculation of
momentum transfer can be reduced to |q| = 2|k,|sin (%).

The detected photons’ pathlength or momentum transfer are used to estimate the
normalized electric field autocorrelation function (g, ())°1. However, using pathlength to
estimate the autocorrelation function relies on the assumption that photons experience a
large number of scattering events before detection. This assumption is not relevant when
using momentum transfer, as it’s valid in both diffusive and non-diffusive regimes®.
Therefore, the electric field autocorrelation field function was computed using the total

momentum transfer of the detected photons'®*:
1 . 1 .
Gime(®) = n'e—;kém)w%»i _ e SR LYD@ri@); (21)
l

where the product and summation are for all tissue types, ko is the light wavenumber in the

medium, Y; is the total dimensionless momentum transfer for the i detected photon,
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(Ar?(1)) is the mean-square particle displacement at delay time, 7. In this model, we
assumed that the mean-square displacement of the moving scatterers will follow diffusive
motion such that (Ar?(t)) = 6Dgt, Where Dg is the effective Brownian diffusion
coefficient®. Since the output of the Monte Carlo simulation is the momentum transfer, to
generate the electric field autocorrelation curve we need to assign a value for Dg, based on
previously published values (~0.5 — 10 e-8 cm?/s)’®,

After generating the g, y¢(7) curve, we fit the curve to the semi-infinite solution

of the correlation diffusion equation (Equation 19) and solve for Dg.
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Chapter 3: Exploring the Validity of the Correlation Diffusion Equation at Small

Source-Detector Separations

3.1 Introduction

Adequate cerebral blood flow (CBF) is critical for delivery of oxygen and nutrients
necessary to maintain neuronal health and function. Abnormalities in blood perfusion are
seen in numerous diseased states, including stroke®®, hemorrhage®, traumatic brain
injury®®, hypoxic-ischemia’®, and hypertension®!!. These abnormalities encompass not
only significant reductions or elevations in flow, but also vital impairments in the
autoregulatory and neurovascular coupling mechanisms that regulate vascular tone!2-4,
Thus, cerebral hemodynamics can serve as an informative biomarker of injury severity,
progression, and mechanism.

Preclinical models provide an invaluable tool to explore mechanisms underlying
cerebral blood flow regulation, in addition to enabling the development of novel
therapeutic strategies that restore perfusion and improve outcome after injury. Rodent
(particularly rat and mouse) models are especially appealing given the wide range of
genetically modified strains available and the relatively low cost compared to other large
animal models. Currently, a handful of techniques exist to enable quantification of cerebral
blood flow in small animal models including autoradiography®1%7  perfusion magnetic
resonance imaging (MRI)1%, laser Doppler flowmetry (LDF)!%11! |aser speckle contrast
imaging (LSCI)'*22 and micro-ultrasound!**. While each technique certainly has its own
advantages, numerous limitations remain, including the need for radioactive material

(autoradiography), poor spatial resolution (LDF), low SNR (MRI), limited depth
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penetration (LSCI), and sensitivity to macrovascular blood flow velocity instead of
microvascular blood flow (ultrasound).

Diffuse correlation spectroscopy (DCS)*""+8>115 js an emerging optical modality that
has shown promise to non-invasively measure CBF in small animal models*'®-*?2, In DCS,
coherent near-infrared (NIR) light multiply scatters as it diffuses through scalp, skull, and
brain before detection at some distance away on the tissue surface. Scattering off moving
red blood cells within the tissue leads to temporal fluctuations in the detected light
intensity. These temporal fluctuations are quantified through a temporal intensity
autocorrelation function, gz(t); g2(t) is then fit to simple analytical models, known as
correlation diffusion theory*®#’, to extract a cerebral blood flow index (CBFi). This CBF;
represents a bulk average of the microvascular flow in the “banana-shaped” region that
spans from the source to the detector*”5. DCS offers several advantages over other blood
flow modalities used in small animals described above. Most importantly, in contrast to
autoradiography, laser speckle contrast imaging, and laser Doppler flowmetry, DCS
measurements are non-invasive, as data acquisition does not involve animal sacrifice or
even resection of the scalp or thinning of the skull, thus enabling longitudinal monitoring
of cerebral blood flow within the same animal. Further, the instrumentation is relatively
inexpensive (~$50k) and data can be obtained relatively quickly (<1 min) under light
anesthesia or even in awake animals'?®!%, Moreover, DCS appears to be sensitive to
perfusion in the microvasculature, i.e., capillaries, arterioles, and venules’>® in contrast to
techniques like Doppler ultrasound?® that measure flow velocity in large feeding arteries.

The correlation diffusion models used in DCS are predicated on the assumption that

the source detector separation is greater than the transport mean free path, £"=1/ps 4124,
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Thus, for typical brain tissue with ps ~10cm™, source detector separations >> 0.3cm are
needed to ensure the validity of these models. In humans and large animal models, this
requirement is easily met, as large source detector separations of > 1cm 2>128 gre routinely
employed given the depth to the cortex. Indeed, numerous validation studies performed
with large source detector separations have demonstrated excellent agreement between
DCS and other in vivo CBF modalities i.e. MR|#8:585967.126.127 " mjcrospheres®, perfusion

128 “and transcranial Dopplert?®>-132, However, in

CT>® indocyanine green (ICG) tracers
small animal models wherein the skull and scalp are ~0.1-0.2cm*3® and the brain itself is
only about 1-2cm thick, source detector separations of 0.3-1cm are needed for depth
penetration to cortical microvasculature.

Herein, we explore the validity of the diffusion approximation at small source-detector
separations (<lcm) required to probe brain tissue in small animal models. We utilize a
series of in silico, in vitro, and in vivo experiments to characterize the accuracy, validity,
and repeatability of utilizing the correlation diffusion theory to analyze DCS data taken at
source-detector separations of 0.3-1cm. Further, we explore the effects of constraining the
fit of go(1) to early delay times to minimize signal contributions from photons that have
traveled shorter paths and to thereby improve accuracy when employing the diffusion
approximation. We note that the results from these analyses may be generalized beyond

small animal cerebral blood flow studies to any application of DCS wherein the desired

penetration depth dictates the use of small source-detector separations®®,

3.2 Materials and Methods

In Silico Verification using Monte Carlo Simulations
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Monte Carlo simulations were used for computational verification of DCS at small (< 1
cm) source-detector separations. Monte Carlo eXtreme (MCX) was used for all
simulations®. For each simulation, we launched 500 million photons, which took <10 min
on a NVIDIA Quadro P600. Using a 6cm x 6cm x 6cm semi-infinite medium with
anisotropic factor (g) of 0.9 and index of refraction (n) of 1.4 to mimic biological tissue,
we ran a total of 784 unique simulations for 14 source-detector separations (p), 7 absorption
coefficients (l1a), and 8 reduced scattering coefficients (ps ) (14 separations X 7 pa X 8 pis
= 784 unique simulations). Separations ranged from 0.1 to 2 cm (0.1, 0.2, 0.3, 0.4, 0.5, 0.6,
0.7,0.8,0.9, 1, 1.2, 1.5, 1.8, 2cm), pa ranged from 0.05 to 0.35cm™ in steps of 0.05cm™,
and ps ranged from 3 to 15cm™ (3, 5, 7, 9, 10, 11, 13, 15 cm™). From each simulation,
MCX records a list of all the detected photons with their individual pathlengths and number
of random walk steps. Separate simulations were run for each source-detector separation
to avoid absorption by a proximal detector. For each simulation, the detected normalized
electric field autocorrelation function,g, (p, 7), was computed using the total momentum

transfer of the detected photons®®:

sz:_1Yik2<Ar2(f)> gl

g (,O,T) =

' %‘W“ <°)> sl (22)
i=

where Np is the number of detected photons, Yi is the total dimensionless momentum
transfer for the i'" detected photons, L; is the total pathlength traveled by the i™" detected
photon, Ko is the light wavenumber in the medium (ko =2zwn/)), A is the wavelength of light
(set to 852nm to match our experimental setup), and (Ar?(t)) is the mean-square particle

displacement at time, t “¢%. Here, we assumed Brownian motion of the moving scatterers
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such that (Ar?(t)) =6Dgz, where Dg is the Brownian diffusion coefficient®s. For each of the
784 simulations, we computed g, (p, ) for 6 different physiologically realistic Dg values
seen experimentally (denoted below as Dg xnown), ranging from 0.5x107® to 3x10°® cm?/s in
steps of 0.5x10® cm?/s. Thus, in total we simulated 4704 g, (p, T) curves (784 simulations
X 6 Dg per simulation).

To estimate the accuracy of DCS, each simulated g,(p,7) dataset was fit for Dg

(denoted Dg sit) using the semi-infinite solution to the correlation diffusion equation®’:

_eK(T)rl eK(T)rz ]
r r
1 2
T)=c =, 23
9.(p.7) oKL KO, (3)
Lk L

where K (r)° =3y, (4) 1, (A) + 11, (A) Kjer (A (7)) L=pt+2, L=ypP (g, +28,) , 20=1/ ps”

Zp=2(1+Ret)/(3ps (1-Refr)), Reff = 0.493% is the effective reflection coefficient, and a is the
fraction of scattering events that occur from moving scatterers in the medium (assumed to
be 1 for these simulations). Error in Dg for each simulated g, (p, ) curve was defined as
(Dg fit — DB known)/DB known % 100%.

Further, because we are often interested in how blood flow changes over time, we also
estimated how errors in Dg get translated to errors in relative change in Dg (rDg). For each
Dg, we characterized a range of physiologically realistic relative changes in blood flow
ranging from -90% to 200% of the baseline Dg value (denoted Dgoknown). Error in the
relative change in Dg was estimated as (rDgfit —rDgknown)/FDgknown % 100 (%), where
rDg known 1S the simulated relative change in Dg from Dgo known t0 Dgi, known, D fit=(Dgofit —

Dgi fit)/Dgo fit X 100%, and Dgo fit and Dgi fit denote the best fit values using the semi-infinite
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correlation diffusion equation solution to the simulated data from Dgo,known and Dgi known,

respectively.

DCS Acquisition and Analysis

For experimental verification of DCS at small SDS reflectance geometries, we used a
custom-built DCS instrument, comprised of an 852-nm long coherence length laser (iBeam
smart, TOPTICA Photonics, Farmington, NY), a photon counting avalanche photodiode
(SPCM-AQA4C-IO, Perkin-Elmer, Quebec, Canada), and a hardware autocorrelator board

(Flex05-8ch, www.correlator.com, NJ). For all in vitro and in vivo experiments described

herein, we utilized a custom optical sensor consisting of a 1 mm source comprised of a
tightly packed bundle of 50um multi-mode fibers (NA = 0.66, FT11G23767, Fiberoptics
Technology, Pomfret, CT) spaced 0.6cm away from a single-mode detection fiber (780HP,
Thorlabs, Newton, NJ).

Experimentally, DCS measures the normalized intensity autocorrelation function, g2(7).
The Siegert relation” was used to convert this measured g(t) to gi(t); Equation (23) was
then used to fit gi(t) for aDg. Fits were constrained to gi(z) > 0.01. Secondary analysis
constrained fits to gi(r) > 0.4 to explore the effect of this cutoff on DCS validity®**. In
vitro, we assume a = 1, and in vivo, we define aDg to be the cerebral blood flow index, or
CBF;, as this parameter characterizes the dynamics of the interrogated tissue. These fits
require knowledge of the absorption and scattering properties of the medium at 852nm. In
vitro, we estimated pa and ps of the homogenous liquid phantoms using multi-distance
(2.5, 2, 2.5, and 3cm) frequency-domain near infrared spectroscopy (Imagent, ISS,
Champaign, Illinois) as in %8. In vivo, we assumed values of pa=0.25 cm™ and ps” =7 cm’

1 for mouse brain?®®,
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In vitro Phantom Verification

For benchtop verification of DCS, we compared the measured Dg at a large source-detector
separation (1.5 cm) where diffusion theory holds true to a small separation (0.6 cm)
commonly used in rodent brain studies'®, Two (3 L) homogenous liquid phantoms of
differing reduced scattering coefficients were used. Phantoms were held in a
(28x17x14cm) container and consisted of 20% Intralipid® (Fresenius Kabi, Lake Zurich,
IL) and India Ink (Higgins®, Chartpak, MA) for scattering and absorption contrast,
respectively. The measured optical properties at 852 nm of each phantom were us’= 10 cm’
L pua=0.12cm?and ps’=4.6 cm™, pa = 0.12 cm?, respectively. To manipulate Dg in these
phantoms, temperature was varied slowly from 6 to 70°C. DCS measurements were made
periodically in 2-3°C increments. At every temperature increment, acquired measurements
were repeated three times at each source-detector separation, and the measurement order
for 0.6 and 1.5cm was randomized. Temperature differences between the two source-

detector separation measurements were < 0.5°C at any given temperature increment.

In vivo Verification against ASL-MRI

We validated DCS-measured CBF; against blood flow measured by Arterial spin labeling
(ASL) MRI in a mouse model®%, All animal procedures were approved by Emory
University Institutional Animal Care and Use Committee and followed the NIH Guidelines
for the Care and Use of Laboratory Animals. Adult male C57BL/6 mice (n=9) were
induced with 4.5% isoflurane for 45s and maintained at 1.8% isoflurane (1L/min, 70%
nitrous oxide, 30% oxygen mixture) in a stereotaxic holder for the duration of the study.
Body temperature and respiration rate were monitored and maintained at 36.5°C and 75-
90 breaths per minute, respectively. Depilatory cream was used to remove hair from the
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scalp to ensure adequate signal-to-noise for DCS measurements. Once stabilized, animals
were placed in the MRI scanner and imaged for ~40 minutes (see Section 2.4.1), at which
time the mouse was immediately taken out of the scanner for DCS acquisition to ensure
measurements are made under approximately the same physiological conditions.

For DCS measurements, the optical sensor was gently placed over the intact scalp such
that the source and detector fibers aligned with the parasagittal plane (source fiber
approximately at bregma -1, 3 mm mediolateral). DCS data was acquired for five seconds
over each hemisphere; measurements were repeated 3x/hemisphere and averaged to yield
a mean CBF; for the right and left hemisphere. DCS data was rejected from analysis if the
intensity (i.e. photon count rate) was less than 30 kHz, or if the coefficient of variation
(COV) was greater than 20%, where COV was defined as the standard deviation / mean
CBF; across multiple repetitions on a given hemisphere.

We note that in order to obtain a wide range of blood flow for DCS validation, a closed
head injury model (described in depth in Buckley et al.*?*) was used in a subset of n=2 mice
to produce a mild traumatic brain injury 4 hours prior to imaging. This injury paradigm has
been shown to decrease blood flow by ~30% at 4 hours post-injury. Theses studies were

approved by Emory IACUC.

ASL-MRI Acquisition and Analysis

MRI measurements were performed using a 9.4 T/20 cm horizontal bore Bruker magnet,
interfaced to an Avance console (Bruker, Billerica, MA, USA). A two-coil actively
decoupled imaging set-up was used (a 2 cm diameter surface coil for reception and a 7.2
cm diameter volume coil for transmission). Sagittal T2-weighted anatomical reference

images were acquired with a RARE (Rapid Acquisiton with Refocused Echos) sequence

34



for the slice localization of interest. Slice location was chosen to encompass the sagittal
plane that spanned the midpoint between the DCS source and detector. Imaging parameters
were as follows: TR = 1800 ms, Eff. TE = 45 ms, RARE factor = 8; field of view (FOV)
=38.4 x 19.2 mm?, matrix = 256 x 128, Avg =4, slice thickness (thk) = 0.7 mm. Perfusion
images were acquired with the vendor provided ASL protocol using a flow-sensitive
alternating inversion recovery (FAIR) technique and a RARE sequence. Imaging
parameters were as follows: TR = 18000 ms, Eff. TE = 20 ms; RARE factor = 8, FOV =
26.6 X 16 mm?, matrix = 64 x 40, Avg =1, thk = 1 mm, number of TIR (inversion recovery
time) = 8 (30, 200, 600, 1200, 2400, 4000, 6000, 10000 ms). Paired images were acquired
alternately with and without arterial spin labeling. Anatomical T2-weighted images were
acquired on the same slice of the perfusion image with a RARE (Rapid Acquisition with
Refocused Echoes) sequence Imaging parameters were as follows: TR = 4000 ms, Eff. TE
=40 ms, RARE factor = 8, Avg =4, The FOV, matrix, and slice thickness were the same
as the perfusion image.

In the FAIR technique™®¥  two inversion recovery images are acquired- non-slice-
selective and slice-selective inversion pulses- in an interleaved fashion. The longitudinal
magnetization after both a selective (ss) and nonselective (ns) inversion pulse can be

defined as:

TI

Mns = M0(1—2e_?1), (24)

Tl

M, =M,(1-2e ), (25)

Here Mo is the fully relaxed longitudinal magnetization of the tissue-water proton, T is

the longitudinal magnetization time of tissue-water proton, T1" is the apparent longitudinal
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relaxation time, and TI is the inversion time. From the non-slice-selective and slice-
selective inversion pulses, the values for Mns, Mss, and TI are known; thus, we solved for
T1, T+, and Mo through systems of equations. After obtaining the values for Ty and T1", it
is possible to calculate for blood flow, f (mL/min/100g), with the equation?6.137:

1

_|_

*

T , (26)

|~
> | =

where we assume the tissue-to-blood partition coefficient, A, is 90 mL/100g*®.

