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Abstract

In-vivo Optical Imaging and Spectroscopy of Cerebral Hemodynamics

Chao Zhou

Arjun G. Yodh

Functional optical imaging techniques, such as diffuse optical imaging and spectroscopy and laser

speckle imaging (LSI), were used in research and clinical settings to measure cerebral hemodynam-

ics. In this thesis, theoretical and experimental developments of the techniques and theirin-vivo

applications ranging from small animals to adult humans aredemonstrated.

Near infrared diffuse optical techniques non-invasively measure hemoglobin concentrations,

blood oxygen saturation (diffuse reflectance spectroscopy, DRS) and blood flow (diffuse correla-

tion spectroscopy, DCS) in deep tissues, e.g. brain. A noisemodel was derived for DCS measure-

ments. Cerebral blood flow (CBF) measured with DCS was validated with arterial-spin-labeling

MRI. Three-dimensional CBF tomography was obtained duringcortical spreading depression from

a rat using the optimized diffuse correlation tomographic method. Cerebral hemodynamics in

newborn piglets after traumatic brain injury were continuously monitored optically for six hours to

demonstrate the feasibility of using diffuse optical techniques as bedside patient monitors. Cerebral

autoregulation in piglets and human stroke patients was demonstrated to be non-invasively assess-

able via the continuous DCS measurement. Significant differences of CBF responses to head-of-

bead maneuvers were observed between the peri- and contra-infarct hemispheres in human stroke

patients. A significant portion of patient population showed paradoxical CBF responses, indicating

the importance of individualized stroke management.
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The development of a speckle noise model revealed the sourceof noise for LSI. LSI was then

applied to study the acute functional recovery of the rat brain following transient brain ischemia.

The spatial and temporal cerebral blood flow responses to functional stimulation were statistically

quantified. The area of activation, and the temporal response to stimulation were found signifi-

cantly altered by the ischemic insult, while the magnitude of the CBF response was preserved in

the early hours following the ischemia.

In total, this research has further developed the diffuse optical and laser speckle imaging tech-

niques and translated their applications from laboratory to the clinic.
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Chapter 1

Introduction

Normal brain function depends on delivery of oxygen and glucose, and on clearance of the by-

products of metabolism. Thus, an understanding of the normal and pathological conditions of

oxygen supply and consumption, and measurement of blood flowis important for basic neuro-

science and clinical applications [427]. To this end a variety of tools have been developed to image

cerebral hemodynamics, but all of these techniques have limitations. For example, transcranial

Doppler (TCD) [151, 152, 227] is a common clinical tool but islimited to measurement of blood

flow within large vessels [7, 38, 237, 297, 306]. Blood oxygenlevel dependent (BOLD) functional

magnetic resonance imaging (MRI) [22, 265] provides three dimensional (3D) tomography of the

brain with moderate spatial resolution (a few millimeters). However, the interpretation of the

BOLD signal is difficult, due to its dependency on many parameters, such as deoxy-hemoglobin

concentration, blood volume and blood flow. [6, 185, 244]. Arterial spin labeled (ASL) perfusion

MRI [98, 99, 235, 310, 397, 425] provides blood flow images with moderate sensitivity and spa-

tial resolution, yet the low signal-to-noise ratio limits its use in pediatric applications [388, 389].

Positron emission tomography (PET) [183, 184, 295] measures cerebral blood flow (CBF) and
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oxygen metabolism with a decreased spatial resolution compared to MRI. In addition, injection

of radioactive contrast agent is needed for the PET measurements. Thus, clinical use of MRI and

PET based techniques are limited due to high cost, low temporal resolution, low throughput and

low mobility.

Optical methods offer a range of sensitivities useful for characterization of a wide variety of

samples. The simplest of these methods is light absorption,whereby attenuation in signal intensity

occurs whenever the light wavelength coincides with a material resonance. This effect enables us

to determine quantitatively the molecules present in a sample, their concentration, and their lo-

cal environment. For example, near-infrared spectroscopy(NIRS), also referred to diffuse optical

spectroscopy (DOS) and diffuse reflectance spectroscopy (DRS), has been used for transcranial

measurements of blood volume and blood oxygen saturation [28, 382, 415]. In a different vein,

sample morphology is accessible through light scattering experiments. In traditional single scat-

tering experiments the angular pattern of the collected light intensity provides information about

scatterer size, refractive indices of scatterers and background fluids, and the organizational struc-

ture of collections of scatterers. Fluctuation spectroscopies including dynamic or quasi-elastic light

scattering measure temporal light intensity fluctuations from the sample to gain information about

the motions of scatterers. Laser Doppler flowmetry (LDF) [53, 54, 351] utilizes this mechanism

and is applied primarily for non-invasive and continuous monitoring of the perfusion in superficial

tissues (top∼ 100µm) [9, 36, 202, 216], although recently Binzoniet al [37] have extended its

application to relatively deeper tissues (∼ 0.5 cm below tissue surface). Other examples include

diffuse correlation spectroscopy (DCS) and laser speckle imaging (LSI), which will be discussed

in detail below.
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This thesis reports on the recent development and application of novel diffuse optical tech-

niques for non-invasive (or minimum invasive) measurementof cerebral hemodynamics in our

laboratory. Thus far diffuse optical methods have been usedin research and clinical settings

for deep tissue measurement of hemoglobin concentrations,blood oxygen saturation (DOS/DRS)

[28, 39, 42, 80, 88, 116, 138, 160, 161, 174, 188, 303, 382, 396], and, to a lesser extent, blood flow

(DCS) [76, 88, 114, 116, 240, 419, 420, 436]. A second method Iwill discuss is the laser speckle

imaging (LSI) technique [59,63], which provides two-dimensional (2D) blood flow maps with high

spatial (∼ 30µm) and temporal resolution (∼ 100 ms).

1.1 Diffuse Optical Imaging and Spectroscopy

Traditional optical spectroscopic techniques are rigorous and are well established in simple, homo-

geneous, optically thin samples. On the other hand, diffuseoptical imaging and spectroscopy aims

to investigate tissue physiology millimeters to centimeters below the tissue surface [17,42,44,150,

172, 173, 179, 414, 415]. Traditional optical spectroscopies cannot be used for this purpose, since

light is strongly scattered in tissue. In addition, in orderto reach tissue located centimeters below

the surface there must be significant light penetration. Fortunately, a spectral window [203] exists

in the near-infrared (NIR, 650 - 950 nm, Figure 1.1), whereinthe reduced absorption coefficients

(µa) of water and hemoglobins enable photons travel deep into tissue. Therefore, near-infrared

photon transport in tissues is dominated by scattering rather than absorption.

Arguably the most critical advance in the field has been the recognition and widespread ac-

ceptance that light transport over long distances in tissues is well approximated as a diffusive

process [72, 414]. Using this physical model it is readily possible to quantitatively separate tissue

scattering from tissue absorption, and to accurately incorporate the influence of boundaries, such
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Figure 1.1: Absorption spectrum of main chromophores in tissue (oxy-hemoglobin, HbO2; deoxy-
hemoglobin, Hb; and water,H2O) shows the existence of a spectral window in the near-infrared
(NIR) wavelength region.µa: Absorption Coefficient.

as the air-tissue interface, into the transport theory [290,291]. The diffusion approximation is also

critical because it provides a tractable basis for tomographic approaches to image reconstruction

of tissue optical properties using highly scattered light [15,17,42,150,172,173,179,414,415].

Diffuse optical techniques separate naturally intostatic and dynamicmethods. Our lab has

played a prominent role in the development and application of both diffuse optical methods. The

static methods, which I will refer to as Diffuse Optical Spectroscopy (DOS), Diffuse Reflectance

Spectroscopy (DRS) or Diffuse Optical Tomography (DOT), are concerned with measurement of

slow variations in tissue absorption and scattering. Even though absorption in the near-infrared is

relatively small, the spectra of major tissue chromophores, particularly oxy- and deoxy-hemoglobin

and water, differ significantly in the near-infrared (Figure 1.2). As a result, the static diffuse
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Figure 1.2: Fine structure of the absorption spectrum of oxy-hemoglobin, deoxy-hemoglobin and
water in NIR enables the reconstruction of tissue physiological parameters, such as hemoglobin
concentrations and blood oxygen saturation.

optical methods are sensitive to hemoglobin concentrations, blood oxygen saturation, and wa-

ter and lipid content of the tissues. For example, it has beenwell established that near-infrared

light can penetrate through the scalp and skull into dura andhuman brain for measurement of re-

gional oxy- and deoxy-hemoglobin concentrations [80,116,138,156,160,396]. DOT also has been

successfully employed by several groups to image tumor absorption and scattering heterogene-

ity [69, 71, 74, 78, 96, 114, 135, 140, 164–166, 175, 186, 192,199, 200, 209, 221, 238, 262, 272, 275,

276,286,304,305,328,337,346,356,371,437]. Similar maps were derived in studies of brain bleed-

ing [156,180,313], and cerebral oxygen dynamics associated with functional activation [40,41,80,

84,89,111,116,128,138,139,160,181,182,187,217,280,281,317,319,320,352,383,392,396,415].

The dynamic method essentially monitors speckle temporal intensity fluctuations of scattered

light from the tissue and is sensitive to the motions of scatterers such as red blood cells (RBCs).

The means for using light fluctuations and light frequency shifts to study motions have appeared
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with numerous names over the years [32–34, 43, 48, 53, 58, 65,82, 90, 147, 167, 247, 257, 299, 307,

311, 348, 349, 364, 368, 376]. Early physiological work withdynamic light scattering from tissues

[177,214,279,312,334,349–351,363,364,399] utilized pairs of very closely separated (∼ 0.25 mm)

optodes, e.g. laser Doppler flowmetry [53,54,351]; in this case, only information in the superficial

tissue was probed. Single-scattering theory was employed to analyze these data. Although the

single scattering approximation simplifies experimental analysis, it also limits the reliability and

the amount of information that can be extracted from real tissue samples.

Our laboratory pioneered the extension of dynamic light scattering to optically thick tissues,

where multiple scattering dominates the migration of photons. I will refer to this technique as

Diffuse Correlation Spectroscopy (DCS). In the physics community it is also known as diffuse

wave spectroscopy (DWS) [257, 299]. We prefer DCS because DWS has other meanings in the

biomedical community. The quantity of interest for DCS is the electric field temporal autocorrela-

tion function. The transport of the autocorrelation function through turbid media can be described

with a correlation diffusion equation [43,48]. The generalization was very exciting because it pro-

vided a mathematical description about how motional fluctuations are impressed upon the temporal

correlations of diffuse light fields propagating in tissue,including the effects of tissue absorption,

scattering, and motions of scatterers; the most significantsignal is from blood flow. It also provided

a natural framework for quantification of heterogeneous turbid media.

During the last few years, I have contributed to the development of the theory and instrumen-

tation of the DCS technique. We have demonstrated that DCS isa significant new diagnostic

instrument for measuring cerebral blood flow in animal and human brains [87, 88, 116, 434, 436]

and for measuring blood flow in a variety of other tissues [114,354,419–422,431]. The blood flow

measurements are difficult because the cortical DCS signal is intrinsically weaker than DOS/DRS
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signals, and because translation of DCS data into information about blood perfusion requires a full

understanding of the multiple scattering theory underlying the transport of electric field correlation

functions in turbid media. Our work has recently stimulatedothers to carry out similar experiments

in human brain and other tissues [196,197,239,240].