To compare flow measured with ASL-MRI to CBF; measured with DCS, ROIs were
chosen to roughly encompass the region of tissue probed by DCS (~0.2cm into the cortex)
while balancing the need for sufficient ASL SNR within the ROI. We selected two 5-sided
polygon ROIs that encompassed the right and left superior quadrants to either side of the
midline using the roipoly.m function in Matlab. ROIs were chosen such 2 of the legs had
dimensions of 0.48 and 0.28 cm. Average Mys and Mss within each ROl was computed for
all Tl, and Equations 25 and 26 were used to compute a mean ROI flow for comparison to

DCS.

Small separation DCS Repeatability

Given the known effects of sensor position (i.e. regional inhomogeneity under the tissue
surface) and pressure (i.e. changes in scalp flow during compression) on DCS repeatability
at large separations'.**, we next estimated small separation DCS repeatability through
both an in vivo mouse model and an in vitro liquid phantom model, which served as a
control experiment.

For in vitro repeatability assessment, DCS measurements were made by manually

holding the optical sensor over two predefined locations marked on a container that held a
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liquid phantom consisting of 1.58 pum diameter microspheres suspended in water
(us’(852nm) = 5.68 cm™, Bangs Laboratories Inc.). Three users acquired three repetitions
per location, and the resultant curves were average to yield a mean and standard deviation
Dg value at each location.

For in vivo repeatability assessment, adult C57BL/6 mice (n=10) were induced with
4.5% isoflurane for 1 minute and maintained at 1.5% isoflurane (1L/min, 70/30 nitrous
oxide/oxygen mixture). After stabilization, 3 users each took 3 DCS measurements on each
hemisphere by gently resting the sensor on the animal’s head. Measurements were acquired
once a day for 3 days. To account for blood flow measurement changes among users due
to time differences between measurements and anesthesia depth, the order between the
three users was randomized per hemisphere. The measurements on each hemisphere from
each user, were averaged to yield a mean (standard deviation) cerebral blood flow index

per hemisphere per animal.

Statistical Analysis

For in vitro phantom verification, Lin’s concordance correlation coefficient (CCC) **° was
used to quantify the agreement between the Brownian diffusion coefficient measured at a
small source detector separation (Dgo.scm) to that of a large source detector separation
(DB,15cm). Further, as a graphical means for assessing agreement between small and large
separation measurements, Bland-Altman plots of the difference versus the mean of the
small and large separation data were generated+.

For ASL-MRI and DCS in vivo validation, linear regression analysis was performed to
quantify any significant relationship between blood flow measurements from DCS and

ASL-MRI. Pearson’s correlation coefficient, R, was used to quantify the extent to which a
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linear model explains variability in the data. All regression analyses were performed using
R statistical software (R Foundation for Statistical Computing). Hypotheses tests and
associated p-values were two sided. Statistical significance was declared for p-values <
0.05.

Finally, an intraclass correlation coefficient (ICC) 4214 was used to assess both intra-
and inter-user reliability of small separation DCS measurements. We used a two-way
random effects model for ICC that treats users as random samples from the population of
users and the experimental model (i.e. mouse and liquid phantom) as random samples from
the experimental population. ICC was calculated using absolute agreement as a more
conservative estimate of repeatability of DCS. ICC within a single user or across multiple
users indicates the amount of experimental error that can be attributed to variation specific
to the experimental model relative to the total variation in the measurements. Ideally, we
would want both intra-user and inter-user measurements to have an ICC close to 1,
indicating that the total variation is solely due to experimental model variability. Based off
published values, ICC values greater than 0.75 are classified as excellent repeatability, ICC
between 0.6 and 0.74 are classified as good repeatability, between 0.4 and 0.59 are

classified as fair, and less than 0.4 are classified as poor reliability**.,

3.3 Results

In Silico Monte Carlo Verification

Representative Monte Carlo simulated gi(p,t) curves along with the best fit lines using the
semi-infinite solution to the correlation diffusion equation are shown in Figure 7a,b. As
source detector separation decreased, the deviation of the diffusion approximation fit from

the simulated gi(p,t) becomes more apparent. Fits improve when constraining gi(p,t)>0.4
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(Figure 7b). At typical optical properties seen in brain tissue (ps’=10cm™, pa=0.2cm™), the
error in estimating Dg using the diffusion approximation was <12% at source-detector
separations greater than 0.2cm (Figure 7c¢). By constraining fits to where gi(p,t)>0.4, the
error is slightly reduced to <10% at source-detector separations > 0.2cm (Figure 7d). As
expected, at large source-detector separations (> 1.5cm) the error in Dg was small (< 1%).
The error in Dg was independent of Dg known; however, error was heavily influenced by pa
and ps’. To demonstrate the effects of pa and ps’ on the error in Dg, Figure 7e depicts error
in Dgknown (1x10® cm?/s) at a source-detector separation of 0.6cm, as a function of
absorbance and scattering. The highest error in Dg (~28%) was observed at the highest
simulated pa (0.35cm™) and lowest simulated ps’ (3cm™); error then decreases as pa
decreases and ps’ increases. Again, by constraining g1(p,t) fits to gi(p,t)>0.4, the effects of

ta and ps’ on the error in Dg is slightly reduced to ~25% (Figure 7f). Finally, although
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errors in absolute Dg made at small separations are on the order of 5-10%, errors in relative

change in Dg are negligible (<0.5%, Figure 7g, h).
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Figure 7: DCS accuracy when simulated g, (p, 7) data is fit with the constraint of gi(z)>
0.01 (left column) or g1(2)>0.4 (right column) (a,b) Representative Monte Carlo
simulated g, (p, 7) data (solid line) at 2 and 0.6cm with s '=4.6¢cm™ and ua=0.12cm™,
along with the best fit using the semi-infinite solution to the correlation diffusion
equation (dotted line). (c,d) Percent error in Dg as a function of source detector
separation and known Dg at a fixed us” =10 cm™ and pa= 0.2 cm™. (e,f) Percent error in
Dg as a function of absorption and reduced scattering coefficients at a 0.6cm source-
detector separation and a known Dg of 1x10® cm?/s. (g,h) Percent error in the relative
change in Dg as a function of the baseline Dgs and the known relative change in Dg. Data
was generated using a 0.6cm source-detector separation with pa = 0.2cm™ and s’ =
10cm™.

In Vitro Phantom Verification

Figure 8a displays representative g2(p,t) curves measured on the same liquid phantom at
both 0.6 and 1.5 cm source detector separations. While the correlation diffusion theory fit
for g2(p,t) at 1.5 cm matches well with the measurement, the fit for g2(p,t) at 0.6 cm slightly
diverges from the measurement. This fit at 0.6 cm improved when constrained to only fit
g2(p,t) >1.2. Despite these small errors in the fit at 0.6 cm, the estimated Dgo.6cm and
Dg,1.5cm Show a good agreement for both phantoms (Figure 8b, c). For fits constrained to
g2(p,1)>1.005, Lin’s concordance coefficients, CCC (95% confidence interval), was 0.98
(0.97,0.99) and 0.83 (0.71, 0.90) for the 2 phantoms, indicating strong agreement between
Dgo6cm and Dg,1scm. Bland-Altman plots of this data reveal that all but 1 data point fall
within 1.96 standard deviations of the mean percent difference between the 0.6 and 1.5 cm
measurements, providing conformational graphical representation of this strong agreement

(Figure 8d, e).
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Figure 8: (a) Representative measured (solid) and fitted (dashed) g, (p, T) curves at
1.5cm (left) and 6¢cm (middle: used g, (p, T)> 1.005, right : used g, (p, t)> 1.2) on the
same liquid phantom (us’ = 4.6cm™ and ua= 0.12cm™) at 38°C. (b,c) Comparison
between Dg,0.6cm and Dg 1.5cm for two sets of phantoms (b: us = 10cm™, ya = 0.12cm™ and
c:us = 4.6cm? pa = 0.12cm™) using different g ga(p,t)thresholds to fit data (blue:
92(p,7)>1.005, red: g,(p,7)>1.2). Error bar represents the standard deviation; CCC
denotes Lin’s concordance correlation coefficient, dotted line denotes line of identity.
(d,e) Bland-Altman plots for b and c, respectively, of the percent difference between
Dg,0.6cm and Dg,1.5cm Versus the mean of these parameters. The solid horizontal line
represents the mean percent difference and dashed horizontal lines represent the 95%
limits of agreement.

Strong correlation between ASL-MRI and DCS

Of the 9 mice imaged, 3 were excluded due to poor T1 image quality. Of the remaining 6

mice, one left hemispheric DCS measurement was discarded based on the exclusion criteria
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described in Section 2.2. Thus, a total of 11 hemispheric data points from n=6 mice are
included for the final comparison between ASL and DCS. Figure 9a shows a representative
anatomical image of the ASL slice taken in the midbrain. The red polygon denotes the
region of interest used to quantify an average hemispheric cerebral blood flow. Across all
6 mice, we observed a highly significant correlation between ASL-MRI measures of
cerebral blood flow and DCS measures of CBFi measured at 0.6cm (R=0.74, p=0.0088,

Figure 9b).
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Figure 9: (a) Anatomical image of ASL-MRI mouse with one ROI (red) used to obtain a
perfusion value of CBF concurrent with the region that DCS measures. (b) Cerebral
blood flow index measured by DCS versus cerebral blood flow measured by ASL-MRI in
both healthy (n = 4, 7 hemispheric data points, red) and concussed mice (n=2, 4
hemispheric data points, cyan). Data from left and right hemisphere were treated as
independent samples. Black line denotes line of best fit and grey shaded region denotes
95% confidence interval. Error bars represent the standard deviation.

Small separation DCS is highly repeatable

Repeatability measurements taken with a 0.6cm source-detector separation on a liquid
phantom revealed an excellent inter-user ICC value of 97%. For mice, the ICC within each

user (N=3 users) was 86%, 81%, and 90%; these values are categorized as excellent.

43



However, the inter-user ICC in mice was only 51%, classified as fair repeatability between

users (Figure 10).
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Figure 10: Intraclass correlation coefficient (ICC) for intra- and inter- user repeatability
measured on a mouse and for inter-user repeatability measured on a liquid phantom.

3.4 Discussion

In this study, we explore the validity of diffuse correlation spectroscopy in small separation
reflectance geometries. A key assumption in correlation diffusion theory is that the source-
detector separation must be large in relation to the average random photon walk step size
(£"=1/us). This assumption is necessary such that the photon scattering angles will be
sufficiently randomized at the point of detection®’. In transmission geometries, Kaplan et
al. demonstrated that DCS works best for slab thicknesses > 10¢", although in the case of
highly anisotropic scattering (as is the case in biological tissue) DCS can work for slab
thicknesses as small as 30124, However, this same rigorous assessment of the breakdown
of DCS has not been performed in reflectance geometries that are most commonly used in
biological applications. While a handful of publications have begun to use small (<1cm)
DCS reflectance geometries to study blood flow in the mouse brain'?*!4 neonatal rat

brain'?®, mouse and rat hindlimbs®, mouse tumors'*®, mouse bone graft!*¢4’  skin
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flap'#®149, this work is the first to our knowledge that explores the accuracy of these
reflectance measurements in a regime where DCS may break down.

Through Monte Carlo simulations, we found that the correlation diffusion
approximation does indeed provide a suitable model for small separation reflectance DCS
data. For typical absorption and scattering properties of brain tissue, diffusion theory
yielded errors in Dg of <12% for source detector separations as small as 0.2cm. As
expected, this error decreased with increasing separation because the photon diffusion
equation is assumed to be valid at large source-detector separations (>1.5 cm). By
constraining fits to those photons associated with shorter tau and thus longer pathlengths
by thresholding gi(p,t)>0.4, this error in the estimation of Dg was reduced to <10% for all
tested source-detector separations > 0.2cm. Moreover, we found that these errors
effectively cancel out when estimating relative changes in Dg, suggesting that short-
separation DCS can be used to accurately track longitudinal changes in cerebral blood flow
(assuming the influence of extracerebral layers are negligible).

We next expanded our error quantification beyond the typical optical properties of brain.
We found that the error in Dg increased substantially as ps decreased and pa increased.
This trend was expected, given that the validity of the diffusion approximation is predicated
on nearly isotropic radiance (where isotropy is achieved when ps >> pa*’). However, even
when ps = 3cm™ and pa=0.35cm™, the error in Dg at 0.6cm remained below <25% if the fit
for gi(p,t) was constrained to > 0.4. This increase in error with decreasing ps was
confirmed in vitro through our liquid phantom studies that revealed the error in Dg at ps =

10 cm™ was roughly half the error seen at pus = 4.6 cm™.
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Although the error in using the diffusion approximation to fit DCS data at source
detector separations needed to probe rodent brain is < 12% for typical brain optical
properties, this error certainly may not be negligible for studies in which the effect size of
interest is small. As mentioned above, constraining gz fits to shorter t may serve to improve

accuracy, as these photons have traveled deeper through tissue!3

and become fully
randomized before detection. Indeed, we observed a reduction in the error of Dg when
constraining fits to early delay times, although this constraint did not fully ameliorate the
error. Future work can explore the depth sensitivity of small separation DCS for a range of
delay time constraints, as in Selb et.al.}3* . Alternatively, to further improve accuracy, one
could employ a lookup table-based Monte Carlo approach wherein g2 curves are simulated
for a wide range of Dg values, and then the measured g, data are fit to this simulated g»
database!015?,

We confirmed our in silico and in vitro results through translation to an in vivo mouse
brain study. As expected, we observed a significant positive correlation between DCS
blood flow index measured at 0.6cm source-detector separation and ASL-MRI measures
of absolute cerebral blood flow in mice. We note that the strength of this correlation was
likely influenced by several limitations in the experimental design and measurements. First,
DCS and ASL-MRI data were not acquired simultaneously because the optical sensor was
not MRI compatible, thus introducing the possibility for physiological variation in the time
that lapsed between the DCS and ASL measurements (~5 min). Second, DCS
measurements represent a bulk average of the banana-shaped region that spans from source

to detector, resulting in extracerebral (skull, scalp, cerebrospinal fluid) signal contributions

that could be significant. Third, ASL data is subject to low SNR given the small brain size
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of mice and the long acquisition time (~20 min for a single blood flow image) and is highly
susceptible to motion artifacts caused by respiration. Finally, we had to assume a constant
value for pa/ps for all animals. As discussed below, this assumption can lead to significant
error in Dg if the true optical properties deviate significantly from assumed values. As Diop
et.al.!? demonstrated, measuring individual animal pa/ps Would improve DCS estimations.
Despite these limitations, the significant correlation between ASL and DCS suggests that
DCS can provide a sensitive index of cerebral blood flow.

Finally, in the mouse brain, we found excellent repeatability in the DCS measured blood
flow index within a given user, although repeatability across different users was only
classified as fair. Because inter-user repeatability in the well-controlled phantom
experiment was excellent, we attribute inter-user variability in the mouse to both the subtle
differences in the positioning of the sensor or possibly to the extent of applied sensor
pressure that a particular user typically exerts'®. Whatever the reason, given the excellent
intra-user repeatability seen in vivo, we recommend that the same operator acquire DCS
measurements in the case of longitudinal experiments wherein the same mouse may be
measured at multiple time points.

One main limitation in the estimation of an absolute blood flow index with DCS is the
need for a priori knowledge of pa and pis' in the sample of interest. In reality, pa and ps' are
often not known and must be assumed from literature-reported values (as we did in our in
vivo mouse studies). Unfortunately, if these assumed values are inaccurate, they can induce
substantial errors in Dg®. However, frequency- or time-domain near-infrared spectroscopy
techniques that are commonly used in large animal or human studies to quantify pa and pis'

may not be accurate in the rodent head geometry, as the photon diffusion equation that
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governs these techniques also breaks down at small separations. Hallacoglu et al.*®
demonstrated that pa and ps' can be measured in the adult rat using multi-distance frequency
domain NIRS, although they note that data diverged significantly from diffusion
approximation for source-detector separations < 0.8cm. Thus, for mice or neonatal rats,
alternative approaches must be employed to estimate tissue optical properties. Our
laboratory has developed a Monte Carlo simulation based inverse algorithm to estimate
absorption and scattering properties using small separation frequency domain near-infrared
spectroscopy that may provide a suitable alternative to estimate pa and ps' in mice and
young ratst®%151,

Although our primary application of small source-detector separation DCS was focused
on the rodent brain, we emphasize that the results of this study are generalizable towards
other applications. There is a plethora of biological applications that may benefit from a
perfusion monitor for tissue at depths of ~1-4mm, wherein other optics-based flow
techniques like laser Doppler flowmetry or laser speckle contrast imaging do not provide
sufficient depth penetration. These applications include studies of perfusion in the skull
and scalp in humans, burn wounds in humans where primary tissue damage occurs in
epidermis and dermis®®3'%  preclinical models of skeletal muscle®® | skin flap/ graft

monitoring*4®1%5 and breast cancer models'®®.

3.5 Conclusion

We demonstrate that the semi-infinite solution to the correlation diffusion equation
provides a suitable approximation to fit DCS data obtained in a reflectance geometry at
small (0.2-1cm) source detector separations with excellent in vivo intra-user repeatability.

Absolute blood flow index estimation is subject to <12% error at these separations, and
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error in the estimation of the relative change in blood flow is < 0.5%. These results suggest
that DCS may be used to accurately estimate cerebral blood flow in small animal models,

as well as other biological applications where a depth penetration >0.1cm is desired.

49



Chapter 4: Microfluidics and DCS

DCS blood flow measurements are sensitive to red blood cell flow, size, and density. While
numerous studies have shown that the DCS-measured BFI is correlated with the flow in
tissue, the functional form of the dependence of BFI on flow velocity, vessel size,
hematocrit (i.e., red blood cell density), and red blood cell morphology is less understood™.
Unfortunately, determining the individual effects of these parameters on BFI is challenging
in large part due to experimental limitations. For example, in vivo, the vasculature dilates
in response to decreases in hematocrit to enhance perfusion and maintain adequate oxygen
delivery, making it inherently difficult to separate the influence of hematocrit from blood
flow on BFI. Alternatively, determining these effects in vitro is also challenging given the
lack of robust optical phantoms, i.e., systems that mimic the optical and dynamic properties
of tissue. Typically, phantoms for DCS consist of a bulk optically-scattering liquid (e.g.,
Intralipid) wherein “blood flow” is manipulated by adjusting temperature, viscosity, or
particle size'¢. While some in vitro DCS phantoms have employed small millimeter-
diameter tubes embedded in a bulk medium?7, the dimensions and density of these vessels
do not adequately recapitulate the microvasculature and thus limit interpretability of the
results. Herein, we develop a novel in vitro phantom wherein we can independently and
systematically investigate the effects of flow velocity, vessel size, hematocrit, and
morphology on the DCS-measured BFI.

4.1 DCS-measured Blood Flow Index is Inversely Proportional to Hematocrit

4.1.1 Introduction

Diffuse correlation spectroscopy (DCS) is a well-validated optical modality used to non-

invasively measure blood flow in biological tissue'*>'%, The advantages of DCS over other
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clinically-available perfusion modalities, such as MRI, PET, or transcranial Doppler
ultrasound, include a high temporal resolution (>20 Hz), relatively low cost (<$50Kk),
continuous bedside monitoring capabilities, and sensitivity to the microvasculature. The
technique has shown promise in a wide array of clinical applications, including stroke -5,
traumatic brain injury 5255, and cardiac surgery %-¢2,

In DCS, the tissue is illuminated with a long-coherence length laser operating in the
near-infrared. Light scattering off of moving red blood cells leads to temporal fluctuations
in reflected light intensity measured by a remotely located detector on the tissue surface.
These intensity fluctuations are characterized using an intensity autocorrelation function
that is fit to simple analytical models to extract an index of blood flow, BFI (cm?/s) 4. In
general, BFI reflects both the average flow and density of red blood cells in the interrogated
tissue volume®. While numerous clinical and preclinical validation studies have
experimentally confirmed that BFI correlates with blood flow measured by other gold
standard perfusion modalities's® the dependence of BFI on the density of red blood cells
(i.e., hematocrit) has received considerably less attention.

The influence of hematocrit on BFI is an important factor that likely needs to be
accounted for both in healthy populations as well as in conditions associated with anemia
or polycythemia. Hematocrit levels within the normal population span a broad range and
vary with age and between sexes. For example, normal hematocrit levels range from 38—
52% for men and 35-44% for women. For women, hematocrit levels can vary significantly
over the course of the menstrual cycle . Moreover, for patients with blood disorders,
especially chronic anemia, variations in hematocrit are a well-known phenomenon with

significant adverse consequences that affect perfusion. For example, patients with sickle
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cell disease suffer from “crises” — including crises in which blood is pooled and sequestered
in their spleens, crises in which bone marrow function temporarily ceases due to viral
infection, and crises that involve microvascular occlusion — during which times hematocrit
levels can drop precipitously. This acute worsening of anemia affects blood flow to major
organs, including the brain, and a non-invasive monitor of adequate perfusion (e.g., DCS)
could help avoid devastating complications like stroke %, At the other end of the spectrum,
patients with polycythemia vera, a bone marrow disease that leads to elevated hematocrit
levels, suffer from increasing hematocrit levels when their disease worsens or when
medications begin to fail. Again, given the high risk of stroke in these patients, assessment
of microvascular cerebral blood flow with DCS may provide valuable information to guide
therapeutic management.

Determining the effects of hematocrit on the DCS-measured BFI is challenging in
large part due to experimental limitations. In vivo, the vasculature dilates in response to
decreases in hematocrit to enhance perfusion and maintain adequate oxygen delivery,
making it inherently difficult to separate the influence of hematocrit from blood flow on
BFI. Alternatively, determining these effects in vitro is also challenging given the lack of
optical phantoms that recapitulate tissue microvasculature. Typically, phantoms for DCS
consist of a bulk liquid wherein “blood flow” is manipulated by adjusting temperature,
viscosity, or particle size 1315, While some in vitro DCS phantoms have employed small
millimeter-diameter tubes embedded in a bulk medium*’, the dimensions of these vessels
do not adequately recapitulate the microvasculature and thus limit interpretability of the

results.
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Herein, we present a novel in vitro DCS phantom platform that consists of hundreds
of micron-sized channels embedded within a solid polydimethylsiloxane/titanium
dioxide/India Ink substrate. While microfluidic systems are not inherently novel, their
application to DCS offers a substantial improvement over the traditional bulk liquid
phantoms. Our system allows us to utilize physiologically relevant arteriole-sized channel
diameters and to flow blood through these channels. In this work, we first validate that
DCS can accurately estimate flow in this novel platform, and then we use the platform to
demonstrate that the DCS-measured blood flow index is strongly confounded by
hematocrit. Finally, we use these results to approximate a hematocrit-correction factor that
may be used to minimize the influence of hematocrit®.

4.1.2 Materials and Methods

Microfluidic phantom platform

For all experiments described herein, we designed a phantom platform that consists
of a thin layer of hundreds of long (> 1.5 cm), uniformly spaced, parallel, micron-sized
channels embedded 0.3 cm below the surface of a solid polydimethylsiloxane (PDMS),
titanium dioxide (TiO.), and India Ink substrate (Figure 11). Four phantoms were
independently tested with minimum microchannel cross-sections of 10x11, 30x28, 60x56,
and 100x85 um (wxh). Channel sizes were chosen to roughly mimic the dimensions of
arterioles, capillaries, and postcapillary venules ., Vessel spacing within the microfluidic
layer was maintained at a constant volume fraction of 3/8 for all phantoms 162163,

To fabricate these phantoms, standard photolithography processes were used 2, In
brief, SU-8 series photoresists were spun onto silicon wafers to desired heights after

cleaning and dehydration. The MLA150 Maskless Aligner (Heidelberg Instruments) was
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then used to directly expose patterns onto soft baked resist covered wafers using a 375 nm
laser. Following post exposure baking and developing steps, wafers were silanized by
treatment with vapor phase hexamethyldisilazane (HMDS) for at least 24 hours. The
resulting patterned wafers served as masters for generation of multiple identical
microfluidic devices via soft lithography. In this case, a mixture of PDMS/TiO/India Ink
was prepared by combining 80 g of PDMS at a 10:1 ratio of elastomer to curing agent
(NC9285739, Fisher Scientific), 0.152 g of TiO, (525818, Fisher Scientific), and 0.084 g
of India Ink (Higgins, Chartpak, MA)*%4 The PDMS/TiO2/India Ink mixture was poured
over the silicon wafer to achieve a thickness of ~0.3 cm. The remainder of this
PDMS/TiO2/India Ink mixture was poured into a plain petri dish to create a thin ~0.2 cm
sheet. Both dishes were placed in a vacuum chamber for 1 hour and then cured overnight
at 60°C. Next, the surfaces of the patterned device and the unpatterned sheet were exposed
to oxygen plasma (NC9332171, Fisher Scientific) for 1 minute and then bonded together.
Bonding was further secured by placing the device on a hot plate at 80°C for 10 minutes.
The final microfluidic embedded device was trimmed to ~2x3x0.5 cm. Finally, to model
the experimental setup as a series of parallel slabs over a semi-infinite medium for data
analysis, the microfluidic device was placed on a large PDMS/TiO2/India Ink block
(~13x9x6 cm) with the same optical properties as the embedded microfluidic device.

Experimental protocol

To validate that DCS can accurately measure flow in this phantom platform, we
first flowed Intralipid (Fresenius Kabi, Baxter Healthcare, Deerfield, IL) through each of

the microfluidic phantoms. Measurements were made on each phantom at multiple flow

54



rates and at varied concentrations of Intralipid. Intralipid concentration was titrated from
20% to 7% by diluting with distilled water.

To validate the platform with blood and to assess the influence of hematocrit on
DCS, we obtained blood samples from healthy human subjects (6 — 24 mL/subject). Blood
was collected in EDTA tubes to prevent clotting; all samples were used within 8 hours of
collection. Hematocrit was measured via complete blood count (Element HT5, Heska).
Each blood sample was aliquoted into 6 subsamples that were diluted with phosphate
buffered saline (PBS) to achieve hematocrits ranging from 20 to 45% in increments of 5%.
DCS measurements were made on the 30x28 and 100x85 pum microchannel phantoms
using each hematocrit aliquot at multiple flow rates. Prior to running each hematocrit

aliquot in the phantom, the microfluidic device was flushed with PBS for 2 minutes.

For all experiments, the input of each microfluidic device was connected to a
standard syringe pump (70-3008, Harvard Apparatus) through microbore tubing (06418-
02 and 06417-11, Cole-Parmer Instrument Company) %2, The output was connected to a
reservoir and allowed to drain freely. The pump flow rate was incrementally adjusted such
that the average velocity in the smallest channels varied from 0.155 to 0.93 cm/s in steps
of 0.155 cm/s to mimic physiologically relevant velocities . Pump flow rate, Q, can be
related to average channel velocity via Q = Acg X Vgypg X Nepgn, Where Acs, Vavg, and Nenan
are the cross-sectional area of the microchannels, average velocity, and number of
microchannels, respectively¢, Once the desired flow rate was set, DCS data were acquired

after a 1-minute equilibration period.
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Figure 11: In vitro DCS microfluidic phantom. Schematic representation of the (a) side
and (b) top view of the microfluidic tissue-simulating phantom. The phantom is
comprised of a layer of hundreds of microchannels with height, h, embedded 0.3 cm
below the surface of a polydimethylsiloxane (PDMS), titanium dioxide (TiO2), and India
Ink substrate. Intralipid or blood is flowed at a known rate using a standard syringe
pump. A 1-cm source-detector separation DCS sensor is placed at the surface the device,
and the 3-layer slab solution to the correlation diffusion equation is used to extract an
average flow index within the microfluidic layer (c) Image of the experimental setup
represented in (a) and (b). (d) Image of the microfluidic capillary network in a
transparent PDMS substrate to visualize the channel architecture.

DCS Acquisition

DCS measurements were made with a custom-built instrument comprised of an 852 nm
long coherence length laser (iBeam smart, TOPTICA Photonics, Farmington, NY), a
photon counting avalanche photodiode array (SPCM-AQ4C-10, Perkin-Elmer, Quebec,
Canada), and a hardware autocorrelator board (Flex05-8ch, www.correlator.com, NJ). A
custom optical sensor was used that consisted of a 1 mm fiber bundle source (FT11G23767,
Fiberoptics Technology, Pomfret, CT) spaced 1 cm away from a single-mode detection
fiber (780HP, Thorlabs, Newton, NJ). Fibers were embedded in a black 3D printed holder

that was secured to the surface of the microfluidic phantom (Figure 11c). The source and
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detector were oriented such that they aligned parallel with the microchannels; however, the
sensor orientation and positioning did not significantly influence the results (Appendix 1).
Measurements of the intensity autocorrelation function, g,(p,7),were made at a 3s
integration time and 20-36 frames of data were acquired for each flow rate.
DCS analysis

To analyze DCS data, the experimental setup was modeled as a series of two parallel
slabs over a semi-infinite medium. For this geometry, the steady state solution of the
correlation diffusion equation for the unnormalized field correlation function at a distance,

p, from the source on the surface of the top slab is °:
1 0 ~
G1(p,7) = [ GL(s,D)s)o(sp)ds, @7)
where Jo is the Bessel function of zeroth order, and

~0 numerator
G (s,7)=—, (28)
denominator

numerator =(5, D, cosh(5, (A, — z,))(5,D, cosh(B,A,) + 3D, sinh(5,A,)) +
3,0, (B;D; cosh(p,A,) + B,D, sinh(B,A,)) sinh(B, (A, - 2,)))

denominator = 3,D, cosh(3,A,)(B,(D, + B;D,2,) cosh(B A, ) + (B;D, + ,Bf D,z,)sinh(B,A,))
+(B,(B,D,D; + B, D5z,) cosh(B,A,) + (B2D2 + B B,D,Dyz,) sinh(BA, ) xsinh(B,A,).
Here, /i’ =s"+3u, u +6u kP (A (), D =1/(u,), z,=1/(uy+m,), 2, =11,
A; is the thickness of the i™ layer, p,; and ug,; are the absorption and reduced scattering
coefficients, respectively, for the i layer, ko; = 2mn/A is the wave number for the i"
layer, A is the wavelength of light (852 nm), n is the index of refraction (assumed to be 1.4
for all layers ¢4), P; is the probability of scattering off of a moving scatterer in the i layer,

and (Ar? (1)) is the mean-square displacement of the moving scatterers in the i™" layer. For
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our experimental setup, layers 1 and 3 consisted of the PDMS/TiO2/India Ink substrate,
and layer 2 contained the microchannels embedded in the PDMS/TiO2/India Ink substrate,
such that A;=0.3 cm and A, was dependent on the height of the microchannels (either 11,
28, 56, or 85 um). We measured the optical properties of the substrate in layers 1 and 3
(Ma substrate AN Ug sypstrate) t0 be 0.2 cmtand 5.6 cm™, respectively, using multi-distance
frequency domain near-infrared spectroscopy on the bulk phantom without embedded
microchannels *¥’. The optical properties of the microfluidic layer (¢, , and ug ) took the
form of a weighted average by volume of the optical properties of the substrate and the
flowing medium (either Intralipid or blood). Optical properties of Intralipid and blood were
obtained from literature 16816,

The probability of scattering off of moving scatterers within the 1% and 3" layers was
assumed to be negligible (i.e., P1 and P3~0). For layer 2, this probability took the form of
P, = f X Ug f1ow/ Hs.avg, Where fis the volume fraction of flowing medium within the
microfluidic layer (0.375 for all phantoms), ug r,,,, is the reduced scattering coefficient for
the flowing medium at 852 nm, and g g = f X Ug r10w + (1 = f) X lhg cupstrate- When
flowing Intralipid, we assumed pg ., = 186 x C cm™, where C is the fractional
concentration of Intralipid. When flowing blood, ug s, for each blood sample was
estimated using an empirically-derived relationship between the reduced scattering
coefficient and hematocrit *°.

The mean-square particle displacement, (Ar* (7)), of layers 1 and 3 was assumed to be
negligible. For layer 2, we tested two flow models for (Ar?(t)): convective and diffusive.
For the convective model, (Ar*(7)) took the form of (v)?72, where (v) is the spatially
weighted average speed of the particles within a microchannel and - is the delay time. For
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the diffusive model, (Ar? (7)) took the form of (D)z, where (D) is the spatially-weighted
diffusion coefficient of the scatterers within the microchannels. For all experiments, data
was separately fit to these two models, and the sum of squares of the fit residuals (SS) was
used to determine the form of the mean-square displacement that yielded the best fit of the
data. For Intralipid, we expect (Ar*(t)) to be dominated by convective motion, whereas
for blood, we expect diffusive motion to dominate. The dominance of diffusion is expected
due to an effect known as shear-induced or self diffusion, which occurs in the presence of
a shear flow under small Reynolds numbers™®2, Effectively, multiple inter-particle
hydrodynamic interactions give rise to significant lateral displacements that, when taken
together, constitute a random walk. Although shear-induced diffusion is present for both
Intralipid and blood, the magnitude of this effect is expected to be much smaller for
Intralipid than blood given the small size and spherical nature of Intralipid®# compared to
the larger size and deformable, disk shape nature of red blood cells®82170-176,
Experimentally, DCS measures the normalized intensity autocorrelation function,
g2 (p, ), which is typically converted to the normalized field correlation function, g, (p, 1),
using the Siegert relation™. However, our phantom is non-ergodic (See Chapter 4 Appendix
3) such that the measured time averaged g, (p, 7) is not equivalent to the ensemble average
of g, (p, T) due to the presence of both dynamic and static layers; hence, the Siegert relation
breaks down. To relate experimental measurements of g,(p, ) to theoretical models for
g1(p, T) in a non-ergodic sample, we isolate our fit of g,(p, 7) to the early portion of the
curve that is dominated by photons that have sampled the dynamic microchannel layer such
that the Siegert relation is valid 7. For Intralipid, fits were constrained to g,(p,7) = 1.33,

and for blood, fits were constrained to g,(p,t) = 1.25. These thresholds were determined
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based on visual inspection of the data and were chosen conservatively to isolate the
appropriate portion of the g,(p, ) curve for all flow rates tested. Each measured frame of
g2 (p, 7) data was fit to Equation 28 for either (v) or (D) within the microfluidic layer (for
Intralipid or blood experiments, respectively) and S, a coherence factor used to relate
g2(p,T) 10 g1(p, ) in the Siegert relation. Results were averaged to obtain a mean and
standard error (v) or (D) across all frames for each pump flow rate. For consistency with
in vivo DCS studies wherein P is not known, when flowing blood through the phantom we
also estimated a blood flow index, BFI = P,(D), using the known P,.