1.2 Laser Speckle Imaging

Laser speckle imaging (LSI) techniques [59, 63] share the same physical ideas with DCS and

laser Doppler flowmetry [61]: scattered coherent laser light built from different path-lengths in the

medium produce a random interference pattern, whose intensity fluctuations contain information

about motions of particles in the underlying medium. The salt-and-peppery appearance of the

interference pattern is usually referred to as the speckle pattern. Instead of utilizing thetemporal

auto-correlation(DCS) or thefrequency shift(LDF) of the intensity fluctuations from a single (or a

few) speckle(s), LSI analyzes thespatial fluctuationsof the speckle pattern to quantify near surface

tissue blood flow (top∼ 100µm). With a very simple imaging system (a standard CCD camera

and a laser diode), laser speckle imaging generates two-dimensional maps of tissue blood flow with

high spatial(∼ 30µm) andtemporalresolution (∼ 100 ms). LSI has been successfully applied to

imaging blood flow in a variety of near surface tissues, such as skin [146, 318], retina [362], optic

nerve [410] and brain [19,20,110,113,146,316,336,353,394]. The LSI signal is inherently noisy,

for example because only a limited number of CCD pixels are involved in calculating speckle

contrast. Studies have been conducted to determine optimalexperimental parameters [23,423] and

to explore the method to reduce the speckle noise [384]. I have contributed to the development of

a theoretical framework for further our understanding of the origin of the speckle noise, which will

be discussed in detail in later chapters.
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1.3 Thesis Outline

The focus of my graduate work is to develop functional optical imaging techniques (diffuse optics

and laser speckle imaging) and apply them to investigate cerebral hemodynamicsin-vivo. I have

contributed modestly to advancing the theory of noise in these systems [especially diffuse correla-

tion spectroscopy (DCS) and laser speckle imaging (LSI)], to the development of instrumentation

and to the application of the optical techniques from bench-top (computer simulation) to small an-

imals (rats, piglets) to clinical applications (human patients). In this thesis, I will summarize these

developments in the past few years. I will also presentin-vivo physiological results from various

applications.

Chapter 2 presents the theoretical background and developments for the diffuse optical tech-

niques used for tissue hemodynamics imaging and monitoring. A noise model for diffuse cor-

relation spectroscopy is derived to better understand the signal-to-noise ratio (SNR) of the DCS

measurements in Section 2.2.3. The accuracy of the model is tested experimentally. The noise

model is employed to optimize data selection and regularization in order to improve tomographic

image reconstruction of cerebral blood flow in Section 2.2.5. In Section 2.2.6, results from Monte

Carlo simulations are presented and discussed to further our understanding of the transport of elec-

tric field autocorrelation functions in turbid media.

Chapter 3 presents the design of the DOS/DCS instrument and arecent validation study of the

DCS technique. Section 3.1 demonstrates the design of a hybrid multi-channel multi-functional

instrument and a truly portable blood flow instrument. In Section 3.2, I describe a study comparing

blood flow measured with DCS and arterial spin labeling MRI (ASL-MRI) for validation of the

DCS measurements.
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Chapters 4, 5 and 6 explore the feasibility of quantitative cerebral hemodynamics measure-

ments and imaging with diffuse optical methods in subjects from small animals to adult human

beings. In Chapter 4, the feasibility of 3D blood flow tomography of cortical spreading depres-

sion (CSD) in the rat using diffuse correlation tomography (DCT) is demonstrated. In Chapter 5,

long-term stability and short-term sensitivity of the diffuse optical techniques are shown from a

piglet head trauma injury model. Injury induced hemodynamic changes in the piglet brain were

quantified optically through the intact scalp and skull, demonstrating the feasibility of non-invasive

monitoring of cerebral hemodynamics at the bedside in a simulated clinical environment. Chap-

ter 6 presents the results of ischemic stroke management in adult human patients, where DCS

is employed to assess cerebral autoregulation with non-invasive blood flow measurements. In

Chapter 7, I describe a case study investigating early changes of breast cancer hemodynamics

(hemoglobin concentrations, blood oxygenation, and bloodflow, etc.) in a patient undergoing

neadjuvant chemotherapy.

Chapter 8 describes the development and application of the laser speckle imaging technique.

In Section 8.2, a noise model for laser speckle contrast imaging is derived and tested with experi-

ments. The noise model reveals the sources of the speckle contrast noise and provides guidelines

for optimizing the SNR of the laser speckle imaging technique. Section 8.3 presents an application

of laser speckle imaging on investigating functional stroke recovery acutely following transient

brain ischemia in a rat model.

Chapter 9 summarizes the thesis and suggests future directions.
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Chapter 2

Diffuse Optical Imaging and

Spectroscopy: Theory

In this chapter, I provide a theoretical background for the diffuse optical techniques, including the

static (diffuse optical spectroscopy and tomography, DOS/DOT), and thedynamic(diffuse corre-

lation spectroscopy and tomography, DCS/DCT) methods usedin tissue hemodynamic imaging

and monitoring. New contributions to diffuse correlation spectroscopy and tomography are also

presented: (1) an analytical noise model for DCS is derived and tested in Section 2.2.3 in order to

further our understanding of the signal-to-noise ratio in DCS measurements; (2) based on the noise

information, data selection and the regularization parameters are optimized for the image recon-

struction with DCT in Section 2.2.5; (3) a new algorithm of calculating DCS signal from Monte

Carlo simulation is proposed in Section 2.2.6.
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2.1 Diffuse Optical Spectroscopy and Tomography (DOS/DOT)

2.1.1 Basics of Diffuse Optical Spectroscopy

The spectral transmission window in the near-infrared wavelength region (650 - 950 nm, Figure

1.1, [203]) opens the door for application of diffuse optical imaging and spectroscopy in tissues. In

this wavelength region, the absorption coefficients (µa) of water and hemoglobin are low, enabling

photons to travel deeply into tissues (millimeters to centimeters depending on the wavelength used

and tissue optical properties). However, scattering events dominate the propagation of photons

inside the tissue, since the reduced scattering length (l∗s = (µ′s)
−1 ≈ 1 mm) is much shorter

than the absorption length (la = (µa)
−1 ≈ 100 mm). If we were able to track the trajectory

of each photon, a random walk pattern would be observed. Thisleads us to treat the photon

propagation in tissue over a long distance as a diffusive process [72,414], similar to the process of

heat diffusion [220].

Using this physical model, the photon propagation in tissuecan be described by a radiative

transport equation [290, 291] and further simplified to a diffusion equation when the tissue ab-

sorption is low [72, 415]. Briefly, in a homogeneous medium, the photon fluence rate,Φ(r, t)

[Watt · cm−2], obeys the time-dependent diffusion equation [50,72,148,415]:

∇ · (D(r)∇Φ(r, t)) − vµa(r)Φ(r, t) + vS(r, t) =
∂Φ(r, t)

∂t
. (2.1)

Here,r is the position vector,t [s] is time andv [cm · s−1] is the speed of light in the medium.

µa(r) [cm−1] is the absorption coefficient, andD(r) ∼= v/3µ′s(r) is the photon diffusion co-

efficient [115, 122], whereµ′s [cm−1] is the reduced scattering coefficient of the tissue.S(r, t)

[Watt ·cm−3] is the isotropic source term. Equation 2.1 links therate of changeof photon fluence
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within a sample volume element (the term on the right hand side of the equation) to the contribu-

tions of the photonsscatteredinto the volume element from its surroundings (the first termon the

left hand side (LHS) of the equation), the photonsabsorbedwithin the volume element (the second

term on LHS) and the photonsemittedfrom any source inside the volume element (the third term

on LHS).

Depending on how the light source is modulated, three different paradigms are widely em-

ployed for diffuse optical measurements. The simplest approach employs a continuous-wave (CW)

light source. The detector measures the DC component of the attenuated light, which carries the

information about tissue optical properties. The CW paradigm is straightforward and the instru-

mentation is relatively simple [338]. However, the detected signal is sensitive to the ambient room

light, and the separation of tissue absorption and scattering is made more difficult by the limited in-

formation content in the detected signal [18]. The second approach works in the frequency-domain

(FD) and utilizes an amplitude-modulated light source. Themodulation frequency is usually in the

radio-frequency (RF) range (from tens to a thousand MHz). The combined information from the

detected amplitude reduction and phase shift relative to the input enables the separation ofµa and

µ′s [73, 134, 140, 282, 409]. Also, since the detection circuit is locked into the RF modulation

frequency, ambient room light has less influence on the FD measurements. The third approach

(time-domain, TD, also known as time-resolved spectroscopy, TRS) utilizes a short light pulse as

the input and measures the delayed and temporally broadenedoutput pulse. Time-domain measure-

ments have the most information content. However, more complex instrumentation and expensive

hardware are usually needed compared to the other two methods [29,195,275,290,323].

In our lab, the frequency-domain paradigm is employed. In that case,S(r, t) = (SDC +

SACe−iωt)δ(r), whereω is the light modulation frequency (e.g. 70 MHz in our instrument) and
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SDC andSAC are the DC and AC strength of the modulated light source. If wefocus on the AC

component of the detected signal and assumeΦ(r, t) = Φ(r)e−iωt, Equation 2.1 can be further

simplified, i.e.

∇ · (D(r)∇Φ(r)) − (vµa(r)− iω)Φ(r) = −vSACδ(r). (2.2)

The frequency-modulated light density [159], also known asa diffuse photon density wave

(DPDW) (or its time-domain analog [29, 194, 290]) propagates deeply in tissues (i.e.∼ 10 cm)

and behave like waves, obeying simple rules including refraction [283], diffraction [45, 134], in-

terference [324], and dispersion [330,373] as they encounter variations in tissue optical properties.

Good reviews of the properties of DPDW can be found in [50,282,415].

Analytical solutions to Equation 2.2 exist for homogeneousmedia with simple geometries. For

example, in a semi-infiniteremissiongeometry (Figure 2.1), where the source and detector are

separated byρ on the same side of the medium. The collimated source is usually approximated

as an isotropic source located atz = z0 = 1
µ′

s
into the medium [290]. On the other hand, when

a photon crosses the boundary from the turbid medium into thenon-scattering medium (e.g. air),

there is no mechanism for changing the direction of the photon to return it to the turbid medium

except for Fresnel reflections at the boundary. Therefore, the boundary condition must ensure that

there is no net flux of photons entering the medium from the boundary, i.e.

Jin(r) =
1

4
Φ(r) +

D

2v

1−Reff

1 + Reff

∂Φ(r)

∂n̂
= 0. (2.3)

Here,Reff = −1.44n−2 + 0.71n−1 + 0.668 + 0.064n is the effective reflection coefficient

determined by the ratio of the refraction indices inside andoutside the medium,n = nin/nout
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Figure 2.1: Illustration of the semi-infinite geometry.