Statistical analysis

For Intralipid experiments, Lin’s concordance correlation coefficient (CCC) **° was used
to quantify the agreement between the DCS-measured velocity and the true average
velocity in the channels. The CCC is the product of Pearson’s R, a measure of precision,
and a bias correction factor which reflects the degree that the linear association between
two variables differs from 45 degrees through the origin. For whole blood, we plotted the
DCS-measured blood flow index (BFI) against the known velocity (Vayg) or flow rate
(BFabs) to assess the functional relationship. We observed a strong linear relationship
(Figure 13); thus, we modeled the relationships between BFI and vayg and BFI and BFabs
with linear mixed effects models using sample specific random intercepts that took the
forms of BFI = o+ 1 X1+ X Ugypg + B3 XT X Vgpg and BFI = o+ f; X1+
B2 X BFg,s + B3 X 7 X BFy,, respectively, where r is the microchannel dimension (30 or
100 pum).

To assess the influence of hematocrit on (D), we first graphically examined the

relationship between (D) and hematocrit across several flow velocities and two vessel
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sizes. Prior to modeling, we assessed the functional form of this relationship using linear
models with both linear and higher ordered polynomial terms. The relationship appeared
linear across both vessel sizes and all velocities tested; higher-order polynomials did not
significantly improve the model fit. Thus, to empirically describe the relationship between
hematocrit (Hct) and (D), we used a linear mixed effects model that took the form of (D) =
Bo + By X Hct + B X Vgyg + 3 X Het X v454. All data from both vessel sizes were
included in this model. The coefficients derived from this model were used to to develop
a hematocrit-correction factor for (D). In order to estimate a confidence interval (ClI) for
the hematocrit-correction factor, we simulated 1,000 bootstrap samples of size n = 17 with
replacement from the overall dataset. For each bootstrap sample, a linear regression was
applied using the equation above, and the resulting correction factor was noted. The 95%
Cl was derived from the 2.5 and 97.5 percentiles of the bootstrap distribution of 1,000
estimated correction factors.

Finally, we applied this hematocrit correction factor to the measured data. We
performed a secondary linear mixed effects model for the data obtained from each vessel
size to confirm independence of (D)yci—correctea from hematocrit (Hct) (i.e.,
(DYct—correctea = Bo + B1 X Hct + By X Vgyg + B3 X Het X vg,4). The goal of this
model was to demonstrate that S,, 51, and S5 were not statistically different from 0. All
regression analyses were performed in Matlab (Mathworks, Natick, MA) using the fitime
function. Goodness of fit was determined by visual inspection of fit residuals and
quantification of model R2. Statistical significance was declared for p-values < 0.05.

4.1.3 Results

Verification of DCS measurements in the microfluidic phantom using Intralipid
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To demonstrate the accuracy of DCS in this platform, we first used Intralipid at multiple
flow rates. Representative g,(t) curves from Intralipid along with the best fit lines using
the diffusive and convective models for the mean-square displacement in the microfluidic
layer are shown in Figure 12a. The convective model provided the best fit to the data, as
indicated by the reduction in the sum of squares fit residual (SS). Using this model, the
DCS-measured average flow velocities agreed well with the known average velocities
across all concentrations of Intralipid tested (all R?>0.99, p<0.01, CCC > 0.95, Figure
12b).This strong agreement between the measured and known velocities was also seen for

all vessel sizes tested ( all R>0.98, p<0.001, CCC > 0.95, Figure 12c).

(a)1'6 ==Raw Data (b) 20% IL ’ (C) 1 Tﬂzm /|
— Diffusive Fit ®17% IL L * 30x28 4
! pm e
== Convective Fit —~ 0.6(/®14%IL /. _—  60x56 . 1
| ) 10% IL .8 @ 220 4 .
= 14 € o ‘ € © 100x85 um :
& S A sz S 0-6/\= Theoreticall ~ & |
~ ", 0.4 = Theoretical| , ~ T N 4
o @ v 3 ”
1.2} RS £ ,/' E »
55 =0.010 3 02 g AllR? > 0.99] - AllR> 098]
5520005 \‘\ il * AIIp<001‘ “1,® All p <0.001
4 5 B ol . o Al CCC > 0. 95 0 _ AlICCC>095
106 10° 10% 102 102 0 02 04 06 0 02 04 06 08 1
7(s) Vaiig (cm/s) (cm/s)

Figure 12: Verification with Intralipid. (a) Representative g, (t) data measured when
flowing Intralipid through the 30x28 um microfluidic phantom. The gray dashed line
represents the cutoff used to fit the data to minimize the effects of non-ergodicity. The
convective model (red) resulted in the lower sum of squares (SS) fit residual than the
diffusive model (blue). (b-c) The DCS-measured velocity (Vmeas) Versus the known average
velocity (Vavg) in the (b) 30x28 um microchannels for five concentrations of Intralipid (7-
20%, all R>>0.99, CCC=>0.95, and p<0.01) and (c) in four different microchannel
phantoms using 20% Intralipid (10-100 zm, all R>>0.98, CCC>0.95, and p<0.001). In
these subplots, the black dashed line denotes the line of unity, and the colored dots are
the mean/standard error values across 36 frames of data.

Verification of DCS measurements in the microfluidic phantom using whole blood

Representative g, (t) curves from whole blood (hematocrit = 45%) along with best fit lines
using the diffusive and convective models for the mean-square displacement in the

microfluidic layer are shown in Figure 13a. When flowing whole blood, the diffusive
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model provided the best fit to the data, as shown by the lower SS. Using this model, the
DCS-measured BFI was strongly linearly correlated with the known average velocity in
the channels, such that a 4x increase in velocity from 0.155 to 0.62 cm/s resulted in a
similar 4x increase in BFI. This linear trend persisted across both vessel sizes studied
(Figure 13b, model R?=0.98, p<0.001, no significant interaction term between velocity and
vessel size, p=0.64). BFI was also strongly correlated with the average flow rate in the
channels, although the slope of this trend was dependent on vessel size, with smaller
vessels having a steeper slope (Figure 13c, model R?=0.98, p<0.001, significant interaction

term between average flow rate and vessel size, p<0.001).
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Figure 13: Verification with whole blood. (a) Representative g, (t) curve measured
when flowing whole blood (hematocrit = 45%) through the microfluidic phantom. The
gray dashed line represents the cutoff used when fitting the data to minimize the effects of
non-ergodicity. The diffusive model (blue) resulted in the lower sum of squares (SS) fit
residual than the convective model (red). (b-c) Mean/standard error DCS-measured
blood flow index (BFI) versus b) the known average velocity (vavg) and c) the known flow
rate in the microchannels for 30x28 um (n=4) and 100x85 pum (n=3) vessel sizes
(salmon pink and green, respectively).

DCS blood flow index is inversely proportional to hematocrit

Next, we varied the hematocrit of the flowing blood within the microfluidic layer. At a
fixed flow velocity, as hematocrit increased, the DCS-measured BFI decreased (Figure 14
a, b). This confounding effect was observed for all vessel sizes and flow velocities tested.

Further, we found that the hematocrit-dependence of BFI was not solely attributable to the
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fraction of scattering events that occur from moving scatterers (P2), which is known for
our model systems. The BFI-derived effective diffusion coefficient, (D) = BFI/P,, was
inversely linearly proportional to hematocrit and varied by as much as ~70% as hematocrit
dropped from 45% to 20% (Figure 14 c, d). Modeling (D) as a function of hematocrit and
Vayg, We found that the overall effect of hematocrit was not significant (p = 0.934).
However, both the interaction between hematocrit and vayg and the overall effect of vayg
were significant (p < 0.001), indicating a significant relationship for hematocrit that
depended on Vay (p < 0.001), i.e., (D) = B, X Vgyg + B3 X Vg X Hct, Where S, and S
are the model coefficients for the overall effect of vayg and the interaction between vayg and

hematocrit, respectively.

Using this empirical model, we derived a hematocrit correction factor, 1/ t-7xHc)

where y = B3/B2 and (D) yci—correctea = (P)/(1 —y X Hct). We found y = 1.8 with a
95% CI of (1.786, 1.792). Figure 15 shows the results of applying this correction factor to
the data from Figure 14c, d. Once corrected, neither the overall effect of hematocrit nor the
interaction between hematocrit and vayg Were statistically significant (all p>0.05 for both

vessel sizes tested).
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Figure 14: Effects of hematocrit. DCS-measured blood flow index (BFI) versus
hematocrit at five fixed flow velocities for (a) 30x28 um and (b) 10085 um
microchannels. (c-d) The DCS-measured spatially-weighted average diffusion coefficient
((D) = BFI1/P,), where P> is the known probability of scattering off of a moving red
blood cell within the microfluidic layer) versus hematocrit across five fixed velocities for
(c) 30%28 um (n=4) and (d) 100x85 pum (n=3) microchannels. All data are reported as
mean/standard error across 3-4 blood samples; solid lines connect data points obtained
at a fixed flow velocity.
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Figure 15: Correcting for the effects of hematocrit. The hematocrit-corrected diffusion
coefficient (D) yct—correctea) VErsus hematocrit for (a) 3028 um (n=4) and (b) 100x85
pum (n=3) microchannels. All data are reported as mean/standard error across 3-4 blood

samples; dashed lines connect data points obtained at a fixed flow velocity.

4.1.4 Discussion
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In this study, we characterize the confounding influence of hematocrit on the DCS-
measured blood flow index using a novel in vitro microfluidic phantom platform. This in
vitro model presents an alternative to bulk liquid phantoms commonly used by the DCS
community in that it better mimics the tissue microvasculature. The slab geometry of the
phantom enables us to utilize an analytical solution to the correlation diffusion equation to
measure flow dynamics within the microchannels. Furthermore, the phantom is
biologically inert, thereby enabling us to probe a particular biological interaction of
interest, e.g., hematocrit and BFI, without unintended confounding variables (e.g., vessel
dilation in response to lowered hematocrit). These interactions are often challenging to
isolate in vivo wherein hemodynamics are regulated by complex physiological processes.

We first validated this phantom platform using Intralipid, a highly scattering fatty emulsion
that consists of spherical soybean oil droplets within a lipid membrane (~0.5 pm in
diameter 177) suspended in glycerin and water. As expected for the case of small spherical
particles in a shear flow under low Reynolds number, we show that convective motion
dominates the decay of the intensity autocorrelation due to the relatively small influence
of shear-induced diffusion. Given this dominance of convective motion, we demonstrate
that DCS can accurately measure the average velocity within the micron-sized channels of
the phantom. We observed strong agreement between the DCS-measured velocity and
known average velocity across all channel sizes and Intralipid concentrations tested (Figure

12).

In the case of whole blood, we observed that the diffusive model provided the best
fit to the intensity autocorrelation data (Figure 13a). This observation is in good agreement

with the plethora of in vivo DCS studies that show the diffusive model best fits
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experimental data obtained on a wide-range of tissue types. Further, it agrees well with
recent in silico work by Boas et al. simulating a dense volume of tissue with embedded
dynamic blood vessels that suggests the correlation decay is dominated by shear-induced
diffusion®. Moreover, our measured diffusion coefficient is the same order of magnitude
as Tang et al. measured in vivo with dynamic light scattering optical coherence tomography
(~0.5e-6 cm?/s)¥8, Through dimensional analysis, it can be inferred that the shear-induced
diffusion coefficient should be proportional to the shear rate™. Thus, as Boas et al. derive,
the blood flow index measured by DCS should be proportional to the average flow rate in
the vessels®. Indeed, we observed strong positive correlation between BFI and flow
velocity and flow rate, where the slope of this linear relationship was dependent on vessel
cross-section (Figure 13b, ). The consistency of these results with the work of Boas et al.
further validate our platform and support the notion that DCS is sensitive to shear-induced
diffusion of red blood cells.

Importantly, for both vessel sizes studied, we found that BFI decreases as hematocrit
increases, despite a constant flow rate (Figure 14a, b). This result confirms that hematocrit
is a significant factor that can confound estimations of blood flow made through DCS. We
show that the dependence of BFI on hematocrit is driven by both P2, the fraction of
scattering events that occurs off moving red blood cells (which is known for our phantom),
as well by (D) (Figure 14c, d). Assuming the DCS-measured (D) reflects the spatially-
weighted average of the shear-induced diffusion coefficient, there are several possible
explanations for the inverse linear relationship between hematocrit and (D). While an
increase in hematocrit increases the chances of interparticle interactions, it also limits the

degree of lateral movement that can be experienced before interaction with another blood
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cell and thereby may reduce the magnitude of the diffusion coefficient. Alternatively, or
possibly additionally, the Fahraeues-Lindqvist effect may play a significant role 1791, This
effect dictates that for vessel sizes less than ~300 um, increasing hematocrit leads to an
increase in apparent viscosity, which in turn may significantly reduce lateral displacements
of red blood cells. Although the hematocrit-dependence of the shear-induced diffusion
coefficient has been investigated previously by a handful of studies®?'7%172181 none have
been performed with relevant microvascular geometries, concentrations, and/or on time
scales relevant to DCS measurements, preventing direct comparison to our results. One
limitation with our tissue-simulating microfluidic phantom involves flow in one direction.
In vivo, vessels are not parallel to each other; therefore, the flow profile is in multiple
directions. However, we are not able to vary flow direction across different channels in our

microfluidic phantom.

The observed inverse relationship between BFI and hematocrit agrees well with
recent in vivo data from our laboratory wherein we found that DCS appeared to
significantly overestimate cerebral blood flow in moderately/severely anemic patients with
sickle cell disease compared to healthy controls®2. While studies with MRI and PET have
demonstrated ~1.5x increases in cortical cerebral blood flow in sickle versus controls#3-18s,
we observed a markedly more pronounced 3x difference in DCS-measured BFI between
sickle and control groups on average. After applying the empirically derived correction
factor described herein, the median difference in BFI between sickle and control groups
was reduced to 1.7x, which is much closer to literature reports. While this result is

promising, more work is needed to validate this hematocrit correction factor in vivo, as the
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results obtained from the simplified vessel geometry of our in vitro phantom may not
directly translate to the complex vascular networks found in tissue.

Finally, we note several limitations of this novel microfluidic DCS phantom. The
device consists of hundreds of uniformly sized channels and flow is only permitted in one
direction, whereas in vivo capillary networks contain an array of vessel sizes that are not
planar in geometry. Moreover, the channels are rigid in size, whereas in vivo blood vessels
exhibit a range of compliance. Vessel compliance may permit additional diffusive motion
than observed in our rigid channel structure. Despite these limitations, this microfluidic
platform certainly provides a better recapitulation of the microvascular environment than
existing DCS phantom platforms. Finally, the correlation diffusion equation that we used
to fit our experimental data relies on the assumption that the motion of the scatterers is
uncorrelated, i.e., that the photon scattering direction is randomized between dynamic
scattering events. This assumption is not valid when flowing blood through our
microfluidic platform, as outlined in®, although Monte Carlo simulations suggest that the
correlation diffusion equation is still a good model for the system. Future work that
independently measures the shear-induced diffusion coefficient within the microchannels
is warranted to confirm the accuracy of the model.

4.1.5 Conclusion

In summary, we develop and validate a novel phantom platform for diffuse correlation
spectroscopy measurements. We use this platform to determine that hematocrit
significantly influences the DCS-measured blood flow index, and we derive a hematocrit
correction factor to minimize this influence. These results suggest that without correcting

for the effects of hematocrit, DCS BFI will overestimate blood flow in anemic patients.
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Future work will validate the hematocrit correction factor in vivo and will use this platform
to investigate other parameters that may confound the blood flow index, including vessel

size, vessel density, and red blood cell morphology.

4.1.6 Appendix 1

To examine the effect of sensor orientation on the measured data, we flowed 20% Intralipid
through the 30x28 um microchannel device at four velocities and varied the DCS sensor
positioning to be either parallel or perpendicular to the microfluidic channels. Sensor
orientation did not significantly influence the measured channel velocity (Figure 16a).
Thus, for all experiments described herein, the DCS sensor was oriented parallel to the
microfluidic channels for consistency.

To examine the repeatability of these measurements we obtained two blood samples
from a healthy volunteer taken nine months apart. Measurements of DCS blood flow index
were acquired within eight hours of sample collection at multiple flow velocities and two
different hematocrits. Data were found to be highly repeatable with an intra-class

correlation coefficient (ICC) = 0.95 (Figure 16b)1#2143,
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Figure 16: Effect of sensor orientation and measurement repeatability. (a) The DCS-
measured velocity (Vmeas) Versus the known average velocity (vayg) of 20% Intralipid in the
30x28 um microchannel phantom device when the sensor was positioned parallel
(magenta) or perpendicular (brown) to the channel orientation. Data are plotted as mean
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and standard error across 36 frames of data. (b) The DCS-measured blood flow index
(BF1) versus the known average velocity of blood obtained from a healthy volunteer and
diluted with PBS to 20% (blue) and 30% hematocrit (orange). Data are reported as mean
and standard error across two repetitions of this experiment from the same donor, spaced
nine months apart.

4.2 Influence of Vessel Size on the DCS-measured Blood Flow Index

Diffuse correlation spectroscopy (DCS) is an optical modality used to non-invasively
measure an index of blood flow (BFI) in biological tissue*”*°. Specifically, in DCS,
coherent near-infrared light multiply scatters as it diffuses through tissue before detection
at some distance away on the tissue surface. Scattering off moving red blood cells within
the tissue leads to temporal fluctuations in the detected light intensity. These temporal
fluctuations are quantified through a temporal intensity autocorrelation function, g,(7),
that is fit to simple analytical models, known as correlation diffusion theory®®, to extract
an index of blood flow. Although the units of this index (cm?/s) are not the traditional units
of blood flow, DCS has been extensively validated in vivo against various “gold-standard”
perfusion modalities®®.