[210], andn̂ is the vector normal to the boundary. This is known as the zeropartial flux boundary

condition [14, 171, 298]. Generally, a linear extrapolation from Equation 2.3 results in a zero

fluence rate atz = −zb = − 2
3µ′

s

1+Reff

1−Reff
. This extrapolated zero boundary condition [171] is

very convenient for solving the photon diffusion equation.For the semi-infinite homogeneous

geometry, the extrapolated zero boundary condition can be satisfied by considering a negative

isotropic imaging source located atz = −(z0 + 2zb) (Figure 2.1). Therefore, the fluence rate at

the detector can be calculated as the superposition of the infinite solution from the isotropic source

and the negative imaging source [241,302], i.e.

Φ(ρ) =
vSAC

4πD

(
e−Kr1

r1
− e−Kr2

r2

)
. (2.4)

Here,K2 = 3(µa − iω)µ′s, r1 =
√

ρ2 + z2
0 , r2 =

√
ρ2 + (z0 + 2zb)2. If not specifically

mentioned, the semi-infinite solution (Equation 2.4) is used to fit bulk tissue optical properties (µa,

µ′s) in our experiments.

More interestingly, if measurements are conducted at a few distinct wavelengths (e.g. 685
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nm, 785 nm and 830 nm), we can take advantage of the unique absorption spectrum of the chro-

mophores inside the tissue (Figure 1.2) and use the wavelength-dependent absorption coefficient,

µa(λ), to extract tissue chromophore concentrations. The absorption coefficient is readily decom-

posed into its source chromophores, i.e.

µa(λ) =
∑

i

ǫi(λ)Ci. (2.5)

Here, the summation is over the different tissue chromophores. ǫi(λ) is the extinction co-

efficient of theith chromophore as a function of wavelength (λ). Ci is the concentration of

the ith chromophore to be reconstructed. The concentrations of themost significant tissue ab-

sorbers in the NIR, oxy- and deoxy-hemoglobin (cHbO2 andcHb respectively), can be extracted

from spectral data. Typically, three or more wavelengths are employed to minimize the influ-

ence of other chromophores, such as water and lipid, and measurement noise. The combina-

tion of these yields important physiological information,such as the total hemoglobin concen-

tration (THC = CHbO2 + CHb), also known as blood volume, and blood oxygen saturation

(StO2 =
CHbO2
THC × 100%). If not specifically addressed, I will concentrate on the utility of

hemoglobin concentrations and blood oxygen saturation throughout the thesis, although concentra-

tions of other chromophores, such as water and lipid, can be obtained with measurements at more

wavelengths.

2.1.2 Optical Tomography with Diffusive Light

In reality, biological tissues are heterogeneous, and quite often the heterogeneity of the tissue

contains important information about tissue abnormality,such as the existence of tumors. With

15



0.5 cm

1.5 cm

1 cm

Figure 2.2: Illustration of diffuse optical tomography.

diffuse optics, tissue heterogeneity can be reconstructedwith DOS/DRS measurements from mul-

tiple source-detector pairs. Several approaches have beendeveloped for diffuse optical tomography

(DOT). Perturbation approaches employing Born or Rytov approximations can use analytic forms

or iterative techniques based on numerical solutions. Numerical solutions are relatively slow and

computationally intensive, but realistic boundaries are not a limitation for these methods. For a

review of the inverse problem in DOT, see [15,17,42,150,172,173,179,414,415]. In this Section,

I briefly outline the idea of the analytic perturbation approach and the linear inverse algorithm.

Since photons propagate randomly inside the medium, each spatial volume element (voxel)

has its contribution to the measurement on the surface. The weight of each voxel’s contribution to

a certain source-detector configuration can be calculated as a three-point Green’s function, which

is the product of the Green’s function from the source to the voxel and the Green’s function from

the voxel to the detector. As can be seen from Figure 2.2, a given source-detector pair is most

sensitive to a shaded “banana” region, where the depth of the“banana” is about 1/3 to 1/2 of the
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source-detector separation. That is to say, perturbationsfrom voxels inside the “banana” would

have the most influence on deviating the measured signal fromits homogeneous solution (e.g.

Equation 2.4). Within the Rytov approximation [50], the detected signal is written in the form

Φ(rs, rd) = Φ0(rs, rd)exp(φs(rs, rd)), whereΦ0(rs, rd) is the signal due to the homogeneous

background, andφs(rs, rd) accounts for perturbations due to optical property heterogeneity. Then,

following the procedure of Kak and Slaney [207], and assuming for simplicity, that changes in

scattering,∆µ′s = 0 cm−1, are negligible, a matrix equation can be derived, which relates the

measured perturbations inΦ(rs, rd) to the heterogeneous tissue absorption variations, i.e.

φs(rsi, rdi) = ln
Φ(rsi, rdi)

Φ0(rsi, rdi)
=

N∑

j=1

Wij(rsi, rdi, rj)∆µa(rj). (2.6)

HereN is the number of sample voxels,i is from1 to M (M is the number of measurements),

Wij links theµa perturbation in thejth voxel (∆µa(rj)) to theith source-detector measurement

pair (φs(rsi, rdi)). Wij is the three-point Green’s function and can be calculated analytically from

the diffusion model, i.e.

Wij(rsi, rdi, rj) = −2vΦ(rsi, rj)H(rj, rdi)

DΦ(rsi, rdi)
, (2.7)

here,H(rj, rdi) is the Green’s function for the homogeneous diffusion equation with appropri-

ate boundary conditions. By solving this inverse problem, the spatial distribution of the heteroge-

neous absorption properties,∆µa(r), can be obtained. Generally, the inverse problem is ill-posed.

Therefore, in order to stabilize the image reconstruction of ∆µa(r), regularization is necessary.

We use Tikhonov regularization [15] as follows:
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∆µa(r) = W T (W ·W T + λ · I)−1 · φs, (2.8)

whereT indicates a transpose. The regularization parameterλ is made spatially variant to

reduce source-detector artifacts at the surface plane, i.e.

λ(z) = λc + λe · (e(z−zmax)/zmax − 1), (2.9)

wherez is the depth of each voxel,zmax is the maximum depth in the reconstruction geometry,

λe = 10λc is chosen to produce even image noise as a function of depth [301]. The inverse(W ·

W T +λ ·I)−1 can be obtained by singular value decomposition (SVD). In order to achieve the best

image quality, optimization of the regularization parameter λc for the diffuse optical tomography

is needed. This is discussed in detail for the diffuse correlation tomography (DCT) in Section

2.2.5. With the tomographic map of∆µa(r) reconstructed, physiological maps of hemoglobin

concentrations and blood oxygen saturation can be obtainedwithout much difficulty via Equation

2.5.

2.2 Diffuse Correlation Spectroscopy and Tomography (DCS/DCT)

2.2.1 Basics of DCS Theory

Diffuse correlation spectroscopy, also known as diffusingwave spectroscopy (DWS) [257, 299],

originated from the single scattering dynamic light scattering (DLS) technique. DLS is widely

used to study particle suspension properties, such as particle size, shape, etc. DLS applies to

optically thin physical systems, while DCS is used for optically thick systems. In this section,
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I start with the description of the single scattering theory, then extend the technique to multiple

scattering in a step-by-step manner. A detailed review of the theoretical development for DCS can

also be found in Ref. [50].

2.2.1.1 Single Scattering

A dilute solution of scatterers is used for the single scattering experiment. In this simplified labo-

ratory environment, photons are usually scattered once (ornot at all) before they leave the sample

(Figure 2.3). A point-like photon detector is placed at an angle θ relative to the input beam propa-

gation direction. At the detector, the scattered electric field from theith particle is

Ei(t) = êE0F (θ)e−iωteikin·[ri(t)−Rs]+ikout·[Rd−ri(t)]

= êE0F (θ)e−iωtei(kout·Rd−kin·Rs)e−iq·ri(t), (2.10)

whereê is a unit vector indicating the polarization direction of the scattered field1, E0 is the

amplitude of the incident field,F (θ) is the scattering form factor which depends on the particle’s

1The polarization direction of the scattered field is not necessarily the same as the input field. It depends on the
scattering amplitudes from the two orthogonal polarizations.
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size, shape, index of refraction and the scattering angleθ. ω is the angular frequency of the light.

Here we assume the light source is monochromatic (i.e. single wavelength, infinite coherence

length) and stationary (E0 is independent of time), a situation well approximated by illumination

with a long coherence length CW laser.kin andkout are the input and output wavevectors,k0 =

|kin| = |kout| = 2πn
λ is the wave vector magnitude of the light in the media,n is the index of

refraction of the media,λ is the wavelength of the incident light,q = kout−kin is the momentum

transfer for the scattering geometry;|q| = 2k0sin
θ
2 . Rs, Rd andri indicate the positions of the

source, detector and the scatterer respectively. The totalscattered electric field at the detector is the

superposition of the fields from all the particles (sources). For an ensemble of identical particles,

the field is calculated as

ET(t) =
N∑

i=1

Ei(t) = êE0F (θ)e−iωtei(kout·Rd−kin·Rs)

(
N∑

i=1

e−iq·ri(t)
)

, (2.11)

where the summation is over allN scatterers within the optical beam. Note that the phase of

the electric field from each scatterer is independent. Therefore, the summation of the fields can

be viewed as a random walk in the complex plane. AsN → ∞, according to thecentral limit

theorem, the total scattered electric field will be a Gaussian sourcewith zero mean amplitude.

If the scatterers are static, then the total electric field atthe detector is constant. The scattered

intensity is therefore independent of timet. However, if the scatterers are moving, then the total

electric field changes in time and intensity fluctuations canbe observed (Figure 2.3). The fluctu-

ations of the electric field and intensity carry informationabout the dynamical properties of the
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medium. In order to extract information about the sample, wecalculate the temporal autocorrela-

tion function of the total scattered electric field, i.e.

g1(τ) =
〈ET(t) ·ET

∗(t + τ)〉
〈ET(t) · ET

∗(t)〉 =
〈eiωτ

∑N
i=1

∑N
j=1 e−iq·[ri(t)−rj(t+τ)]〉

〈∑N
i=1

∑N
j=1 e−iq·[ri(t)−rj(t)]〉

=
eiωτ

∑N
i=1

∑N
j=1〈e−iq·[ri(t)−rj(t+τ)]〉

∑N
i=1

∑N
j=1〈e−iq·[ri(t)−rj(t)]〉

. (2.12)

Hereτ is the delay time, and〈 〉 represents the average of all possible realizations of the sample

(i.e. anensemble average). If the particles are randomly positioned and the motion ofthe particles

are uncorrelated, then all the terms withi 6= j become zero. In this case,

g1(τ) =
eiωτN〈e−iq·[r(t)−r(t+τ)]〉

N
= eiωτ 〈eiq·∆r(τ)〉. (2.13)

Here,∆r(τ) = r(t + τ) − r(t) is the displacement of a scatterer during the delay timeτ . If

the particles move randomly, such as the case for Brownian motion, then we expect the probability

distribution for the scatterer’s displacement to be Gaussian [65], i.e.

P (∆r(τ)) =
1

[2π
3 〈∆r2(τ)〉]3/2

e
− |∆r(τ)|2

2
3 〈∆r2(τ)〉 . (2.14)

Following Appendix 2.3, the ensemble average in Equation 2.13 can be calculated using Equa-

tion 2.14, i.e.

g1(τ) = eiωτe−
1
6
q2〈∆r2(τ)〉. (2.15)

Here〈∆r2(τ)〉 is the mean square displacement of the scatterers in the delay time τ , which
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directly characterizes the scatterers’ movement.

In most experiments, the temporal intensity autocorrelation function,g2(τ) = 〈I(t)I(t+τ)〉
〈I(t)〉2 , is

derived from the intensity fluctuations of the sample. From Equation 2.11,

g2(τ) =
〈ET(t) ·ET

∗(t) ·ET(t + τ) ·ET
∗(t + τ)〉

〈ET(t) ·ET
∗(t)〉2

=
〈
∑

i,j,k,l∈[1,N ] e
−iq·[ri(t)−rj(t)+rk(t+τ)−rl(t+τ)]〉

〈
∑

i,j∈[1,N ] e
−iq·[ri(t)−rj(t)]〉2

=

∑
i,j,k,l∈[1,N ]〈e−iq·[ri(t)−rj(t)+rk(t+τ)−rl(t+τ)]〉

(
∑

i,j∈[1,N ]〈e−iq·[ri(t)−rj(t)]〉)2
. (2.16)

In the numerator there areN2 −N non-zero terms withi = j andk = l; these terms have no

net phase, i.e.

(N2 −N)〈e−iq·[ri(t)−ri(t)+rk(t+τ)−rk(t+τ)]〉 = (N2 −N). (2.17)

AnotherN2 −N terms withi = k andj = l average to zero, i.e.

(N2 −N)〈e−iq·[ri(t)+ri(t+τ)−rj(t)−rj(t+τ)]〉 = (N2 −N)〈e−iq·[ri(t)+ri(t+τ)]〉〈eiq·[rj(t)+rj(t+τ)]〉

= 0. (2.18)

The most importantN2 −N terms are those withi = l andj = k, for which we have,
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(N2 −N)〈e−iq·[ri(t)−ri(t+τ)−rj(t)+rj(t+τ)]〉 = (N2 −N)〈e−iq·∆ri(τ)〉〈eiq·∆rj(τ)〉

= (N2 −N)|g1(τ)|2. (2.19)

There still remainN terms withi = j = k = l, which have no net phase and contributeN to

the numerator. All other terms in the numerator average to zero. As discussed above, the terms in

the denominator are not zero only wheni = j. Therefore, Equation 2.16 becomes

g2(τ) =
N2 + (N2 −N)|g1(τ)|2

N2

= 1 + |g1(τ)|2. (2.20)

Equation 2.20 is known as the Siegert relationship [311]. Itis valid for fields emitted from

stationary (as mentioned above) Gaussian sources2. The sample, therefore, effectively converts

laser light (which is not a Gaussian source) into a Gaussian source. The sample (i.e. the light

source) is also ergodic (i.e. the time average is equivalentto the ensemble average).

From Equation 2.15, we see that the time scale of the intensity fluctuations to become un-

correlated is the time it takes a particle to moveq−1. This distance is on the order of one light

wavelength (λ) or longer depending on the scattering angle,θ. During the experiment, when the

detection area covers more than one speckle (or mode), the Siegert relation is slightly modified:

2The light field from a thermal source (e.g. sun, lamp) and the scattered laser field are both Gaussian sources.
The field directly from the laser source is not Gaussian. A discussion about photon statistics of different light source
distributions is presented in Appendix 2.4.
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g2(τ) = 1 + β|g1(τ)|2. (2.21)

Hereβ depends on the detection optics and is inversely proportional to the number of detected

speckles3. Theβ value can be determined experimentally for each measurement from the intercept

of the intensity autocorrelation function (g2(τ)) as the delay timeτ approaches zero.

2.2.1.2 Influence of Spatial and Temporal Coherence

The size of a speckle (the spatial coherence) is an importantparameter for the photon correlation

detection. Using thevan Cittert-Zernike theorem[378,428], we can estimate the speckle size from

a monochromatic Gaussian source, such as a narrow band filtered thermal source or the laser light

scattered from a random medium. In free space (Figure 2.4), the diameter of the coherence area

3The electric fields in different speckles (or laser modes) are uncorrelated. Theoretically, ifM speckles (or modes)
are detected, the numerator of Equation 2.16 hasM2N2 terms equal to unity andM(N2−N) terms equal to|g1(τ )|2.
The denominator equals toM2N2. Therefore,β = 1

M
.
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in the far field from a uniform circular source can be estimated asdcoh = 2.44 λ
DR ≈ 2.44λ

θ ,

whereλ is the wavelength of the light,D is the diameter of the source,R is the separation between

the source and the detection plane, andθ = D
R is the angular size of the source. Here we link

dcoh to the diffraction angle of the source (λ
D ) and the separation (R) between the source and the

detector. We can also view it on the detector’s side:dcoh is determined by the wavelengthλ and

the angular sizeθ of the source. For example, the diameter of the sun isD = 1.4× 109 m, and the

distance between the sun and the earth isR = 1.5× 1011 m. We can useλ = 550 nm as the mean

wavelength radiated from the sun. Then, we find the angular size of the sun isθ ≈ 0.009 rad, and

the diameter of the coherence area isdcoh ≈ 0.14 mm. The angular size of stars are much smaller,

therefore, the light from the stars has a much larger coherence area. Actually, some techniques

measure the diameter of the coherence area to accurately determine the angular size of the stars.

When an imaging lens is employed, such as the case for laser speckle imaging (Chapter 8), we

are effectively detecting the speckles in the far field. In this case, the lens itself can be considered

as a Gaussian source consisting of many incoherence area from the light source4. The angular size

of the lens is determined by the diameter of the lens aperture(DA) and the focal length (f ), i.e.

θ ≈ DA

f = 1
f/# , wheref/# is the f-stop number of the lens. Therefore, the speckle sizecan be

estimated asdcoh ≈ 2.44λ
θ = 2.44λf/# [63, 110, 113]. For example, when a 785 nm laser and

an f-stop of 2.8 are used, a speckle size ofdcoh ≈ 5.4 µm is obtained, which is close to the CCD

pixel size of our instrument (Chapter 8).

Optical fibers are often used for the detection of speckles from tissue surface. Light comes out

of the Gaussian source radiating in all directions. However, only light within the critical angle (θc)

of the fiber can be collected and trapped inside the fiber untilit is delivered to the detector. If we

4Usually,dcoh−lens = 2.44 λ
DS

R ≪ DA, whereDS is the size of the light source,R is the separation between the

source and the lens and theDA is the diameter of the lens aperture.
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view it from the detector side, the angular size of the sourceis effectively2θc ≈ 2NA, whereNA

is the numerical aperture of the fiber. Therefore, the diameter of the coherence area at the detector

can be estimated asdcoh ≈ 1.22 λ
NA [289]. The above analysis is valid when the fiber diameter

is large, where the ray optics picture can be used to model thelight propagation in fibers. For

fibers with smaller diameter (single mode or few modes fibers), however, the wave picture for light

propagation is needed. In this case, only the selected modescan be delivered through the fiber. For

example, in our DCS measurement, a 785 nm laser and a single mode fiber are used. Considering

the two orthogonal polarization modes collected from the fiber, theβ value we observed (∼ 0.5) is

in line with this estimation. When a polarizer was placed in front of the detection fiber, aβ value

of ∼ 0.9− 1 was observed (Chapter 4).

On the other hand, the coherence length of the light source also influences the photon correla-

tion detection. The coherence length (Lcoh) can be calculated from the linewidth of the light source

(∆ν), e.g.

Lcoh = cτcoh =
c

π∆ν
, (2.22)

wherec is the light speed in vacuum andτcoh is the coherence time. For an ideal monochro-

matic light source, the coherence length is infinite. For theflow laser we are using, the coherence

length is around 50 meters and the linewidth is around 2 MHz. Recall that in a Michelson interfer-

ometer, the interference pattern is only visible when the light pathlength difference from the two

arms is shorter than the coherence length of the light source. The same idea applies here. For single

scattering, the coherence length required is on the order ofthe sample size (maximum separation

of the scatterers), which can be easily satisfied by most laser diodes. For multiple scattering, a long

coherence length laser source is needed. This is discussed in the next section.
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Figure 2.5: Illustration of multiple scattering along a single photon path in turbid media.kj and
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the momentum transfer andθj is the scattering angle of thejth scattering event. Solid line indicates
the photon path at timet, while the dotted line represents the photon path at timet + τ . During the
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2.2.1.3 Multiple Scattering

As we move from an optically-thin medium (single-scattering) to an optically-thick medium, which

is the case for most biological tissues, multiple scattering events must be taken into consideration.

In this case, each scattering event from a moving scatterer contributes to the accumulation of the

phase shift and therefore the decay of the correlation function. To understand this idea better, let us

focus on the properties of the electric field produced by photons traveling along a single trajectory

through the medium (Figure 2.5). The photon path begins at the source, zigzags in the medium

and finally ends at the detector position. The phase of the electric field traveling along this photon

path can be expressed as
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E(t)one path = êE0e
−iωt · eik1·[r1(t)−Rs] · F (θ1) · eik2·[r2(t)−r1(t)] · F (θ2)

· · · eikN·[rN(t)−rN−1(t)] · F (θN ) · eikN+1·[Rd−rN(t)]

= êE0e
−iωt · ei(kN+1·Rd−k1·Rs) ·

N∏

j=1

F (θj) ·
N∏

j=1

e−iqj·rj(t), (2.23)

wherein, similar to the case of single scattering,F (θj) is the form factor andθj is the scattering

angle for thejth scattering event,qj = kj+1−kj andrj(t) denote the momentum transfer and the

scatterer’s position at thejth scattering event. The product is over allN scattering events along the

photon path. The total electric field at the detector is then the sum of the fields due to all possible

photon paths, i.e.ET(t) =
∑All paths

E(t)one path.

Similar to single scattering, if we assume the field from individual photon paths are uncor-

related, which was shown to be a good first order approximation [131, 149, 377], then the total

temporal field autocorrelation function can be expressed asthe weighted summation of the field

autocorrelation function from each photon path, i.e.

g1(τ) =

All paths∑

k=1

Pk · g1(τ)kth path, (2.24)

wherePk is the probability of thekth photon path. From Equation 2.23, we can derive the

temporal field autocorrelation function for a single photonpath (similar to Equation 2.13), i.e.

g1(τ)one path =
〈E(t)E∗(t + τ)〉one path

〈E(t)E∗(t)〉one path
= eiωτ 〈

N∏

j=1

eiqj·∆rj(τ)〉one path, (2.25)

where the average is over all the scattering events along thephoton path and all possible particle
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displacements. In a homogeneous medium, if we assume each scattering event is independent and

the scatterer displacements are uncorrelated, then Equation 2.25 can be calculated as the average

over a Gaussian distributed∆r(τ) (Equation 2.14), i.e.

g1(τ)one path = eiωτ
N∏

j=1

e−
1
6
q2
j 〈∆r2(τ)〉

= eiωτe−
1
6
〈∆r2(τ)〉

PN
j=1 q2

j . (2.26)

Here,q2
j = 2k2

0(1− cosθj) is the square of the momentum transfer of thejth scattering event5.