Recently, it has been posited that DCS is sensitive to the shear-induced diffusion
of red blood cells, which refers to the random walk-like motion of red blood cells in shear
flow and is linearly proportional to blood flow’. However, the functional form of the
dependence of BFI on flow velocity, hematocrit, and vessel size is less understood. Boas
et al. demonstrated in silico that the DCS BFI is proportional to flow rate, but this
relationship is modulated by hematocrit and vessel size®. Previously, we developed an in
vitro platform to demonstrate for the first time a significant inverse relationship between
hematocrit and the DCS BFI at two different vessel sizes; we subsequently developed a

hematocrit correction equation that eliminated this inverse relationship .

71



In this Letter, we utilize a novel, previously validated® microfluidic phantom
platform to empirically determine the influence of vessel size on the blood flow index
measured with DCS. This phantom system provides the unique ability to systematically
explore the influence of various physiologic factors (e.g., flow velocity, vessel size,
hematocrit) without the confounding variables often seen in vivo. Details of the
experimental setup, data acquisition, and data analysis are described in®.

In brief, we tested 5 independent phantoms with minimum microchannel cross-
sections of 10 x11, 30x28, 60x56, 80x78, and 100x85 um (wxh). These channel sizes
were chosen to mimic the size of arterioles, venules, and capillaries®®!. Vessel spacing
within the microfluidic layer was maintained at a constant volume fraction of 3/8 for all
phantoms%218_For each phantom, blood was flowed at 5 velocities, ranging from 0.155
to 0.775 cm/s in even steps, chosen to mimic physiologically relevant velocities'®®, using
a standard syringe pump and whole blood obtained from four healthy male volunteers.
Blood was collected in EDTA tubes to prevent clotting; all samples were used within 8
hours of collection. Hematocrit was measured through a complete blood count analyzer
(Element HT5, Heska). Blood samples were diluted using phosphate-buffered saline (PBS)
to achieve a desired hematocrit of 45%. The relationship between average velocity (v,,4)
and flow rate (Q) is Q = A¢s X Vgypg X Nenan, Where Acs is the cross-sectional area of the
microchannels and nchan is the number of microchannels. For each flow velocity, DCS was
used to measure an index of blood flow in the channel.

BFl is defined as BFI = Pgg X (D), where Prac is the probability of scattering off
a red blood cell and (D) is the spatially-weighted diffusion coefficient 8. Prgc is known

for our model system %2, thus, we report (D) herein.
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For statistical analysis, to assess the influence of vessel size on (D), we first
graphically examined the relationship between (D) and vessel size across 5 flow velocities
at a single hematocrit. Since we observed a strong linear relationship, we empirically
modeled the relationships between (D) and velocity (Vavg) and (D) and flow rate (BFaps)
with a linear mixed effects models using sample specific random intercepts that took the
forms of: (D) = By + 1 X Vapg + f2 X VS + P35 X Vgpg X VS and (D) = By + f1 X
BF s + B, X VS + B3 X BF,,¢ X VS, respectively, where VS is vessel size. Using a linear
mixed effects model allowed us to quantify the coefficients derived from this model and
their statistical significance, indicating to us which variables or combination of variables
are independent of the relationship between (D) and velocity/flow rate. These regression
analyses were performed in Matlab (Mathworks, Natick, MA) using the fitime function.
Goodness of fit was determined by visual inspection of fit residuals and quantification of
model R?. Statistical significance was declared for p-values < 0.05.

We found that (D) increases linearly with average velocity across all vessel sizes
(model R?=0.94, Figure 17). When all five vessel sizes were included, we observed that
the only statistically significant interaction terms were between the combination of vessel
size and average velocity and average velocity (p<0.05, Table 2). However, this interaction
term between vessel size and average velocity was not significant when only vessel sizes

>10 pm were included in the model (p=0.6).
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Figure 17:Mean and standard error of the spatially-weighted diffusion coefficient ((D))
vs the known average velocity (Vayg). All blood samples had a hematocrit of 45%.

Table 2: Multivariable analysis of the coefficients from the linear mixed effects model for
diffusion coefficient, (D), vessel size (VS), and average velocity (v,y,)

Vessel sizes > 10 um All Vessel Sizes
Est (95% CI)* P Est (95% CI)? P
Vavg 1.77e-6 (1.42e-6, 2.12¢-6) <0.001 1.33e-6 (1.09e-6, 1.57e-6) <0.001
VS 2.43e-9 (-1.18e-9, 6.04e-9) 0.18 1.65e-9 (-1.24e-9, 4.53e-9) 0.26
VagX VS  -1.21e-9 (-5.91e-9, 3.48e-9) 0.61 4.21e-9 (4.88e-10, 7.93e-9) 0.03

Next, we similarly observed a linear relationship between (D) and flow rate across
5 different vessel sizes (model R?=0.88, Figure 18); however, the interaction between
vessel size and flow rate was highly significant, regardless of vessel size (p<0.001, Table

3).
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Figure 18: Mean and standard error of the spatially-weighted diffusion coefficient ({(D))
vs the known flow rate. All blood samples had a hematocrit of 45%.

Table 3: Multivariable analysis of the coefficients from the linear mixed effects model for
diffusion coefficient, (D), vessel size (VS), and flow rate

Vessel sizes > 10 um All Vessel Sizes
Est (95% CI)* P Est (95% CI)? P
Flow Rate 1.7e-3 (1.5e-3, 1.9e-3) <0.001 1.7e-3 (1.5e-3, 1.97e-3) <0.001
VS -6.41e-10 (-4.19¢-9, 2.9¢-9) 0.72 -2.69e-9 (-5.5e-9, 1.56e-10) 0.06
Flow Rate  -1.54e-5 (-1.74e-5, -1.33e-5) <0.001 -1.56e-5 (-1.8e-5, -1.31e-5) <0.001

x VS
In summary, we explored the effects of vessel size on our DCS blood flow index.

We observed that (D) linearly increases with the average velocity and flow rate but is
influenced by vessel size. Fundamentally, blood flow is equal to the blood pressure gradient
divided by the vascular resistance to blood flow. Further, resistance to blood flow is
determined by Poiseuille’s Law, where R = 8nL/(mr*), where 7 is the blood viscosity, L
is the length of the vessel, and r is the radius of the vessel. Thus, blood flow is proportional
to vessel size. However, in blood vessels less than 500 um, blood behaves as a non-
Newtonian fluid, where the blood viscosity is dependent on the vessel diameter and

hematocrit in an effect known as the Fahraeus-Lindqvist effect'”®. At 45% hematocrit, the
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blood viscosity decreases with decreasing vessel diameter till 30 um before it significantly
increases at smaller diameters'®’. Since the apparent viscosity is much lower in these
smaller vessels, it could attribute to a reason why our measured (D) was significantly lower
in the 10 x 11 wm channels, in comparison to the other four channels. Since DCS is
sensitive to the shear-induced diffusion of red blood cells, an increase in blood viscosity
means that particle-particle interactions from shear-induced diffusion may experience less

lateral displacement, resulting in a lower (D) 8178,

Regardless, across the five vessel sizes, we observed that (D) remains linearly
proportional to average velocity and flow rate. However, with flow rate, this
proportionality is dependent on vessel size.

4.3 Influence of sickle cell blood on DCS blood flow measurements

4.3.1 Introduction

The motivation behind setting up these microfluidic experiments was to gain a better
understanding of the DCS blood flow values that we were measuring in the sickle cell
disease patients. Because sickle cell patients are anemic, we expect that the resting state
cerebral blood flow of a sickle cell disease patient will be higher than that of a healthy
control. This result has been observed in the perfusion MRI community, who observed 1.5
times increase in resting state cerebral blood flow between sickle cell pediatric patients and
healthy controls'®®, However, when we published a paper that utilized DCS and made
resting state cerebral blood flow measurements in sickle cell pediatric patients and healthy
children, we observed 3 times increase in resting state cerebral blood flow measured by
DCS between sickle cell pediatric patients and healthy children'®, Therefore, we designed

this microfluidic phantom platform to study the origins of the DCS blood flow signal.
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Earlier in this chapter, | have discussed the work we have done with healthy blood by
varying hematocrit and vessel size. Here, | will flow sickle cell blood through the
microfluidic channels for the first time under fully oxygenated conditions. | hypothesize
that the DCS blood flow index of sickle cell blood will be less than that of healthy blood
since sickle cell blood is more viscous than healthy blood.

4.3.2 Methods

Microfluidic Phantom Platform

For all experiments described in this section, we utilize a novel, previously validated®?
microfluidic phantom platform to measure the DCS blood flow index when flowing sickle
cell anemic blood, under fully oxygenated conditions. Two phantoms were independently
tested with minimum microchannel cross-sections of 30x28 and 80x75 um (w X h).
Vessel spacing within the microfluidic layer was maintained at a constant volume fraction
of 3/8 for all phantoms62:163,

Experimental Protocol

To assess the influence of sickle cell blood on the DCS blood flow index, we obtained
blood samples from two sickle cell anemic (HbSS) pediatric patients, (6-9 mL/subject) who
were on hydroxyurea and did not receive a transfusion in the <3 months through the
Children’s Healthcare of Atlanta Biorepository. Blood was collected in EDTA tubes to
prevent clotting; all samples were used within 6 hours of collection. Hematocrit was
measured via complete blood count. Gel electrophoresis was performed to quantify
hemoglobin concentrations. Each blood sample was aliquoted into 1-2 subsamples that
were diluted with phosphate buffered saline (PBS) to achieve hematocrits ranging from 20

to 30% in increments of 5%. DCS measurements were made on the 30x28 and 80x75 um
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microchannel phantoms using each hematocrit aliquot at multiple flow rates. Prior to
running each hematocrit aliquot in the phantom, the microfluidic device was flushed with
PBS for two minutes.

For all experiments, the input of each microfluidic device was connected to a
standard syringe pump through microbore tubing®. The output was connected to a
reservoir and allowed to drain freely. The pump flow rate was incrementally adjusted such
that the average velocity in the smallest channels varied from 0.155 to 0.775 cm/s in steps
of 0.155 cm/s to mimic physiologically relevant velocities!®. Pump flow rate, Q, can be
related to average channel velocity via Q = Acs X Vgpg X Nepgn, Where Acg, Vg4, and
Ncnan are the cross-sectional area of the microchannels, average velocity, and number of
microchannels, respectively!®. Once the desired flow rate was set, DCS data were acquired
after a 1-minute equilibration period.

DCS Data Acquisition and Analysis

The same DCS acquisition and analysis schemes were followed as describe in %2. For the
DCS analysis, it is necessary to know the optical properties of each of the three layers. We
measured the optical properties of the PDMS/TiO/India Ink substrate in layers 1 and 3 to
be 0.2 cm™ and 5.6 cm, respectively, using multi-distance frequency domain near-infrared
spectroscopy*®® on the bulk phantom without any embedded microchannels. The optical
properties of the microfluidic layer took the form of a weighted average by volume of the
optical properties of the substrate and the flowing medium (blood). We assumed the optical
properties of sickle cell blood to be similar as healthy blood!®  Alternatively, an
integrating sphere can be utilized to measure the optical properties of sickle cell anemic

blood (Appendix 4).
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4.3.3 Results
For the two patient samples gathered, the patients’ hematocrits were 22.9% and 24.5%.
Therefore, both samples were diluted to only a hematocrit of 20%. In this preliminary
analysis, we observed no statistically significant change in the DCS BFI between sickle

cell anemic blood and healthy blood under fully oxygenated conditions (Figure 19).
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Figure 19: Mean and standard errors of the spatially-weighted diffusion coefficient ({(D))
vs the known average velocity (vVavg) for sickle cell anemic (yellow) blood and healthy
(green) blood for the (A) 30x28 and (B) 80x75 um. Individual patient data points are

plotted as circles of the same color.

While we observed no statistically significant difference between SCD and healthy blood,
more data samples will need to be taken. Future work will also employ utilizing an

integrating sphere to quantify the optical properties of SCD blood.

Appendix 1: How to Construct the Microfluidic Phantom

Below are the instructions to construct the microfluidic phantom mold. These instructions

are using previously published instructions on microfluidic making and optical phantom
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making as a foundation®®2'%4, The microfluidic device is first constructed by our

collaborator and then we make the molds.

1.

2.

Pre-heat the oven or the hot plate at 80 degrees Celsius.

Use a scalpel to cut around the cured PDMS device and remove it from the wafer.
Follow the pre-made markings of where to cut as the PDMS device will be opaque
and it is easy to accidentally cut through the microfluidic channels.

After cutting, be sure to place the lid on the wafer to make sure that the wafer
doesn’t get contaminated by air particulates.

Cut a thin sheet of plain PDMS slightly larger than the device.

Take a marker and make a note of where the arteriole-like channels start and end
on the top of the wafer. This is important since it will indicate where to place the
DCS sensor.

Create inlet and outlet holes in the PDMS device using a 1.0 mm hole punch.
Clean the surfaces of the PDMS device and PDMS sheet with scotch tape.

Now insert these two pieces into the plasma cleaner. Insert the PDMS device facing
upward since that will be placed on top of the PDMS sheet. Place both pieces on
top of a taped glass slide.

When using the plasma cleaner, lock the device with the black valve. The arrow

should point to the black valve because that’s the direction of flow.

10. Turn the pump on and hook-on lid. Vacuum/Clean for 3 minutes with air.

11. Add the plasma bond for 1 min on high.
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12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

To unlock, turn the valve slowly with arrow and the lid will fall off. Go slow
because otherwise the PDMS device may lift off from the glass slide due to the
sudden gush of air.

Now the two strips can be stuck together. The oxygen plasma creates reactive
species on the exposed surface of the PDMS which bond when brought into
physical contact.

Take a marker and draw circles around the inlet and outlet tubing

Also use the marker to write on the PDMS sheet what the cross section of the device
that was made.

After bonding, then place the device on a hot plate or oven at 80 degrees Celsius
for 10 minutes.

Repeat these steps for each device.

During these steps, there are times when there will be breaks, which can be used to
make a new batch of the PDMS/TiO2/India Ink mixture to pour over the wafer.
Using a disposable cup, measure out TiO2 and India Ink. This is the ratio that is
used for these experiments, but these values can be changed using the equations
described in Ayers et al.1%

Then add the PDMS curing agent.

Mix these 3 materials together. Make sure they’re well-mixed such that there is no
TiO, powder settling at the bottom. Hand mixing is possible but also use the vortex
machine.

Finally add the PDMS. This will be a very viscous substance. The ratio of PDMS

to the PDMS curing agent is 10:1.

81



23. After mixing is complete, pour this mixture on top of the PDMS wafer and the
blank petri dish, which will be used for future blank sheets.

24. Finally, vacuum the PDMS wafer and PDMS sheet in order to eliminate any air
bubbles from the mixture by placing the PDMS wafer and sheet into a desiccator.

25. After placing in the vacuum chamber for at least an hour or until all air bubbles are
gone, then place both the PDMS wafer and sheet in the oven. The devices will be
cured overnight at 60 degrees Celsius.

Appendix 2: How to make DCS measurements with microfluidic devices

Here are the step-by-step instructions to run a microfluidic experiment after the

microfluidic phantom devices have been constructed:

1. Take the marked microfluidic phantom and place it on top of the big phantom block
(block to satisfy the semi-infinite medium criteria).

2. The phantom will already have circles drawn marking the location of the inlet and
outlet tubing locations.

3. Take one blunt-point needle-tip (920050-TE, Metcal) and connect it to a syringe.

4. Now, two types of tubing will stem out from the syringe. Cut off a medium size length
of tubing from the larger tubing (06418-02, Cole-Parmer Instrument Company) and
insert it over the syringe tip.

5. Then cut off a large size length of smaller tubing (06417-11, Cole-Parmer Instrument
Company), and insert it into the larger tubing.

6. Using the tweezers, insert the smaller tubing in the inlet of microfluidic phantom.

7. Cut off a larger size length of the smaller tubing and insert it into the outlet of the

microfluidic phantom.
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10.

11.

12.

13.

14.

15.

Tape the outlet of the smaller tubing to a beaker.

After, take the DCS probe holder and place it in the middle of the marked areas on the
microfluidic phantom.

Take the DCS source and detector fibers and insert into the holes in the custom-made
probe holder. The source-detector separation of the probe holder is 1 cm.

To make measurements, set the speed on the infusion pump (Harvard Appartus).

Wait 45 seconds.

While lightly pressing down on the sensor with the index and middle fingers on the
probe holder, click on start on the DCS program. Now the software, will take 21 frames
of data.

When acquiring data, make sure to stay still, as small vibrations could influence the
DCS data.

After that round of data is complete, repeat steps 13 -16 for all velocities needed for
the experiment.

Appendix 3: Ergodicity

Ergodicity was a theory that had to be accounted for when analyzing the microfluidic DCS

data, which is also discussed in 7. A system is said to be ergodic if time and ensemble

averages of physical quantities associated with that system are identical. Problems may

arise whenever the sample has static and dynamic scattering components'®. Specifically,

ergodicity presents a problem when one is measuring the temporal autocorrelation

function, g, (7).

Temporal and spatial average can be better understood in this drawing below

(Figure 20).
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p=2

p=N

Figure 20: Drawing of temporal and spatial/ensemble average.

From the image above, for a temporal average, the system can be divided into sub-
ensembles of some quantity F, where each p represents sub-ensembles. The thick

horizontal line at p=2 represents the domain of time-averaging for that sub-ensemble. The
. . . 1 T
temporal average can be mathematically written as: (XP)T = Tlglo;fo dt X, (t). In

contrast for a spatial average, from the figure above, the vertical line across all sub-
ensembles represents the ensemble averaging that will take place. The value of F at time t

is averaged over all sub-ensembles of the system. The spatial average can be
mathematically written as: (X)p = ;m%zgzlxp(t), where X, is equivalent to an

average over the sub-ensemble. The mathematical steps below show that the spatial

average of a time-averaged quantity is equal to the spatial-averaged quantity:

(o), = 7 [ 2,

E

=lim = 3._, lim 2 [ dt X,(t)

P—oo P
*limYP_ x =YY%, x
Poco Zp_l Zp_l
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o Yof fuxdx = [ X, faxdx, for all x that is positive
=5 S lim £ [ deX, (6)
=X5o1 [y deXp(t)
:fooo dt Yp=q Xp (8)
=[5 dt(X)g = (X)p)r

A sample is non-ergodic when there’s a solid-like media involved. In this situation,
the scatterers are localized near fixed average positions and are only able to execute limited
Brownian motions about these positions. One sample of this non-ergodic system will be
trapped in a restricted region, “sub-ensemble,” whose location and extent are determined
respectively by their average positions of the scatterers and the magnitudes of their
displacements. Different samples will contain scatterers in different average positions and
will be described by different sub-ensembles. In our microfluidic phantom platform, the
non-ergodic media is the solid PDMS/TiO>/India Ink block that each microfluidic device
rests on to simulate a semi-infinite medium. The effects of non-ergodicity can be seen by
our experimental g, (t) curves (Figure 13a). To reduce the effects of non-ergodicity, we
objectively isolate our fits of g,(7) to be > 1.25 to ensure that our theoretical models fit

for the early portion of the autocorrelation curve that is dominated by photons that have

sampled the dynamic portion of the microchannels”.

Appendix 4: Integrating Sphere to Assess the Optical Properties of Sickle Blood

DCS is a light-based optical modality that measures an index of cerebral blood flow by
measuring the shear-induced diffusion of red blood cells®®. For the first time, we
demonstrated the application of DCS to measure sickle cell anemic children®, However,

sickle cell anemia is a red blood cell disorder. Therefore, we want to explore how our
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measurements of blood flow are affected by sickle red blood cell properties. Our previous
experiments using the microfluidic phantom were accomplished by flowing healthy
blood®, where we know the optical properties (absorption and scattering) of whole blood
as a function of light wavelength'®, Next, we were interested in repeating these
microfluidic experiments while flowing sickle cell blood. However, the optical properties
of sickle cell whole blood have not been published. Therefore, we needed to utilize an
integrating sphere to measure the optical properties of sickle cell whole blood.

Experimental Setup and Data Acquisition

An integrating sphere consists of a hollow spherical shell coated on the inside with a highly
reflecting diffuse coating. The integrating sphere’s diffuse coating and multiple reflections
cause any light introduced into the sphere to produce uniform irradiance and radiance of
the wall of the sphere. For our experiments, we utilized an integrating sphere from
Labsphere (RT-060-SF) and made both reflectance and transmittance measurements for
our blood samples using a single beam configuration.

The setup of the integrating sphere includes a collimated light source (Tungsten
halogen lamp, Ocean Optics) and spectrometer (Flame NIR Spectrometer, Ocean Optics).
To calculate the absorption and reduced scattering coefficients of a sample, two
measurements need to be made by measuring the sample in reflectance and transmittance
mode. In the reflection configuration, reflectance is the light that is reflected by the sample
and normalized by the incoming light. However, in the transmittance configuration, the
incoming light hits the sample before it enters the integrating sphere*. Both measured

reflectance and transmittance have no units.
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To make these measurements in the transmittance and reflectance configurations, |
followed section 8 the IAD manual provided by Scott Prahl®. At a high level, I first made
three transmittance measurements: 1) empty port, 2) dark measurement, and 3) sample
measurement in transmittance configuration (Figure 21). Next, | made three reflectance
measurements: 1) empty port, 2) measurement with the reflectance standard, and 3) sample

measurement in the reflectance configuration.

.detector .detector
T(empty) Y R(empty) Y
empty port empty port
.detector -detector
T(dark
( ) / R(rsia) /
blocked standard
beam
detector detector
[ ] [ ]
T(rsample) S/ R(rsample) /S
sample sample

Figure 21: Adapted from Prahl's IAD manual' on how to make the reflectance and
transmittance measurements for a single integrating sphere.
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From these 6 measurements, the output is a plot of the intensity counts as a function

of wavelength. To calculate transmittance, we use this equation, based off of our acquired

datal:
T =T
MT — Tsample_T dark' (29)
empty dark
To calculate reflectance, we use this equation:
R le—Rempt
MR — rstd . sampte emp y1 (30)

Rsta—Rempty
where rsg is known for our experimental setup to be 0.992. These calculated transmittance
and reflectance values are used as inputs for the publicly available data analysis software
— IAD program®. The inverse adding-doubling method solves the radiative transport
equation. At a high level, the IAD consists of the following steps: 1) Guess a set of optical
properties (1, and ug), 2) Calculate the reflectance and transmittance values for this set of
optical properties using the adding-doubling method, 3) Compare the calculated values
against the measured reflectance and transmittance values, 4) Repeat until a match is

made!®L,
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Chapter 5: Subarachnoid Hemorrhage and DCS

5.1 Introduction

Subarachnoid hemorrhage (SAH) is an uncommon cause of stroke that disproportionately
contributes to increased mortality and morbidity. Globally, the incidence of SAH is
estimated at ~8:100,000 people annually, with a mortality rate of ~30%%219, One common
complication of non-traumatic SAH is cerebral vasospasm, which is described as an
aberrant constriction of the cerebral vasculature that can occur as soon as post-bleed day 3
and can persist up to 21 days®*. This maladaptive response contributes to a decrease in
cerebral blood flow (CBF)!®>1% and is associated with the development of a secondary
stroke known as delayed cerebral ischemia (DCI)*¥’. DCI affects up to 30% of SAH
patients and leaves them with a reduced quality of life due to motor deficits and/or
cognitive dysfunction!®. Because ischemic conditions can lead to poor functional
outcome, treating cerebral vasospasm and avoiding DCI remains a major clinical unmet
need after SAH.

Calcium channel blockers (CCB), which act on smooth muscle cells to dilate the
vasculature, have been long investigated for their potential role in the treatment of
vasospasm and prevention of DCI. Indeed, the only guideline recommended treatment for
prevention of DCI is oral administration of the dihydropyridine CCB nimodipine!®.
However, once vasospasm or DCI develop, there is no proven treatment to address them.

Recent data within Emory University Hospital suggest that the intrathecal (IT)
delivery of the CCB nicardipine may have a role in a reactive (rather than a preventative)
treatment approach to address cerebral vasospasm and avoid DCI*®°. This approach has the

advantage of avoiding deleterious systemic effects, which are common with oral and
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intravenous CCBs2%

. An intermittent and titratable IT nicardipine regimen was shown to
be associated with proximal vessel vasodilation, reduced risk for DCI and improved long-
term functional outcomes'®®?%!, However, the macrovascular vasodilation itself (as
quantified by a reduction in TCD blood flow velocity) was not associated with outcome!®°.
Therefore, the underlying mechanism driving the effect of IT nicardipine on patient
outcomes remains unclear.

Both DCI and, to a more controversial extent, vasospasm are thought to occur on
the microvascular level?®2% yet, the efficacy of IT nicardipine has only been assessed to
date at the macrovascular level9%201205-207 \Whjle vascular tone at the arteriolar and
capillary level is governed by calcium-dependent processes within astrocytic podocytes
and pericytes?®2% intrathecal delivery of nicardipine does not guarantee the drug reaches
smaller blood vessels that travel and bifurcate within the subarachnoid space.
Understanding the influence of IT nicardipine on the microvasculature is needed to
improve our mechanistic understanding of the treatment’s effect.

Current neuroimaging modalities to characterize the microvascular hemodynamic
response to IT nicardipine are limited in the critical care environment. While perfusion
magnetic resonance imaging (MRI), positron emission tomography (PET), and/or
computed tomography (CT) can quantify microvascular cerebral blood flow, cost, the need
for patient transport, and the lack of continuous monitoring limit their feasibility. Other
indirect measures of microvascular flow like continuous, non-invasive near-infrared
spectroscopy (NIRS) measurements of hemoglobin oxygen saturation, or invasive brain

tissue oxygen monitors (e.g., Licox®) have been shown to be poor surrogates of cerebral

perfusion in brain injured patients®*210-212,
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In this study, we employ a non-invasive, well-validated optical technique known as
diffuse correlation spectroscopy (DCS) to measure regional microvascular cerebral blood
flow?*"86:1151%8.213 1n DCS, a coherent near-infrared light source is placed on the tissue
surface. This input light multiply scatters before detection at some distance away on the
tissue surface. Scattering off of moving red blood cells within the tissue leads to temporal
fluctuations in detected light intensity. These temporal fluctuations are quantified through
a normalized temporal intensity autocorrelation function, g,(z), that is fit to simple
analytical models, known as correlation diffusion theory, to extract a blood flow index
(BFI) 647, Although the units of BFI (cm?/s) do not match the traditional units of blood
flow (mL/min/100g), numerous validation studies against various “gold-standard”
modalities (i.e., Xenon-CT, MRI, PET) in adults, children, and animals demonstrate that

BFI correlates with cerebral blood flow measured by other modalities®®67.76:158.214.215

5.2 DCS-measured Blood Flow Response to the First Dose of IT Nicardipine is

Associated with Patient Outcomes

We employed diffuse correlation spectroscopy (DCS) to measure regional microvascular
cerebral blood flow in adult subarachnoid hemorrhage patients receiving IT
nicardipine*”*>1%8 \We use DCS to test the hypothesis that IT nicardipine increases
microvascular cerebral blood flow from pre-administration levels in the absence of
systemic blood pressure changes. We also explore the relationship between microvascular
flow measured by DCS and macrovascular flow velocities measured by transcranial

Doppler ultrasound.

5.2.1 Materials and Methods

Study design
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For this observational study, we enrolled non-traumatic subarachnoid hemorrhage (SAH)
adult patients in the neurocritical care unit at Emory University Hospital (Atlanta, GA,
USA) who had an external ventricular drain (EVD) placed as part of their usual care. This
study was approved by the Emory University Institutional Review Board (IRB00107474).
Written, informed consent was obtained prior to study initiation from all patients or their
surrogates.

Once consented, patients were only included for monitoring if 1) they developed
cerebral vasospasm, and 2) they were deemed to require IT nicardipine by the treating
clinical teams (neurocritical care, vascular neurosurgery) as part of usual care. Diagnosis
of cerebral vasospasm was confirmed by either transcranial Doppler ultrasound (TCD),
computed tomography (CT) angiography, or digital subtraction angiography, according to
accepted definitions To quantify the cerebral hemodynamic effects of intrathecal
nicardipine, continuous measurements of microvascular cerebral blood flow were made
with diffuse correlation spectroscopy (DCS) during the first dose of IT nicardipine
treatment.

DCS measurements were made with a custom-built instrument comprised of an 852
nm long coherence laser (iBEAM smart, TOPTICA Photonics, Farmington, NY), eight
photon-counting avalanche photodiodes (SPCM-AQ4C-10, Perkin-Elmer, Quebec,
Canada), and a counter/timer data acquisition board (PCle-6612, National Instruments)%.

Detected photon counts were used to estimate an intensity autocorrelation function, g ,( 7)

, with a custom software correlator?'® (LabVIEW, National Instruments).
The patient interface for these measurements consisted of a custom-made, flexible

sensor that contained a 1 mm fiber bundle source (FT11G23767, Fiberoptics Technology,
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Pomfret, CT) spaced 2.5 cm from a bundle of seven 4.4 um single-mode detection fibers
(780HP, Thorlabs, Newton, NJ) (Figure 22a). All fibers were coupled to right angle mirrors
(MRAO05-E03, Thorlabs, Newton, NJ) to allow the fibers to lie flush with the forehead. The
sensor was placed on the forehead of the hemisphere with the higher MCA velocities on
TCD, suggesting worse cerebral vasospasm. It was secured with medical tape (3M™
Durapore Surgical Tape) and further secured with a head strap (Figure 22b,c). If vasospasm
was observed in both hemispheres, the sensor was placed on the hemisphere with higher
detected light intensities to maximize the signal-to-noise ratio (SNR). The sensor was
positioned up to 5 minutes prior to IT nicardipine initiation and monitoring at 0.3 Hz
ensued for up to 90 minutes post-administration. Monitoring was discontinued prior to 90
minutes if the patient received secondary vasodilators (e.g., oral nimodipine, intravenous
milrinone) or if the sensor had to be removed due to a clinical event (e.g., vomiting). The
entire dataset was discarded if monitoring had to be discontinued <15 min after nicardipine
administration.

To determine the effect of nicardipine on microvascular cerebral blood flow, the

measured intensity autocorrelation functions, g,(#,7) , at time, t, and delay time, z, were

fit for a blood flow index (BFI(t)) using the semi-infinite solution to the correlation
diffusion equation®’. For these fits, we assumed a constant absorption coefficient, reduced
scattering coefficient, and tissue index of refraction of 0.2 cm?, 10 cm?, and 1.4,

respectively®. Fits were constrained to g ,(1,7) >1.2toincrease sensitivity to the cerebral

layer'®*. Data were excluded if the detected light intensity was < 8 kHz, due to poor signal-
to-noise ratio (SNR). Finally, relative change in cerebral blood flow (rCBF) as a function

of time was calculated as:

93



BF]( t) - BFIbaseline

rCBF (1) = P x 100% , (31)

baseline

where BF lpaseline is the temporal mean of BFI(t) over the five-minute baseline immediately

prior to IT nicardipine administration.

A) DCS Sensor

C) 4= DCS Sensor

SOURCE
YETECTOR

Figure 22: Diffuse correlation spectroscopy (DCS) experimental setup (A) Pictorial
representation of the DCS sensor on the scalp and the optical interrogation path for the
source and detector geometry (pink shaded region), along with a photograph of the non-
invasive DCS sensor (inset), (B) The DCS sensor was secured to the patient’s forehead,

typically on the side with higher TCD velocities, suggesting more severe cerebral
vasospasm, (patient image obtained with specific consent). (C) Representative CT scan
showing typical placement of the DCS sensor and external ventricular drain (EVD).

Measurements of blood pressure, heart rate, and intracranial pressure

To investigate the potential confounding systemic influences of blood pressure and heart
rate, as well as any influence of intracranial pressure, on the cerebral hemodynamic
response to IT intrathecal nicardipine, we simultaneously captured blood pressure, heart
rate, and intracranial pressure. Per standard clinical care, continuous arterial blood pressure
was measured with a transducer in the radial artery. Blood pressure was captured at 125
Hz with an analog to digital converter board (NI USB-6343) beginning 5 minutes before
the first dose of IT nicardipine and continuing for up to 90 minutes post-administration.
This data was time synced with DCS measurements of cerebral blood flow. Beat-to-beat

values of systolic, diastolic, and mean blood pressure (MAP), as well as heart rate (HR),
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were derived from the arterial blood pressure waveform in post-processing using the
delineator function?!’ in MATLAB (MathWorks, Natick, MA).

Intracranial pressure (ICP) was measured with a transducer in the EVD (INS8401,
Integra, Plainsboro, NJ). In general, the EVD was opened to allow for spontaneous CSF
drainage, thus continuous ICP measurements were not available. However, the EVD was
clamped for the first 30 minutes after the administration of IT nicardipine, as well as briefly
before and after this 30-minute window. Thus, intracranial pressure was stochastically
captured by hand every 1-15 minutes for up to 90 minutes post-administration.

To quantify the effect of IT nicardipine on HR, MAP, and ICP, we estimated the
change in each parameter  from pre-administration levels, e.g.,
A MAP(t) — MAP(t) — MAP

, Where MAP is the temporal mean of MAP(t)

baseline baseline

over the five-minute baseline immediately prior to IT nicardipine administration.

Measurement of macrovascular blood flow velocity

To investigate the relationship between microvascular and macrovascular perfusion, we
compared the average DCS-measured BFI in the 5 minutes prior to IT nicardipine
administration to TCD measures of mean cerebral blood flow velocity in the middle
cerebral artery (MCA) and anterior cerebral artery (ACA). We focused our investigation
on these vessels because our DCS sensor was positioned near the intersection of the MCA
and ACA vascular territories (Figure 22). TCD data were acquired per clinical care on the
morning of the study, prior to IT nicardipine administration (Dolphin 1Q, Viasonix, TN).
For each vessel, the maximum value of the time-averaged mean velocities over the range
of depths quantified was used to compare with DCS?8,

Statistical analysis
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To test our hypothesis that IT nicardipine increases microvascular cerebral blood flow in
the absence of systemic changes, we first graphically explored rCBF, MAP, HR, and ICP
as a function of time post nicardipine administration. Data were downsampled to 10-minute
intervals to aid in visualization. Next, a linear mixed effects model was applied to the
downsampled data to determine significant trends in each measured variable with time,
where we accounted for repeated measures within participants. For the outcomes MAP,
HR, and ICP, we modeled subject-specific intercepts and slopes. For outcomes that were
relative to time zero (e.g., r*CBF, A MAP), we modeled subject specific slopes. The model
R? was used to determine goodness of fit. Further, because we observed a heterogeneous
response of rCBF to nicardipine, we used a latent class mixture model?*® (LCMM) to
classify CBF responses into unobserved groups (i.e., latent classes) with similar, more
homogenous patterns of rCBF. In this model, time post-nicardipine initiation was treated
as the linear fixed effect, and the number of latent classes (e.g., distinct rCBF trajectories)
was specified a priori. Given our relatively small sample size, we tested both 2 and 3 latent
class solutions. No differences in the log-likelihood statistic were observed between the 2-
versus 3-class solutions; therefore, we employed a 2-class solution. Patients were assigned
to a latent class (e.g., response pattern group) based on the class with the highest posterior
probability of class membership. We used Chi-square tests and Wilcoxon rank sum tests
to test for differences between these empirically derived classes in age, sex, SAH grade,
mean arterial pressure pre-administration, TCD velocities pre-administration, and
incidence of DCI.