If we defineY =
∑N

j=1 (1− cosθj), Equation 2.26 can be written as,

g1(τ)one path = eiωτ · e− 1
3
k2
0Y 〈∆r2(τ)〉. (2.27)

In highly scattering media, for the single photon path mentioned above,

Y =

N∑

j=1

(1− cosθj) = N · (1− 〈cosθ〉N ), (2.28)

where〈cosθ〉N is the average over all theN scattering events along the path. WhenN is

large, the average value approaches the ensemble average, i.e. 〈cosθ〉 is usually noted as the

anisotropy factor (g) of the medium. The reduced photon scattering length (random-walk step

length, l∗s = 1
µ′

s
) is linked to the photon scattering length (l = 1

µs
) via this anisotropy factor, i.e.

5For two consecutive photons scattered from the same photon path with a delay of the correlation timeτc (the time
it takes the electric field changes its phase shifts due to scattering byπ), the scattering angleθj is NOT considered
changed for each scattering eventj (Figure 2.5). The reason is that the photon scattering length (l = 1

µs
, on the order of

tens of microns in biological tissue) is much longer than theindividual scatterer’s displacement withinτc (on the order
of a fraction of a wavelength). Therefore, the average alongthe single photon path from Equation 2.25 to Equation 2.26
is not performed over the scattering angle.

29



l∗s = 1
µ′

s
= 1

µs(1−g) = l
1−〈cosθ〉 [404]. If s is used to represent the total photon path length, we have

N = s
l = s

l∗s(1−〈cosθ〉) . Therefore,Y = s
l∗s

represents the total number of photonrandom-walk

steps associated with the photon path. In this case, the timescale forg1(τ)one path to decay1/e is

the time it takes a particle to move only a fraction (1√
Y

) of one light wavelength.

In the real experiment, the detected field autocorrelation function contains the contributions of

all photon paths (Equation 2.24). If we useP (Y ) to represent the probability distribution of the

random walk steps (Y ) in all the photon paths, the total electric field autocorrelation function can be

computed by incoherently integrating the contributions from each photon path [48,121,257,267],

i.e.

g1(τ) = eiωτ

∫ ∞

0
P (Y )e−

1
3
k2
0Y 〈∆r2(τ)〉dY . (2.29)

As mentioned above, in highly scattering medium,Y = s
l∗s

. Under this approximation, Equa-

tion 2.29 can be equivalently expressed as the weighted summation from all possible pathlengths

using the pathlength distribution [121,247,416],P (s), i.e.

g1(τ) = eiωτ

∫ ∞

0
P (s)e

− s
3l∗s

k2
0〈∆r2(τ)〉

ds. (2.30)

Equations 2.29 and 2.30 describe the diffuse correlation spectroscopy in homogeneous turbid

scattering medium composed of moving scatterers. The longer photon paths consist of a larger

number of scattering events and decay more rapidly, probingthe motion of scatterers over short

time and length scales. On the other hand, the shorter photonpaths consist of a smaller number of

scattering events and decay slowly, probing the motion of scatterers over longer time and length

scales.
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In reality, the distribution ofP (Y ) cannot be measured easily experimentally, though it can be

readily obtained from Monte Carlo simulation (Section 2.2.6). The measurement ofP (s) can be

achieved through the TRS measurement, which relies on detailed calibration and complex instru-

mentation. Analytical solutions forP (s) can be obtained for many simple geometries also [16],

such as infinite, semi-infinite, two-layer mediums, etc., bysolving the photon diffusion equation

(Equation 2.1). For example, in a homogeneous and infinite medium, the pathlength distribution

between an isotropic point source and an isotropic point detector is

P (s) =

√
vρ2

4πD
e

q

vµaρ2

D s−3/2e−
vρ2

4Ds e−µas. (2.31)

Hereρ is the source-detector separation andv is the speed of light in the medium. Here, I would

like to point out that the coherence length of the laser must be longer than the width of the photon

pathlength distribution [27] in order to form detectable interference speckle patterns. For example,

in a medium withµ′s = 10 cm−1 andµa = 0.1 cm−1, the width of the photon pathlength for a 3

cm source-detector separation is on the order of 1 meter, which is well below the coherence length

of the laser used for our experiments (Section 3.1.2). On theother hand, the spatial coherence of

the multiple scattered light can be treated the same way we did for single scattering in Section

2.2.1.1.

2.2.1.4 Correlation Diffusion Equation

Notice thatg1(τ) in Equation 2.30 is essentially the Laplace transform ofP (s), andP (s) can

be obtained from the normalized photon fluence rate for the TRS measurement (i.e. solution to

diffusion equation withS(r, t) = S0δ
3(r− rs, t = s

v = 0)), i.e.
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P (s) =
Φ(r, t = s

v )∫∞
0 Φ(r, t)dt

=
Φ(r, t = s

v )

I(r)
, (2.32)

where the denominator is the detected light intensity atr. Therefore, instead of solving the

photon diffusion equation (Equation 2.1) to obtainP (s), we can solve the Laplace transform of the

diffusion equation directly to obtaing1(τ).

Following Ref [298], we can do a simple change of variables (t = s
v ), multiply eiωτ and

e−ps, wherep = 1
3l∗s

k2
0〈∆r2(τ)〉 for simplicity in the derivation, to both sides of Equation 2.1 and

integrate with respect tos from 0 to∞, i.e.

eiωτ

∫ ∞

0
∇ · (D(r)∇Φ(r, s))e−psds − eiωτ

∫ ∞

0
vµa(r)Φ(r, s)e−psds

+eiωτ

∫ ∞

0
vS0δ

3(r− rs, s = 0)e−psds = eiωτ

∫ ∞

0
v
∂Φ(r, s)

∂s
e−psds. (2.33)

Note that the integral is with respect tos (or t), which can go into the spatial derivative (∇).

Therefore,

∇ · (D(r)∇
[
eiωτ

∫ ∞

0
Φ(r, s)e−psds

]
) − vµa(r)

[
eiωτ

∫ ∞

0
Φ(r, s)e−psds

]

+v

[
eiωτ

∫ ∞

0
S0δ

3(r− rs, s = 0)e−psds

]
= veiωτ

∫ ∞

0

∂Φ(r, s)

∂s
e−psds. (2.34)

Recall from Equations 2.30 and 2.32, we see thateiωτ
∫∞
0 Φ(r, s)e−psds would result in the

unnormalizedtemporal electric field autocorrelation function,G1(r, τ) = 〈E(r, t)E∗(r, t + τ)〉.

The third term on the left hand side of Equation 2.34 can be calculated as
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veiωτ

∫ ∞

0
S0δ

3(r− rs, s = 0)e−psds = vS0e
iωτ δ3(r− rs). (2.35)

And the right hand side yields

veiωτ

∫ ∞

0

∂Φ(r, s)

∂s
e−psds = veiωτ

[
Φ(r, s)e−ps|∞0 + p

∫ ∞

0
Φ(r, s)e−psds

]

= vpG1(r, τ)

=
1

3
vµ′sk

2
0〈∆r2(τ)〉G1(r, τ). (2.36)

Therefore, combining the above results, Equation 2.34 can be simplified as

∇ · (D(r)∇G1(r, τ)) − vµa(r)G1(r, τ) + vS0e
iωτ δ3(r− rs) =

1

3
vµ′sk

2
0〈∆r2(τ)〉G1(r, τ).(2.37)

Rearrange Equation 2.37, we get

∇ · (D(r)∇G1(r, τ)) −
(

vµa +
1

3
vµ′sk

2
0〈∆r2(τ)〉

)
G1(r, τ) = −vS0e

iωτ δ3(r− rs). (2.38)

Notice that now the source is a continuous wave (CW) one, and the scatterer movement

(〈∆r2(τ)〉) acts as aneffective“absorption” term in the above correlation diffusion equation. Equa-

tion 2.38 can be solved subject to the Laplace transform of the same boundary conditions used for

photon diffusion equation (Equation 2.3), i.e.
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1

4
G1(r, τ) +

D

2v

1−Reff

1 + Reff

∂G1(r, τ)

∂n̂
= 0, (2.39)

as well as the extrapolated zero boundary condition (G1(−zb, τ) = 0). In a different approach,

Boaset al [43,48,50] developed the same correlation diffusion equation (Equation 2.38) from the

correlation transport equation [2]. The differential equation approach is formally equivalent to the

original integral formulation (Equation 2.29 to 2.30), butis particularly attractive for investiga-

tion of heterogeneous media [43, 48, 176]. For example, the solution to the correlation diffusion

equation in the semi-infinite homogeneous geometry with extrapolated boundary condition can be

obtained as [50],

G1(ρ, τ) =
vS0e

iωτ

4πD

(
e−K(τ)r1

r1
− e−K(τ)r2

r2

)
. (2.40)

Hereρ, r1 and r2 are defined the same way as in Equation 2.4, whileK2(τ) = 3µaµ
′
s +

µ′2s k2
0〈∆r2(τ)〉 is slightly different: the second term inK2(τ) originates from the mean-square-

displacement of the scatters.

Note that biological tissues containstatic (or very slow moving) scatterers (e.g. organelles,

mitochondria, etc.) andmovingscatterers (e.g., red blood cells, RBCs). The scattering events from

the static scatterers do not contribute to the phase shift and correlation decay in Equations 2.29 and

2.30. Therefore, if we useα (a unitless factor) to represent the percentage of light scattering events

from moving scatterers6, the decay of the correlation function can be best describedby replacing

Y ands in Equations 2.29 and 2.30 withαY andαs respectively. As a result, theα factor appears

6For a flow phantom where all the scatterers are moving (e.g. Intralipid phantom),α = 1. In biological tissue,
RBCs are the main fast moving scatterers. Theα value is considered to be proportional to the concentrationof blood.
However, the determination of theα value is difficult. We estimate theα to be on the order of 0.01 based on the volume
fraction of blood in tissue (∼ 5%), although the experiment to acurately determine theα value is desirable.
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Figure 2.6: Brownian motion model fits the autocorrelation curves over a broad range of tissue
types, ranging from rat tumor, piglet brain, adult human muscle to adult human brain. The slow
decay at the tail of the autocorrelation curves is discussedin Section 2.2.6.

as a pre-fix to theeffective“absorption” term in Equation 2.38 (e.g.13vµ′sk
2
0α〈∆r2(τ)〉), as well

as in the definition ofK2(τ) (e.g. K2(τ) = 3µaµ
′
s + µ′2s k2

0α〈∆r2(τ)〉). Therefore, the decay

of the correlation function depends on tissueµa, µ′s, the mean-square-displacement of the moving

scatterers,〈∆r2(τ)〉, and the unitless factorα.