To determine the relationship between microvascular cerebral blood flow measured

with DCS and macrovascular cerebral blood flow velocity measured with TCD,
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Spearman’s rank coefficient, rs, was used to assess the extent to which a linear model
explains the variability in the relationship between BFI(r=2.5 cm)paseiine and mean blood
flow velocities in the middle cerebral artery (MCA) and anterior cerebral artery (ACA).
Data are reported as mean + standard deviation unless otherwise stated. LCMM
analysis was performed with the LCMM package in R (version 3.5.2, rproject.org); all
other analyses were performed in MATLAB. Statistical significance was assessed at the

0.05 level.

5.2.2 Results

Between April 1, 2019 and October 31, 2021, 57 patients with non-traumatic SAH
(aneurysmal or diffuse pattern angiogram negative) admitted to the neurocritical care unit
at the Emory University Hospital were consented. 37 of these 57 patients developed
clinically significant cerebral vasospasm that required treatment with IT nicardipine, as
determined by the treating attending physician. The CBF response to the first dose of IT
nicardipine was monitored in 27 out of 37; 10/37 were excluded due to availability of the
research-based DCS device. Of those 27 monitored with DCS, 20 (74%) were included in
our final analysis; the remaining 7 datasets were excluded due to measurement duration <
15 min. Of these seven, premature discontinuation of monitoring was caused by patient
discomfort related to the intrathecal administration and EVD clamping (n=3), failure to
properly secure the DCS sensor on the patient’s forehead (n=3), or administration of oral
nimodipine that induced confounding effects on CBF (n=1). Average duration of DCS
monitoring post-nicardipine was 82.7 + 23.2 min.

Patients were mostly female (70%), with a mean + standard deviation age of 48.5

+10.1 years (Table 4). Aneurysm location and grade severity were heterogeneous, as
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described in Table 5. An IT nicardipine dose of 4 or 5 mg was administered every 6-8 hours
for an average of 36 + 20 doses according to the decision of the attending physician, as
part of usual care. One patient had evidence of DCI on CT prior to nicardipine initiation.
Four out of 20 developed new DCI on the latest imaging available (up to 6 weeks post-

bleed).
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Table 4: Summary of Patient Cohort. Data is reported as mean + standard deviation or

N (%)

Demographic Information and Risk Factors

Age (y)
Sex — Female, N (%)
Race

African American

White

Asian

Hispanic
Hypertension, N (%)
Coronary artery disease, N (%)
Diabetes mellitus, N (%)
Tobacco use, N (%)
Dyslipidemia, N (%)
Depth to brain (cm)
Total IT nicardipine doses (N)

48.5+10.1
14 (70%)

11 (55%)
8 (40%)

1 (5%)

2 (10%)
12 (60%)
1 (5%)

1 (5%)
12 (60%)
2 (10%)
12403
36 + 20

Table 5: Summary of patient demographics and clinical characteristics. Sex: M, male;
F: female; SAH grade at admission: H&H, Hunt and Hess grade; WFNS: World
Federation of Neurosurgical Societies grade; mFG: Modified Fisher Grading Scale;
DCI: delayed cerebral ischemia; R: right; L: left; PCom: posterior communicating
artery; Ant: Anterior; PICA: posterior inferior cerebellar artery; ACom: anterior
communicating artery; MCA: middle cerebral artery; SCA: superior cerebellar artery;
ICA: internal carotid artery. DCI was determined based off the latest imaging available
(up to 6 weeks). One patient (marked as *) developed DCI prior to treatment.
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Patient Clinical Characteristics

Aneurysm Aneurysm Sensor
Sex Age H&H WFNS mFG Location Treatment Location DCI DCI Location

F o6l 3 4 4 R PCom Endovascular L Frontal No

F 47 3 4 4 R AntChoroidal Clip ligation R Frontal  Yes R MCA
F 62 4 5 4 Angio Negative L Frontal Yes R MCA
F 62 1 2 4 L PCom Clip ligation L Frontal No

F 37 4 4 4 R Vertebral ~ Endovascular R Frontal No

M 44 5 5 2 R PICA Endovascular R Frontal No

F 49 3 2 4 R PCom Clip ligation R Frontal No

M 56 3 2 4 L PCom Endovascular L Frontal No

F 58 4 4 4 ACom Endovascular R Frontal Yes LACA
M 33 1 1 4 L MCA Endovascular L Frontal No

F 35 3 2 2 L MCA Endovascular L Frontal Yes L & RACA
M 50 4 4 4 LSCA Clip ligation L Frontal No

F 58* 5 5 4 RMCA Clip ligation L Frontal Yes R SCA
M 43 3 4 4 ACom Endovascular L Frontal No

F 352 3 2 4 ACom Endovascular R Frontal No

M 37 3 2 4 ACom Endovascular L Frontal No

F 64 1 2 4 RMCA Endovascular R Frontal No

F 44 4 4 4 L PCom Endovascular L Frontal No

F 38 5 5 4 LICA Endovascular R prontal No

F 40 1 2 4 LMCA Clip ligation L Frontal No

Average MAP prior to IT nicardipine administration was 102.1 + 13.1 mmHg;
average heart rate was 79.5 + 14.4 bpm. Post-administration, no significant trends with
time were observed for MAP or heart rate (both p>0.05, Figure 23). Average ICP at start
of IT nicardipine and 30 minutes post-administration were 10.4 + 7.9 mmHg and 10.5 +
4.9 mmHg, respectively (p>0.05); ICP remained unchanged from IT nicardipine

administration until the next dose (p=0.8, data not shown).
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Figure 23: Effect of IT nicardipine on systemic blood pressure and heart rate: Mean
arterial pressure (MAP, A), heart rate (HR, B), change in MAP from pre-administration
levels (AMAP, C), and change in HR from pre-administration levels (AHR, D) as a
function of time post-administration of IT nicardipine. Thin grey lines in each subplot
denote individual patient responses and thick blue lines denote the mean and standard
error across all patients. The black vertical line at time = 0 denotes the start of
treatment.

We found that microvascular cerebral blood flow measured with DCS significantly
increased with time after IT nicardipine administration (p<0.001), although significant
response heterogeneity was noted across subjects (Figure 24). Using a latent class mixture
model, 19/20 patients were classified into two distinct classes of CBF response; Class 1 (n
=6, in red in Figure 24) showed minimal change in rCBF post-administration, whereas
Class 2 (n =13, in green in Figure 24) exhibited a steady increase in rCBF over the course
of monitoring. Note, for this analysis, visual inspection revealed 1 distinct trajectory that

the LCMM model was overly sensitive to (shown in blue in Figure 24); this outlier
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trajectory was excluded from LCMM analysis. No significant differences in age, sex, SAH
grade, depth to brain, baseline MAP, baseline HR, baseline ICP, baseline TCD maximal
mean velocities at any depth, or relative change in TCD velocities were seen between the
LCMM identified classes of CBF response to nicardipine (all p>0.05). However, the
frequency of DCI was significantly different between classes (p<0.001); 5/6 subjects in
class 1 had DCI, 4 of whom developed new DCI on the latest imaging available up to 6
weeks post-bleed and 1 of whom started with DCI prior to nicardipine, while 0/13 subjects
in Class 2 had DCI. Further review of the excluded outlier revealed that the CBF trajectory
correlated with these trends; this patient had a sharp increase in CBF, similar to those in

class 2, and did not develop DCI.
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Figure 24: Latent class trajectory groups of relative changes in cerebral blood flow
(rCBF) as a function of time post-1T nicardipine administration. Two distinct classes of
rCBF response were identified by the model: Class 1 (n=6, in red) showed minimal
change in rCBF post-nicardipine, whereas Class 2 (n=13, in green) exhibited an
increase in rCBF over the course of monitoring. The model was overly sensitive to one
distinct trajectory (in blue); this outlier trajectory was excluded from analysis. Here, thin
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lines denote individual patient responses, while thick lines denote the model best fit for
each response class.

19 out of 20 patients in our cohort had TCD measurements performed on the
morning of IT nicardipine initiation (4.3 + 0.1 hours, time difference between TCD and
DCS measurements). In this subset of patients, we observed a significant positive
correlation between mean blood flow velocity in the middle cerebral artery (MCA) and
baseline BFI measured by DCS (rs = 0.68, p = 0.0012) (Figure 25a). Similar correlation

was not seen between mean flow velocity in the ACA and baseline BFI (p=0.176, Figure

25Db).
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Figure 25: Relationship between micro and macrovascular blood flow. (A) Mean blood
flow velocity in the middle cerebral artery (MCA) measured by transcranial Doppler
ultrasound (TCD) versus diffuse correlation spectroscopy (DCS)-measured blood flow
index (BFI), n=19 (B) Mean blood flow velocity in the anterior cerebral artery (ACA)
measured by TCD versus DCS-measured BFI, n=19.

5.2.3 Discussion

In this study, we used DCS to quantify the response of microvascular cerebral blood flow
to intrathecal administration of nicardipine in patients with cerebral vasospasm after

subarachnoid hemorrhage. We found that on average microvascular CBF increased over
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the 90 minutes of monitoring. This increase in CBF was observed in the absence of
systemic changes in blood pressure or heart rate, suggesting that the cerebral hemodynamic
response is likely due to a local drug effect rather than systemic changes.

While CBF increased on average, we observed substantial heterogeneity in the
response across patients. This heterogeneity was quantitatively explored using a latent class
mixture model that identified two distinct classes of CBF response — Class 1, wherein
minimal-to-no change in CBF was observed, and Class 2, wherein a steady increase in CBF
was observed. Interestingly, this differential CBF response was significantly associated
with DCI. No patient with increased CBF after IT nicardipine developed DCI, while 5/6
patients whose CBF did not respond to IT nicardipine had DCI. Although these are
preliminary observations, these data suggest that the CBF response to the first dose of IT
nicardipine could be a novel biomarker for treatment response and DCI risk, alerting
clinicians to consider alternative interventions. Identifying high-risk patients, or those who
do not respond to a specific treatment in real-time, is of high importance, as previous
studies have demonstrated that DCI development was associated with poor functional
outcome after SAH198220221

Several possible mechanisms may explain the lack of CBF response to nicardipine
in the Class 1 subset. Many vasospasm-independent mechanisms, including
microthrombosis, venous outflow obstruction, and spreading depolarization, may be
present in these patients that are unaffected by nicardipine??2??, Alternatively, the
additional volume of drug and diluent into the cranial vault could potentially decrease
cerebral perfusion in certain patients. Further, the timing of treatment may influence the

CBF response. Using a rabbit SAH model, Vorkapic et al.??* demonstrated two phases of
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vasospasms — an early pharmacologically reversible phase and a later irreversible phase.
During the acute reversible vasospasm stage, cerebral vasoconstriction could be reversed
by calcium channel blockers??*. However, with time, as organic changes such as intimal
proliferation, edema, and degeneration occur, the efficacy of pharmacological
interventions is reduced?®??, Regardless of mechanism, coupling DCS with a
pharmacological challenge may be a valuable risk-stratification tool to measure a treatment
effect in the microvascular bed alongside TCD assessment of the macrovasculature to
better guide clinical decisions and minimize DCI after SAH.

A secondary aim of this study was to investigate the relationship between DCS
measurements of microvascular blood flow and TCD measurements of macrovascular flow
in the context of the complicated CBF dynamics after SAH. We observed a significant
positive correlation between the DCS-measured blood flow index measured prior to
nicardipine administration and the TCD-measured mean blood flow velocity in the MCA
measured on the morning of DCS monitoring. Similar correlation was trending towards
significance in the ACA (p=0.176). Of note, the sensor was positioned over the watershed
area between the ACA and MCA territories. On the surface, these positive correlations
were somewhat surprising, as TCD blood flow velocities are elevated in the presence of
vasospasm due to the narrowing of the arteries, which could lead to a reduction in
microvascular blood flow. However, previous work has demonstrated that microvascular
blood flow is typically only significantly reduced in the setting of severe vasospasm??®,
while the majority of our cohort was classified as either mild, moderate, or no vasospasm
in the MCA and ACA. Thus, the correlation between DCS and TCD measurements

suggests that the coupling between microvascular and macrovascular perfusion in the MCA
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(and possibly ACA) territory remains intact in our patient cohort. In the future,
measurements of microvascular perfusion with DCS in concert with macrovascular TCD
assessments may serve as a role in dissecting complicated CBF dynamics after SAH, with
the distinct advantage of providing non-invasive, dynamic monitoring over several hours
rather than a snapshot in time measurement like TCD.

Our study has several limitations. First, by design, this was an observational study
that involved dynamic monitoring of patients treated per usual care, and thus these results
should be confirmed in the setting of a randomized controlled trial, which is currently in
the planning stages at EUH. Second, seven (26%) monitoring sessions were discarded from
analysis. While this incidence is appreciable, we note we used this pilot study to continually
improve the DCS patient interface to maximize patient comfort and signal-to-noise. With
the improvements developed in this study, we anticipate a significantly lower discard rate
with continued future enrollment. Numerous novel wearable sensor designs for diffuse
optics applications have been recently developed that DCS can capitalize on to improve
wearability and reduce motion artifacts??4?2’, Third, based on previous reports of a short
half-life of nicardipine?®??, we limited monitoring to up to 90 minutes, although
monitoring was discontinued prior to 90 min in several patients due to instrument
availability or the administration of therapeutic agents known to exert confounding
influences on cerebral hemodynamics (e.g., oral nimodipine). With a larger sample size
and extended monitoring, we will explore the necessary duration of monitoring required to
robustly distinguish the dichotomy between the patients who did and did not respond
favorably to IT nicardipine. Moreover, future work should characterize how the

vasodilatory effects of IT nicardipine change as a function of dose during the roughly 8-
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day treatment duration. Third, with our current DCS instrument, we were limited by SNR
to a single measurement location, which we selected to be hemisphere in which higher
TCD velocities were measured (suggesting worse vasospasm). In the future, increasing the
number of laser sources and detectors may enable studying the cerebral hemodynamic
effects of nicardipine in multiple locations around the head simultaneously. Lastly, to
analyze our DCS data, we employed the semi-infinite solution to the correlation diffusion
equation*’, which models the head as a homogenous medium. While the strong correlation
with TCD suggests that this approach provides a suitable first order approximation, future
work should employ multi-layer modeling®92°® that better models the head as a layered
medium (i.e., scalp, skull, cerebral spinal fluid, and brain) to enhance sensitivity to cerebral
perfusion and minimize contributions from extracerebral layers.

Finally, future work will utilize employing the hematocrit correction equations
developed in Chapter 4 to account for the influence of hematocrit in our SAH cohort. In
addition, figure 18 of this thesis demonstrates the influence of vessel size on our DCS
measurements. However, clinically, we measure a wide array of vessel sizes; therefore, |
would assume that the influence of vessel size on the DCS blood flow index may average

out.

5.2.4 Conclusions

In summary, we use a novel, non-invasive optical technique known as diffuse correlation
spectroscopy to characterize the cerebral hemodynamic response to intrathecal nicardipine
treatment in patients with subarachnoid hemorrhage and cerebral vasospasm. We observed
two distinct classes of microvascular cerebral blood flow response: 1) a steady increase,

and 2) minimal-to-no change. Further, we found that 83% of patients who failed to respond
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to nicardipine developed DCI, while 0% of the patients who showed a steady increase in
cerebral blood flow developed DCI. These results suggest that monitoring microvascular
perfusion is needed to ensure that intrathecal nicardipine is inducing its desired
vasodilatory effects and that DCS is capable of performing these assessments. In the future,
DCS may be a valuable biomarker alongside TCD to better inform clinical decisions,
diminish the development of delayed cerebral ischemia, and improve functional outcomes

following subarachnoid hemorrhage.

5.3 DCS-Measured Cerebral Blood Flow Changes in IT Nicardipine Over

Multiple Days

Emory University Hospital (EUH) administers IT nicardipine multiple times a day,
typically every 6-8 hours, for up to two weeks. Earlier, our first publication examined the
DCS-measured cerebral blood flow changes in response to the first dose of IT nicardipine.
Herein, we utilize DCS to characterize the microvascular cerebral blood flow response to
IT nicardipine in a cohort of medium-high grade non-traumatic SAH patients on days 1, 2,
3, and 7 of treatment. We hypothesized that (1) the first dose of IT nicardipine will
continuously increase microvascular cerebral blood flow from pre-administration levels
and that these changes will be detectable by DCS and (2) the blood flow response to IT

nicardipine will reach a steady state by day 3 of treatment.

5.3.1 Methods

Medium-high grade non-traumatic subarachnoid hemorrhage (SAH) patients at the
Neurointensive Care Unit at Emory University Hospital were enrolled in this study.
Written informed consent was obtained from all patients or their surrogates, and the study

was approved by the Emory University Institutional Review Board. Nicardipine is
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routinely administered intrathecally through an external ventricular drain upon detection
of cerebral vasospasm. To assess the effects of IT nicardipine on cerebral blood flow,
longitudinal 20Hz monitoring with DCS was performed before, during, and for up to 2h
after IT nicardipine administration on days 1, 2, 3, and 7 of treatment. During data analysis,
data were downsampled to 0.3 Hz. For the first day of nicardipine treatment, we captured
the first dose of IT nicardipine. For the remaining days, we captured at least one dose during
the day depending on the DCS instrument, clinical team availability, and the IT nicardipine
administration schedule. For some patients, by day 7, IT nicardipine was no longer
administered.