In tissues, for the case of random ballistic flow,〈∆r2(τ)〉 = V 2τ2, whereV 2 is the second

moment of the cell velocity distribution; For the case of diffusive motion,〈∆r2(τ)〉 = 6Dbτ ,

whereDb is the effectiveBrownian diffusion coefficient of the tissue scatterers, and is distinct

from the well known thermal Brownian diffusion coefficient due originally to Einstein [125]. RBCs
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pass through capillaries in single file, while behave like shear flow in larger vessels. Intuitively, the

random ballistic flow model would be considered to fit the DCS data. However, we have observed

that the diffusion model, i.e.〈∆r2(τ)〉 = 6Dbτ , fits the auto-correlation curves rather well over a

broad range of tissue types (Figure 2.6), ranging from rat brain [76,436] and tumor [420], to piglet

brain [434], to adult human skeleton muscle [419], tumors [354,431] and brain [116,117]. TheDb

value obtained from the experiments is a few orders of magnitude higher compared to the thermal

Brownian diffusion coefficient of RBCs in the blood. The reason behind the Brownian-motion like

correlation curves is still not clear. In Section 2.2.6, I will describe some preliminary results from

Monte Carlo simulations that capture some of the observed features. A Brownian-motion like

correlation curve was obtained from a Monte Carlo simulation using computer generated tissue

vascular structures. The result is promising and further investigations are in progress. We have

also conducted tissue-like blood flow phantom studies usingmicro-dialysis tubes (Data not shown).

However, more investigations are needed before any conclusion can be drawn.

Although the units ofαDb [cm2/s] are different from the traditional blood perfusion unit

[ml/min/100 g], changes in this flow-index (αDb) have been found to correlate well with other

blood flow measurement modalities such as laser Doppler [76,88], color-weighted power Doppler

Ultrasound [420], arterial spin labeling MRI [422] and a wide range ofin-vivomeasurements [119,

264, 419]. Therefore, I reportαDb as the blood flow index (BFI = αDb) andrBF = BFI
BFI0

to

indicate the relative blood flow changes for DCS throughout the thesis. The utility of rBF has been

demonstrated in several physiological contexts [76,88,116,117,240,354,419,420,431,434,436].
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2.2.2 Diffuse Correlation Tomography (DCT)

Similar to diffuse optical tomography (Section 2.1.2), diffuse correlation tomography (DCT) uses

DCS measurements from many source-detector pairs to construct a blood perfusion image. The

difference here is that the perturbation of the auto-correlation function is also a function of the delay

time τ , i.e. g1(rs, rd, τ) = g1,0(rs, rd, τ)exp(φs(rs, rd, τ)) [48, 176], whereg1,0(rs, rd, τ) is the

contribution of the homogeneous background, andφs(rs, rd, τ) accounts for perturbations due to

the heterogeneity of dynamic and static optical properties. Following Kak and Slaney [207], and

assuming changes in absorption,∆µa = 0 cm−1, and scattering,∆µ′s = 0 cm−1, are negligible,

the measured perturbations ing1(r, τ) can be described as,

φs(rsi, rdi, τ) = ln
g1(rsi, rdi, τ)

g1,0(rsi, rdi, τ)
=

N∑

j=1

Wij(rsi, rdi, rj, τ)∆(αDb(rj)). (2.41)

Similar to Equation 2.6,N is the number of sample voxels,i is from1 to M (M is the number

of measurements),Wij links the flow perturbation in thejth voxel (∆(αDb(rj))) to theith source-

detector measurement pair (φs(rsi, rdi, τ)). Wij can be calculated analytically from the correlation

propagation model [43,48], i.e.

Wij(rsi, rdi, rj, τ) = −2vµ′sk
2
0τG1(rsi, rj, τ)H(rj, rdi, τ)

DG1(rsi, rdi, τ)
, (2.42)

here,H(rj, rdi, τ) is the Green’s function for the homogeneous correlation diffusion equa-

tion. By solving this inverse problem, the spatial distribution of the heterogeneous flow properties,

∆(αDb(r)), can be obtained. Note from Equation 2.41 and 2.42, we see thesame flow perturba-

tion can have different impact on the DCS measurements at different delay timesτ . Therefore,
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optimization of the data set selection for the DCT image reconstruction is important. I will discuss

this topic in detail in Section 2.2.5.

2.2.3 A Noise Model for Correlation Diffusion

In order to derive optimization schemes to guide applications of DCT, a proper estimate of experi-

mental noise must be made. However, in contrast to the problem of diffusive waves [45, 46, 283],

which measures light intensity and phase shift variations caused by propagation of photon fluence

rate through tissues, the noise model for correlation experiments is non-trivial. A noise model

suitable for photon correlation measurements was previously developed for the single scattering

limit [219,321]. Here, I have adapted the noise model developed by Koppel [219] for fluorescence

correlation spectroscopy (FCS) in the single scattering limit and tested its feasibility in diffuse cor-

relation experiments, wherein photons experience multiple scattering. I will demonstrate that the

signal-to-noise ratio (SNR) in the DCS measurements is mainly dependent on the detected light

intensity, the averaging measurement time and the settingsof the correlator. Using a few-mode

fiber for DCS detection increases the amount of light detected, however, it does not increase the

SNR of the measurements. The DCS noise can be estimated analytically and used for improving

DCS data fit or DCT image reconstructions (Section 2.2.5.3).
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2.2.3.1 Analytical Model for DCS Noise

In a typical DCS experiment, the normalized field auto-correlation function decays approximately

exponentially7, i.e. g1(τ) = exp(−Γτ). The experiment and experimental configuration is char-

acterized by the decay rateΓ, the total averaging timet, the parameterβ as described in Section

2.2.1 and the correlator parameters that will be illustrated in detail in Section 3.1.2 (Figure 3.2),

including the correlator bin widthT , the bin indexm corresponding to the delay timeτ , and the

average number of photons〈n〉within the bin widthT (i.e. 〈n〉 = IT , whereI is the detected pho-

ton count rate). Following the steps in reference [219] (seeAppendix 2.5), the standard deviation

(σ(τ), noise) of the measured correlation function (g2(τ) − 1) at each delay time (τ ) is estimated

to be

σ(τ) =

√
T

t
[β2 (1 + e−2ΓT )(1 + e−2Γτ ) + 2m(1 − e−2ΓT )e−2Γτ

(1− e−2ΓT )

+ 2〈n〉−1β(1 + e−2Γτ ) + 〈n〉−2(1 + βe−Γτ )]1/2. (2.43)

As can be seen from Equation 2.43, the noise is inversely proportional to the square root of

the averaging timet, therefore, longer averaging would reduce the noise of the correlation curve

and increase the signal-to-noise ratio of the DCS measurements. WhenΓT ≪ 1, which is the

condition usually satisfied in our experiments8, Equation 2.43 can be simplified as

7The solution to the correlation diffusion equation, i.e. Equation 2.40, is a more accurate description forg1(τ ).
When the delay timeτ is small (τ ≪ 3µa

µ′

s
k2

0
αDb

), g1(τ ) simplifies to an exponential decay function. On the other

hand, we have compared the noise calculated from Equation 2.43 assuming exponential decay and the noise calculated
numerically using the exact semi-infinite solution as input. No significant difference was observed. (Data not shown.)

8Γ is usually on the order of104 to 105 sec, and on our correlator board (Figure 3.2), the bin width is T = 160 ns
for the first 32 channels and doubles every 16 channels thereafter.
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σ(τ) ≈
√

T

t
[β2 1 + e−2Γτ

ΓT
+

2β

IT
(1 + e−2Γτ ) +

1

(IT )2
(1 + βe−Γτ )]1/2. (2.44)

In most DCS applications, the detected light intensity is relatively low (I is usually tens to

hundreds kilo-counts per second, Figure 2.8), due to the small detection fiber size (single mode

fiber,∼ 6 µm in diameter). As a result, the third term in Equation 2.44 dominates the contributions

to the DCS noise. Therefore,

σ(τ) ≈ 1

I
·
√

1

Tt
·
√

1 + βe−Γτ . (2.45)

Within this limit (I2T 2 ≪ ΓT ), we can see that the DCS noise is inversely proportional to the

light intensity (I). The noise also decreases as the bin widthT increases in a square-root fashion.

Therefore, the multi-tau scheme (doubling the bin width forevery 16 channels) would lead to a

“step-like” decrease in the measured DCS noise when the light intensity is low. As the intensity

increases, the “steps” would gradually disappear as the first two terms in Equation 2.44 contribute

more to the DCS noise. The noise would also decrease as the delay time increases (
√

1 + βe−Γτ ).

However, since the DCS signal (g2(τ) − 1 = βe−2Γτ ) decreases even faster, the SNR will end up

decreasing asτ increases, i.e.

SNR =
g2(τ)− 1

σ(τ)
≈ I · β ·

√
Tt · e−2Γτ

√
1 + βe−Γτ

. (2.46)

Another interesting yet very important prediction is that the employment of a single or a few-

mode fiber would have minimal influence on the SNR of the DCS measurements, sinceβ is in-

versely proportional to the number of speckles in the detection area and therefore inversely pro-

portional to the light intensityI. As a result, the influence ofβ on SNR would mostly be canceled
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Figure 2.7: Experimental setup for the test of the noise model accuracy. One source-detector pair,
with a 1 cm separation, is placed into an Intralipid phantom.A long coherence length laser (∼ 50
m) is provides light to the phantom. In order to test the noise-model under different signal-to-noise
ratio conditions, the input power is adjusted manually using an optical attenuator connected to
the input fiber. The light is detected by a photon counting APDthe output of which is fed into
a correlator board to calculate the normalized intensity auto-correlation functiong2(τ). g2(τ) is
then collected and saved in a desktop computer. A hundredg2(τ) curves are measured under the
same conditions. The measurement noise, plotted in Figure 2.8(a), is calculated as the standard
deviation of the fluctuation at each delay timeτ .

out by the intensity and only appear in the term
√

1 + βe−Γτ , which is dominated by the unity. In

the next section, I will test these predictions with experiments.

2.2.4 Experimental Results and Discussion

We designed a simple experiment to test the accuracy of this noise model (Figure 2.7). A single

source-detector pair, separated by 1 cm, was placed into an Intralipid phantom. A long coherence

length (∼ 50 m) laser provided light to the phantom. The input power was adjusted manually

using an optical attenuator in order to test the noise-modelwith different photon count intensity.

The light was detected by a photon counting avalanche photo-diode (APD) whose output was fed

into a correlator board to calculate the normalized intensity auto-correlation functiong2(τ). The

instrument is described in further detail in Section 3.1.2.
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Figure 2.8: (a) Comparison of measured noise (dots) and calculated noises using the model (solid
lines). All input parameters for the noise model are obtained from experiments. Measurement
noise decreases as the delay timeτ increases. The “steps” are due to the multi-tau arrangementof
our correlator. (b) Signal-to-Noise Ratio (SNR) comparison of the measured correlation curves and
the model predictions. Although the measurement noise decreases as the delay timeτ increases,
the SNR of the DCS measurements also decreases because the “signal” drops even faster asτ
increases. (kcps = kilo-counts per second)
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One hundred DCS curves were collected for each input power, and the standard deviation of the

fluctuations in(g2(τ) − 1) at eachτ was calculated and plotted (dots in Figure 2.8(a)). The solid

lines in Figure 2.8(a) are the calculated noise using Equation 2.43 with all the input parameters

obtained from experiments:β was obtained from the intercept of the correlation curve;Γ was

obtained by fitting the experimental data with the exponentially decaying function; the averaging

time t = 1 s was kept constant for all measurements; photon count rateswere recorded by the

correlator board; the bin widthT and the bin indexm were fixed on the correlator board (Figure

3.2). As shown in Figure 2.8(a), the measured noise decreases as the delay timeτ increases.

The “steps” in the figure are observed as expected and are due to the multi-tau arrangement of

the correlator (Figure 3.2, [322]). Figure 2.8(a) shows that noise drops when the detected light

intensity increases, as expected from Equation 2.45. On thetimescales of interest (τ ∈ {10−6 s,

10−3 s}), the noise model provides a good estimate of the measurement noise in DCS, although it

slightly overestimates the noise at largeτ when the photon count rate is high. The failure of the

noise model at large delay time has also been observed in FCS studies [266,401].

Figure 2.8(b) shows the SNR of the measured correlation curves at different light intensities.

As predicted above, in Figure 2.8(a) we see that the DCS measurement noise decreases as the

delay timeτ increases. However, the “signal” drops even faster asτ increases. As a result, the

signal-to-noise ratio of the DCS measurement still decreases as the delay time increases. The

signal-to-noise ratio can be improved by increasing the light intensity collected by the detector,

as well as increasing the averaging timet (data not shown), but the SNR curves will have same

general form.

The noise model enabled us to calculate the theoretical SNR of the DCS measurement, which
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in turn provides practical guidelines for experimental design. In contrast to diffuse optical near-

infrared spectroscopy (NIRS, DOS or DRS) wherein fiber bundles can be used to increase detection

area, diffuse correlation spectroscopy typically employssingle mode fibers with diameters∼ 6µm

to detect intensity fluctuations within a single speckle area. This limits the amount of light that

can be collected at large separations (e.g.> 3cm) by the flow detectors, although it is possible

to employ multiple detectors at nearly the same position to improve signal-to-noise ratio. As a

result, the SNR of the DCS measurement is greatly reduced when the light intensity is low, as

demonstrated in Figure 2.8(b). Recently, the use of few-mode fibers for DCS detection have been

reported [240]; in this case more light can be collected froma few speckles. However, as discussed

above, the value ofβ (Section 2.2.1, Equation 2.21) is inversely proportional to the number of

speckles within the detection area, and so would decrease bythe same amount, and the product

I · β in Equation 2.46 is about the same as if a single-mode fiber wasused. Therefore the noise

model suggests that the SNR of the measurement would not improve when multi-mode/few-mode

fibers are used. This observation was confirmed experimentally (data not shown). Ultimately, in

order to increase the signal-to-noise ratio, it is necessary to adjust the averaging time, the input

light power, and/or the number of fibers/detectors working in parallel.

The development of the noise model also proved to be useful infitting the DCS data. The best

fitting curves are derived when an error can be assigned to each data point from the collected DCS

curve. By weighting all the data points with the appropriateestimated measurement noise in the

definition ofχ2 [163], e.g.χ2 = ‖g2m(τ)−g2c(τ)
σ(τ) ‖, each data point from the curve is better used in

the fitting. From a phantom study, we also observed a smaller standard deviation in fittedαDb when

the estimated noise was used in the fitting (data not shown), especially when the measured DCS

curves were noisy. This will be important when using more complex models to fit spectroscopy
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data, for example, in brain measurements where multiple layers should be considered [50,119,240].

With the DCS noise model in hand, we can estimate the noise in the perturbationφs(rsi, rdi, τ)

for the DCT image optimization. The noise ofφs can be derived from the relations in Equations

2.21, 2.41 and 2.43 as:

σφs(rsi, rdi, τ) =
1

2

σ(rsi, rdi, τ)

(g2(rsi, rdi, τ)− 1)
=

1

2

1

SNR
. (2.47)

This results in a perturbation noise that is higher at large delay timeτ . I will use Equation 2.47

in the following section to derive the upper limit of the normalized image noise.

2.2.5 Optimization of Image Reconstruction for DCT

In this section I describe in detail the optimization of dataselection for the DCT image recon-

struction and demonstrate the procedure to optimize the regularization parameter for image artifact

reductions. I will show that the data point where the DCS curve decreases to1/e of its initial value

can be used to achieve optimized 3D blood flow tomography withDCT. The image quality can be

further improved by employing a spatial variant regularization, for which the optimal regulariza-

tion parameter can be obtained with an L-curve analysis. Theconclusions from this Section were

employed in Chapter 4 for thein-vivo 3D blood flow tomography on the rat brain during cortical

spreading depression (CSD).

2.2.5.1 Choosing the Optimal Data Set

Generally, the entire correlation curve was collected for each DCS measurement, which has∼ 200

data points, each corresponding to a different delay time,τ . DCT uses DCS measurements at

different source-detector pairs; usually one data point from each correlation curve is picked for
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the image reconstruction. Here, I introduce a parametern, which defines the point where the field

auto-correlation function decreases toexp(−n) of its initial value, i.e. g1(τ) = exp(−n)g1(0)

(shown in Figure 2.9). From Equation (2.40), it is easy to show that τ andn have the following

relationship,

τ =
1

µ′2s k2
0αDb

(
n2

|rs − rd|2
− 2n

√
3µaµ′s

|rs − rd|
). (2.48)

For eachn, the delay timeτ is calculated using the above formula for each source-detector

pair, and is used to calculate the elements in the weight matrix W (Equation 2.42). The condition

number ofW (i.e. Nc = ϕmax/ϕmin, whereϕmax is the largest singular value ofW andϕmin is

the smallest) is often used to characterize the weight matrix. The larger the condition number, the

bigger the error amplification after the system is inverted.It can be shown that [142],

‖σ∆(αDb)‖
‖∆(αDb)‖

≤ ‖σφs‖
‖φs‖

·Nc, (2.49)

where‖ ‖ denotes the two-norm of a vector, i.e.‖φs‖ =
√∑

i φ
2
si. The upper limit of the

normalized image noise (‖σ∆(αDb)‖/‖∆(αDb)‖) can be estimated by computing the product of

the normalized measurement noise (‖σφs‖/‖φs‖) and the condition number of the weight matrix

(Nc). Therefore, by calculating the upper limit of the normalized image noise for differentn, the

minimal point can be determined and the set of these minimal points defines the optimal data set

for image reconstruction.
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Figure 2.9: Example of the field auto-correlation functiong1(τ). Points corresponding to different
values of n are notated. n is defined as the point whereg1(τ) decreases toexp(−n) of its initial
value (i.e. we writeg1(τ) = exp(−n)g1(0)).

2.2.5.2 Choosing Optimal Regularization Parameter

The optimization of the regularization parameterλc is achieved by conducting a standard L-Curve

analysis [170]. After a data set is chosen, a perfusion image∆(αDb(r)) can be reconstructed

with regularization parameterλc. The solution normη(λc) = ‖∆(αDb(r))‖, which provides a

measure of the fluctuation in the reconstructed images, and the normalized residual norm,ξ(λc) =

‖W ·∆(αDb(r))−φs‖/‖φs‖, which shows the quality of the data fit, are then calculated.Generally,

we want to minimize both of these values to reduce image fluctuations and obtain a good fit. If we

calculateη(λc) andξ(λc) for differentλc and plot them on the x- and y-axis, an “L” shape curve

will be obtained as shown in Figure 2.11. The optimizedλc is obtained at the elbow of the L-

curve as the best compromise between improved data fitting and reduced image noise (minimizing

the norm of the reconstructions). In our study, the curvature at each point of the L-Curve was

calculated, the maximum curvature point was found and was considered as optimal.

47



Z

X

Y
z=0.2cm

z=0.6cm

z=0.4cm

r=0.2cm, (0.4cm, 0.2cm, 0.4cm)

Sources and Detectors

(a)

−0.6  −0.3 0   0.3 0.6 
−0.6 

−0.3

0   

0.3 

0.6 

x (cm)

y 
(c

m
)

25 sources, 16 detectors

Sources
Detectors

(b)

Figure 2.10: Simulation geometry: (a) A spherical object with a radius of 0.2 cm is placed in a
homogeneous background at three distances from the source/detector plane (0.4 cm, 0.2 cm, 0.4
cm). The dynamic property of the object is10% lower than the background (αDb = 0.9 × 10−8

cm2/s,αDb0 = 1 × 10−8 cm2/s). The static optical properties of the sphere and background are
the same (µa = 0.1 cm−1, µ′s = 8 cm−1). (b) 25 sources and 16 detectors are placed at the z = 0
cm plane and cover a region ranging from -0.6 cm to 0.6 cm in both the x and y dimensions. An
analytical solution is used for the simulation. Measurement noise is calculated and added to the
simulated data with a normal distribution.
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2.2.5.3 Computer Simulation

In this section, I use simulated data to compare the image quality using different data sets and

different reconstruction schemes. The simulation geometry is on the same scale as our small animal

models. Thus our conclusions can be directly used to improveimage quality for ourin-vivo small

animal studies (Section 4).

As shown in Figure 2.10, a spherical object with radius of 0.2cm, whose center is located at

(0.4 cm, 0.2 cm, 0.4 cm), sits in a homogeneous background. The dynamic property of the object

is 10% lower than the background (i.e.αDb = 0.9×10−8cm2/s,αDb0 = 1×10−8 cm2/s), while

the static optical properties of the sphere and background are the same (µa = 0.1 cm−1, µ′s = 8

cm−1). Twenty-five sources and 16 detectors are placed in the z = 0 cm plane and cover a region

ranging from -0.6 cm to 0.6 cm in both x and y dimensions. The analytical solution for a spherical

perturbation [46,48] is used to simulate noise-free measurement data for each source-detector pair.

DCS measurement noise is then calculated based on Equation 2.43 and added to the noise free data

with a normal distribution.

The noise inφs is estimated using Equation 2.47 and‖σφs‖
‖φs‖ ·Nc at differentn, and is plotted in

Figure 2.11(a). The optimal data set is found atn = 1, which results from a balance between the

image reconstruction model and the measurement noise. In Figure 2.11(b), L-Curves at differentn

are plotted to help to choose the optimal regularization parameterλc. The curvature at each point

along the curve is calculated and the maximum curvature point is considered as the turning point

of the L-curve, which is the optimum ofλc. Note also that the L-Curve of then = 1 data set was

the closest to the origin, which also indicates the advantage of using a data set fromn = 1 for

image reconstruction.