Patients received 4-5 mg of nicardipine mixed with 2 mL of preservative free saline
intrathecally (IT) through an existing EVD. After administration, the EVD was clamped
for up to 30 minutes to promote the uptake of nicardipine by the local tissue
microenvironment. Treatment dose, frequency, and length were determined by the
attending physician and were not influenced by this study.

Patient outcome was defined as the presence of DCI on the latest imaging available

within 6 weeks from admission, per consensus criteria®?®

. All available imaging studies
(CT, MRI) were reviewed by at least two board-certified neurocritical care attending
physicians, and a consensus decision was achieved regarding the presence of DCI.

DCS measurements were made with a custom built DCS instrument, comprised of
an 852-nm long coherence length laser, a photon counting avalanche photodiode, and a
software correlator. The patient interface consisted of a flexible sensor with source-detector

separations of 1 and 2.5 cm, as detailed in 2. This sensor was secured with a head strap

on the forehead of the hemisphere with the vasospasm. Measured intensity autocorrelation
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functions (g, (t)), from our DCS measurements were each fit for a blood flow index,
(BFI(t)), using the semi-infinite solution to the correlation diffusion equation*’. Fits were
constrained to g,(t) > 1.2 to increase sensitivity to the brain'®. To calculate relative
change in cerebral blood flow (rCBF(t)) due to nicardipine administration, the BFI time
series was normalized to the mean BFI in the 5 minutes immediately prior to nicardipine.
Further, to investigate the relationship between micro and macrovascular blood flow in
these patients, baseline BFI was compared to mean cerebral blood flow velocities measured
by TCD on the same day as the DCS assessment.

In our first publication, we looked at the trends in data from the first dose of IT
nicardipine and observed: 1) that changes in blood flow from IT nicardipine were
detectable by DCS and 2) a statistically significant correlation between TCD-measured
blood flow velocity in the MCA and DCS-measured blood flow. The next step of this study
was to expand our data analysis across multiple days (days 2,3, and 7) to see if these trends

remained constant or deviated.

5.3.2 Results
To date, between April 2019 and February 2022, we have recruited 22 patients. On average,
cerebral blood flow increased significantly with time after IT nicardipine administration
on days 1 and 2 (p<0.001,Figure 26), though the response was fairly heterogenous across
subject. By the third and seventh day of treatment, the blood flow response was
significantly reduced, suggesting that the drug had reached a steady state concentration in

the brain (Figure 26).
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Figure 26: Mean + standard error in relative changes of cerebral blood flow (rCBF, %)
as a function of time post-1T nicardipine administration (given at t=0, denoted by the
vertical black line). rCBF is shown for four days of the treatment. n=22 for Day 1, n=19
for Day 2, n=17 for Day 3, and n=7 for Day 7.

The graph above depicts the overall changes in blood flow regardless of outcome.
The graphs below dichotomize each of the day’s responses depending on their outcome,

where outcome is classified if a patient is diagnosed with a DCI (Figure 27).
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Figure 27: Mean + standard error as a function of time for days 1 (a), 2 (b), 3 (c), and 7
(d) of nicardipine. Here, thin lines denote individual patient responses, while thick lines
denote the model best fit for each response class identified by patient outcome. Green-
colored lines represent the patients with no DCI, while the red-colored lines represent
the patients who were diagnosed with DCI.

For these patients, we also noticed that the baseline blood flow index measured by
DCS was significantly correlated with mean blood flow velocity in the middle cerebral
artery (p=0.002, Figure 28). Similar correlation was not seen, although trending towards
significance, with the mean blood flow velocity in the anterior cerebral artery (p=0.07,
Figure 28). Similar results were also seen with our correlations from our first dose of
nicardipine (Figure 25). Note, there was one patient where we were able to capture a day

4 DCS measurement, so their data was included in the figure below.
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Figure 28: Relationship between DCS-measured BFI and TCD-measured mean blood
flow velocity in the MCA (cm/s, a) and the ACA (b)

5.3.3 Conclusion

Our results suggest that IT nicardipine achieves the desired effect of microvascular
vasodilation in the majority of patients after the first dose of treatment. Interestingly, those
patients whose microvascular cerebral blood flow did not respond were the ones who went
on to develop worse outcome (secondary stroke). Furthermore, after day 3, the patient’s
change in blood flow in response to nicardipine seems to reach a steady state. This finding
suggests that for the DCI group, IT nicardipine does not induce any change in their cerebral
blood flow for these patients over multiple days. This finding suggests that if this response
is measured early on, then clinicians could change the course of care for these patients in
an effort to avoid DCI. If these trends persist with a larger n, this work demonstrates that
DCS may be a powerful tool to monitor the therapeutic efficacy of nicardipine treatment

and to better guide clinical decisions targeted at reducing the incidence of secondary stroke.
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5.4 Diffuse Optical Spectroscopies for Daily Trends from IT Nicardipine

5.4.1 Introduction

In previous sections of this chapter, we utilized DCS to measure blood flow changes from
IT nicardipine. However, in the Buckley lab, we also have another optical modality,
frequency-domain NIRS (FDNIRS)¥’, that measures the concentration of oxygenated
(HbO) and deoxygenated (HbR) hemoglobin, cerebral blood volume (CBV), and
hemoglobin blood oxygenation (SO2). In FDNIRS, a modulated (110 MHz) continuous
light source at multiple (eight wavelengths for the instrument in the Buckley Lab)
wavelengths illuminates the tissue. The detectors measure the outputted light that has been
attenuated and phase shifted.

Simply, in FDNIRS, we solve the frequency domain solution of the photon
diffusion equation (Equation 15) for a semi-infinite geometry to obtain the wavelength-
dependent optical properties of the sampled tissue- absorption, u,, and reduced scattering,
uk, coefficients?*°. For our experimental setup, we utilize 8 wavelengths and have four
detectors at source-detector separations of 2, 2.5, 3, and 3.5 cm. The data analysis for
FDNIRS is described in detail in*"". With FDNIRS, we measure the oxy and deoxy-
hemoglobin concentrations of the sampled tissue (HbO and HbR, uM). HbO and HbR are
used to calculate: total hemoglobin, hemoglobin blood oxygenation, cerebral blood
volume, and oxygen extraction fraction. Total hemoglobin (HbT) is calculated from the
summation of HbO and HDbR. Next, hemoglobin blood oxygenation is S0, =
HbO/HbT x 100%. Cerebral blood volume (CBV) is calculated as CBV = MW x HbT/
(D X Hgb), where MW is the molecular weight of hemoglobin (64500 g/mol), Dy is the

brain tissue density (assumed to be 1.05 g/mL), and Hgb (g/dL) is the blood hemoglobin
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content determined from the most recent blood sample from a complete blood count.
Finally, oxygen extraction fraction (OEF) is calculated as OEF = (Sa0, — S0,)/
(ySa0,), where Sa0, is arterial oxygen saturation, which can be measured from a pulse
oximeter and y is the fraction of blood volume within the probed venous compartment of
the tissue (assumed to be 1 for all subjects for simplicity)>®2%,

In addition, we combine the outputs of OEF from FDNIRS and CBF from DCS to
measure an index of cerebral metabolic rate of oxygenation (CMRO;). CMRO: is
calculated as CMRO, = x X Hgb X BFI x (Sa0, — S0,), where k is the amount of
oxygen that each gram of hemoglobin can carry (x = 1.34).

Herein, we utilized FDNIRS and DCS to measure our subarachnoid hemorrhage
patient cohort for each dose before IT nicardipine was administered. We were interested in
exploring trends in oxygenated hemoglobin (HbO), deoxygenated hemoglobin (HbR), total
hemoglobin (HbT), hemoglobin blood oxygenation (SO.), oxygen extraction fraction
(OEF), and cerebral metabolic rate of oxygenation (CMRO) across all patients and see if

there were any differences between the patients with DCI and no DCI.

5.4.2 Methods
Between January 2021 and February 2022, we measured 9 patients with FDNIRS and DCS
on days 1,2,3, and 7 prior to the administration of IT nicardipine. To make these
measurements, a member from the SAH clinical team gently placed the FDNIRS and DCS
sensor over both the left and right hemisphere for 10s and repeated this measurement
3x/hemisphere. We averaged each repetition to calculate a mean hemispheric estimate of

each measured parameter.
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For our FDNIRS measurements, raw data were discarded if the standard deviation
of the phase measurements exceeded two degrees or if the AC amplitude ratio of standard
deviation to mean was > 0.05. Next, at each wavelength, the slopes of In (AC x r?) and
phase as functions of source-detector separation, r, were used to estimate g and u,. Data
at a given wavelength were discarded if R2<0.95. The entire dataset was discarded if <5

wavelengths total passed this linear fit criterion.

5.4.3 Results/Discussion

In the cohort of 9 patients, we gathered FDNIRS data. 8/9 patients did not go on to develop
a DCI, while 1/9 patients developed a DCI. Due to instrument availability, there were times
when we were not able to measure FDNIRS prior to the start of IT nicardipine. The figure
below shows the absolute average values of HbO, HbR, HbT, SO, OEF, u,, and ug, where
the latter two contain important optical information, in our SAH cohort (Figure 29).
Outcomes are dichotomized by the location of the vasospasm and if these patients were

diagnosed with DCI or not.

116



= =40
5 80 230
o x 20 %K:
£ . 10 i
1 3 5 7 1 3 5 7
80, x D% .80 Dy
< 60 #‘_—_——t 60
o 40 11j 40
“ oy © 2 ~f~Ipsi - DCI
1 3 5 g -} Contra - DCI
Day ~4—Ipsi - no DCI
K s 1% ——Contra - no DCI
£ 02 £ 8
& S 6
(o] 0.1 K2 4
SO ~ )

Figure 29: Overview of absolute mean and standard error values for HbO, HbR, HbT,
SO2, OEF, absorption coefficient, and reduced scattering coefficient across days 1,2,3,
and 7 for n=9 patients. Results are dichotomized by outcome (DCI — dashed lines or no
DCI —solid lines) and the location of the vasospasm (ipsilateral — red or contralateral —
green). All of these values were acquired solely from the FDNIRS device.

In this small population, HbR is statistically significant between DCI and no DCI patients.
This could suggest that from our short measurements HbR could also be another biomarker
for which patients go on to develop a secondary stroke.

We also investigated if there were any hemispherical differences due to the

vasospasm location dichotomized by outcome (Figure 30).
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Figure 30: Mean and standard error values of the ratio of ipsilateral divided by the
contralateral side for HbO, HbR, HbT, SO2, OEF, absorption coefficient, and reduced
scattering coefficient, where ipsilateral refers to the hemisphere with the vasospasm.
Here, gold solid lines denote patients who did not go on to develop a DCI (n=8), whereas
teal dashed lines represent patients who went on to develop a DCI (n=1).

Later on, for the 3 most recent patients, we were able to take DCS measurements

along with FDNIRS measurements, which allows us to calculate the cerebral metabolic

rate of oxygenation, CMRO, (Figure 31).
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Figure 31: Overview of absolute mean and standard error values for HbO, HbR, HbT,
SOz, OEF, CMRO., absorption coefficient, and reduced scattering coefficient across days
1,2,3, and 7 for n=3 patients. Results are dichotomized by outcome (DCI — dashed lines
or no DCI — solid lines) and the location of the vasospasm (ipsilateral — red or
contralateral — green).

Similarly, we also investigated if there were any hemispherical differences due to

the vasospasm location dichotomized by outcome (Figure 32).
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Figure 32: Mean and standard error values of the ratio of ipsilateral divided by the
contralateral side for HbO, HbR, HbT, SO2, OEF, CMRO., absorption coefficient, and
reduced scattering coefficient, where ipsilateral refers to the hemisphere with the
vasospasm. Here, gold solid lines denote patients who did not go on to develop a DCI
(n=2), whereas teal dashed lines represent patients who went on to develop a DCI (n=1).

While this current cohort has a small sample size, since we started measuring
patients recently as of January 2021, there are some promising trends that could emerge if
we increase our sample size. In fact, these FDNIRS/DCS measurements are less time-
intensive (~10 min) in comparison to the continuous DCS measurements that | discussed
about in the previous section (~90 min). A potential future direction would be to make
these FDNIRS/DCS measurements as soon as a SAH patient is admitted (day 0 of SAH)
to explore if diffuse optics can be utilized as a prognostic tool for which SAH patients who
would not only develop vasospasm but also require IT nicardipine, instead of only

measuring SAH patients who are severe enough to require IT nicardipine.
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Chapter 6: Conclusion

6.1 Summary and Key Findings

Diffuse correlation spectroscopy is a novel optical technique that was established in the
late 1990s. Since then, a lot of publications from the community have focused on furthering
this technology from hardware and software upgrades to various validation studies against
other imaging modalities in preclinical and clinical cohorts. Within the DCS community,
it is well-known that with DCS we measure an index of microvascular blood flow.
However, it wasn’t until 2016, when Boas et al. demonstrated that the origins of the DCS
signal potentially stem from the shear-induced diffusion of red blood cells, which they
demonstrated with Monte Carlo simulations. My work with the microfluidics platform
advanced this previous work by making in vitro measurements for the first time. This
microfluidic phantom platform is a huge advancement for the DCS community, as typical
in vitro platforms within the DCS community consist of a large liquid vat filled with
intralipid and India Ink or one large (~1-3 mm) embedded tube. However, the microfluidic
platform developed in this dissertation is novel because it consists of 100s of micron-sized
tubes ranging from 10 — 100 pum, which more accurately recapitulates the microvasculature.
The added benefit of this novel in vitro platform is that | am able to manipulate a single
red blood cell parameter, such as hematocrit, vessel size, flow rate, and blood type, and not
experience any compensatory mechanism that would be otherwise seen in vivo. My first
key finding with the microfluidics experiment was demonstrating the confounding
influence of hematocrit on our DCS blood flow measurements when flowing healthy blood.
| developed a hematocrit correction factor. Next, | examined the influence of vessel size

on our DCS blood flow measurements. Finally, | demonstrated the influence of sickle cell
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blood on the DCS blood flow index. All of this work conducted using the microfluidic
platform theoretically advanced our knowledge of diffuse correlation spectroscopy.

The second half of my dissertation focused on the translational impact of diffuse
correlation spectroscopy such that blood flow could potentially be used as biomarker in the
brain’s blood flow response to the intrathecal administration of the drug nicardipine in
subarachnoid hemorrhage patients. This study was the first study to our knowledge that
explores the impact of the intrathecal administration of nicardipine at the microvascular
level. It was pivotal to see that patients who had an increase in their cerebral blood flow in
response to IT nicardipine did not go on to develop a secondary stroke, whereas patients
whose blood flow did not change or decreased went on to develop this secondary stroke
known as delayed cerebral ischemia. If these trends prove to hold true with increased
sample size, then DCS could function as a powerful biomarker to recognize patients who
are poor responders to the drug, right from the first dose of IT nicardipine, and alert

clinicians that alternative treatment strategies are merited.

6.2 Future Work

From the foundational work done in this dissertation, there are many opportunities for
future work for both the theoretical (microfluidics) and the translational (SAH)
components.

First, for the microfluidics project, the next steps would be to investigate how/if our
DCS BFI changes when deoxygenating sickle cell blood. Additionally, it would be
interesting to explore the impact of different ratios of HbA to HbSS to HbF on the DCS

blood flow index.
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Next, for the SAH project, | foresee many future projects that could stem from this
rich dataset. Currently, we arrive at the hospital when the SAH patient is about to receive
IT nicardipine. However, it would be interesting if we could do daily spot measurements
once the SAH patient arrives at the hospital to see if FDNIRS/DCS could be used as a
prognostic tool to predict which patients may not develop only vasospasms and will need
IT nicardipine but also DCI. Next, | hope that we can utilize DCS when EUH starts their
phase 2 clinical trial of randomizing IT nicardipine doses across SAH patients, allowing us
to examine if the relative changes in the blood flow response to IT nicardipine as measured
by DCS change in magnitude as a function of concentration among responders and non-
responders.

Secondly, for the SAH project, we take up to 90 minutes of data at the bedside and
simultaneously acquire measurements of arterial blood pressure. Therefore, we could
utilize the acquired pulsatile cerebral blood flow and arterial blood pressure information to
calculate critical closing pressure?32-235, We also stochastically record the ICP numbers, so
it would be informative to compare the measured ICP from the patient’s external
ventricular drain to our noninvasive measurements of critical closing pressure.

Lastly, it would be valuable to explore cerebral autoregulation using this SAH
dataset. It is possible to calculate an index of cerebral autoregulation*236.2%7 py plotting
our DCS blood flow index values against the measured arterial blood pressure. Here, we
could see if cerebral autoregulation is potentially impaired in the SAH patients who go on
to develop a DCI.

Overall, in medicine today, there’s a shift towards more non-invasive medical

devices in an effort to provide clinicians with more information for a patient-centered care.
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Ultimately, | believe that the work presented here in this dissertation demonstrates the
clinical utility and potential of DCS to one day be routinely utilized in the hospital as a

prognostic tool. With this powerful goal in mind, the future is bright for diffuse correlation

spectroscopy.
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