In Figure 2.12, I compare the reconstructed images using data fromn = 1 with our simulations.
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Figure 2.11: Optimization of the DCS data set and regularization parameter: (a) The normalized

image noise‖σφs‖
‖φs‖ · Nc plotted as a function ofn. The optimal data set is obtained atn = 1,

where the upper limit of the normalized image noise is a minimum. (b) L-Curves with noisy data
at differentn are plotted to identify the optimal regularization parameterλ. Then = 1 curve is the
closest to the origin, which also indicates the advantage ofusing a data set withn = 1 for image
reconstruction.
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The reconstructed 3D images cover the region (x: -0.8 cm - 0.8cm, y: -0.8 cm - 0.8 cm, z: 0 cm -

0.8 cm) with 1 mm3 voxels. For simplicity, images located every 2 mm along the zdirection are

shown in the figure (from left to right). The depth for each layer is marked as the title for each

column. Figure 2.12(a) illustrates the simulation (Sim) geometry and points to the object location

from the images. Figure 2.12(b) shows reconstructed imagesusing data directly from the noisy

raw data (Direct Raw-data Reconstruction, DRR). The reconstructed object can be seen centered

at a displaced layer (z = 0.6 cm), although many image artifacts are clearly seen in the top layers.

I then smooth the simulation data by fitting it with the semi-infinite solution for the diffusion

equation through the minimization ofχ2 = ‖g2m(τ) − g2c(τ)‖, whereg2m(τ) andg2c(τ) are the

measured and calculated intensity autocorrelation curvesrespectively, and I use the data from the

fitted curve to reconstruct the images (Figure 2.12(c)) (Smoothed Fitting Reconstruction, SFR).

Image artifacts from the top layers are greatly reduced by this smoothing procedure. Moreover, the

reconstructed image quality can be further improved if we use the noise information and fit the data

by minimizing χ2 = ‖g2m(τ)−g2c(τ)
σ(τ) ‖ (Noise Fitting Reconstruction, NFR). After weighting the

data points at different delay timesτ by the correct noise, the latter fitting procedure preservesmore

information in the raw data, as well as effectively reduces the artifacts in the images reconstructed

with data from the fitted correlation curves (Figure 2.12(d)).

The reconstructed images were compared more quantitatively in Figure 2.13. As has been

discussed in the literature [86], the point spread function(PSF) of the diffuse optical imaging tech-

nique is large, and the reconstructed values are usually underestimated. However, if we calculate

the volume weighted rCBF for the reconstructed object, as shown in Figure 2.13(a), the Noise

Fitting Reconstruction (NFR) gives an object very close to the simulation. I also calculate the dis-

tance from the center of the simulation to the center of our reconstructed object (Figure 2.13(b)).
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Figure 2.12: Reconstructed 3D rCBF images using data with n =1. Reconstructed 3D images
cover the region (x: -0.8 cm - 0.8 cm, y: -0.8 cm - 0.8 cm, z: 0 cm -0.8 cm) with 1 mm3

voxels. Images at every 2 mm along the z direction are shown (from left to right). The depth for
each layer is marked for each column. (a) Simulation (Sim) geometry. (b) Reconstructed images
using data directly from the noisy raw data (Direct Raw-dataReconstruction, DRR). The object is
found at a displaced layer (z=0.6 cm). (c) Images using data from the fitted curve (by minimizing
‖g2m(τ) − g2c(τ)‖) to reconstruct the images (Smoothed Fitting Reconstruction, SFR). Image
artifacts are greatly reduced. (d) Using noise informationin the fitting process (by minimizing
‖g2m(τ)−g2c(τ)

σ(τ) ‖) can further improve the image quality (Noise Fitting Reconstruction, NFR).

The center of the object reconstructed from NFR is displacedonly about 1 mm from our simula-

tion geometry and provides the best location accuracy amongall three reconstruction schemes. In

Figure2.13(c), I compare the contrast-to-noise ratio (CNR) of the reconstructed images by calcu-

lating the following [344],

CNR =
rCBFROI − rCBFbg

(ωROIσ2
ROI + ωbgσ

2
bg)

1/2
. (2.50)

Here, the region of interest (ROI) is defined as the continuous region where the rCBF change is
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Figure 2.13: Quantitative comparison of different image reconstruction schemes: (a) Volume
weighted rCBF for the reconstructed object normalized to the simulation (Sim). Noise Fitting
Reconstruction (NFR) gives the most accurate value compared to the simulation. (b) Distance
from the center of the simulation to the center of the reconstructed object. NFR provides the best
location accuracy (∼ 1 mm). (c) Contrast to noise ratio (CNR) of the reconstructedimages. NFR
gives the highest CNR over the three reconstruction schemes.
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more than1
2 of the maximum change within the reconstructed object.rCBFROI andrCBFbg

are the mean values,σROI and σbg are the fluctuations,ωROI = VROI/(VROI + Vbg) and

ωbg = Vbg/(VROI + Vbg) are the volume weights of the ROI and the background separately.

Images with high contrast-to-noise ratio are better for identifying the region of interest. For the

example shown, NFR, once again, gives the highest CNR of the three reconstruction schemes.

Images obtained using noise information in the fitting/smoothing process provide the best result.

The optimization and reconstruction procedures have been tested for different simulation scales,

different optode configurations and different perturbations location and values. The optimization

results were found to be consistent with the findings reported here. I have also tried using multiple

data points simultaneously from the correlation curve measured at each source-detector pair for the

image reconstruction, but it has not as yet lead to any significant improvement in the image quality.

The measurement noise of DCS depends on only a few parameterswhich can be obtained

experimentally, and therefore can be estimated based on themodel discussed in Section 2.2.3.

Furthermore, the upper limit of the reconstructed image noise in DCT can be estimated using the

DCS noise information at each source-detector pair. This, in turn, can be minimized by correct

selection of the data set for the image reconstruction. I have parameterized the auto-correlation

curve (parameter n, see Section 2.2.5, we note heren does not have to be integer) andn = 1,

corresponding tog1(τ) = 1/e, was found to be the optimal data point for the image reconstruction.

Previously, I reported that the condition number of the weight matrix decreased as we increase the

parametern [433]. By contrast, the noise model teaches that a data set derived from smalln (e.g.

n = 0.25), where the noise inφs is low, does not improve image quality because the condition

number of the weight matrix is large, i.e. the measurement noise is amplified to intolerable levels

when the weight matrix is inverted; however, using a data setderived from largen, where the
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condition number is small, does not help either, because thenoise in the Rytov scattered data (φs)

is increased in this regime. The interplay of these two effects is balanced by using a data set

from n = 1, i.e. both the condition number and the measurement noise inφs are optimized. The

development of this model was a key theoretical aspect of thepresent work.

2.2.6 Monte Carlo Simulation for Correlation Diffusion

Analytical solutions for the correlation diffusion equation (Equation 2.38) exist only in simple and

homogeneous geometries. Biological tissues, however, arenever homogeneous nor have simple

geometries and boundary conditions. For example, human brain has a curved surface and complex

anatomical structures, e.g. the scalp, skull, cerebral spinal fluid (CSF), white matter and gray mat-

ter, etc. Optical properties (µa, µ′s) and dynamic properties (Db or V 2) for each compartment are

also different. It is impossible to derive an analytical formula for such a complex system. Monte

Carlo simulations for photon migration inside heterogeneous media with an arbitrary geometry

is another way out and has been developed and is widely accepted [243, 246, 340, 391]. Monte

Carlo simulations for photon correlation transport, however, has so far been limited to relatively

simple dynamic geometries [50], which is mainly due to the complexity of constructing the cor-

relation measurements from simulated photon path information (Equations 2.29 and 2.30). In this

Section, I propose a new algorithm for calculating the DCS signal from Monte Carlo simulations,

which utilize the histogram of the combined photon pathlength and tissue dynamics information.

The accuracy of this approach was tested with analytical solutions under various simple spatially

varying dynamic geometries. Preliminary results from exploratory tissue-like simulations are also

presented. Further investigations on this topic may lead toadvancing our understanding to the

origin of the Brownian-motion like DCS signals (Figure 2.6).
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As discussed in Section 2.2.1 above, total photon pathlength (s) or total number of random

walk step (Y ) information is needed to construct the field temporal autocorrelation curves (g1(τ)).

A Monte Carlo program simulating photon transport in an arbitrary geometry with spatial varying

optical properties was developed in Dr. David Boas’s group at Massachusetts General Hospi-

tal (MGH) [49] and is freely available for download from their website9. I have modified the

code, which saves the photon pathlength information insideeach tissue compartment, and incor-

porated a function for recording photon random walk histories inside each tissue compartment.

Briefly, in a configuration file, the biological tissue is simulated as voxels with various tissue types

(i = 1, 2, ...). Optical properties (µa, µs, index of refractionn and the anisotropic factorg) can

be assigned to each tissue type according to the simulation geometry and published tissue optical

properties [379]. During the simulation, photons are launched at a pre-defined source position and

are continuously monitored while they propagate inside thetissue. For each propagation step, a

scattering length (l) is calculated based on the exponential distributions derived from the scattering

coefficients (µs). The photon weight is decreased bye−µal to account for tissue absorption [391].

The photon propagates the scattering length, and then changes its direction by a scattering angle

calculated based on the Henyey-Greenstein phase function [178]. Then a new step begins. Simu-

lation of the photon propagation continues until the photonescapes the tissue, or the propagation

time exceeds a pre-defined maximum time limit. Photons that reach the the pre-defined detector

positions are scored for their total pathlength (si =
∑

j sij), and total photon random walk steps

(Yi =
∑

j (1− cosθij)) in each tissue type (Table 2.1), wherej indicates thejth scattering event

the photon experienced in theith tissue type. One to 10 million photons are usually simulatedto

achieve a sufficient signal-to-noise ratio.

9http://www.nmr.mgh.harvard.edu/DOT/resources/tmcimg/
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Detector Photon s(1) s(2) . . . Y (1) Y (2) . . .
1 1 32.5 210.3 . . . 34 308.7 . . .
1 2 27.1 185.7 . . . 29.3 187.1 . . .
...

...
...

...
...

...
...

...

Table 2.1: Data format of the history file.

When we construct the field autocorrelation functiong1(τ), Equations 2.29 and 2.30 generate

accurate results for a system with spatially uniform dynamics. However, a limitation appears

when it comes to a system with spatially varying dynamics. For example,〈∆r2(τ)〉 is assumed

to be invariant for all the photon paths in Equations 2.29 and2.30. Only one value is used to

represent the dynamics of the system. In this case, the spatial variant tissue dynamics can only be

represented as a weighted summation from different tissue types, e.g.〈∆r2(τ)〉 = 6(
∑

i wiDbi)τ

for Brownian motion medium and〈∆r2(τ)〉 = (
∑

i wiV
2
i )τ2 for random flow medium, where

the dynamic contribution from theith tissue compartment is represented by the contribution of

the photon pathlength or total random walk steps (wi = si
P

i si
or Yi

P

i Yi
). However, as is shown

below, this approach does not reflect the correct physical picture in heterogeneous medium and

the calculated autocorrelation curves do not match the analytical solutions even in relative simple

geometry (e.g. two-layer, Figure 2.16). In fact, in a systemwith spatially varying dynamics, if

we assume the dynamic property (〈∆r2(τ)〉) is homogeneous within each tissue type, the total

g1(τ)one path can be expressed as,

g1(τ)one path =
∏

i

e−
1
3
k2
0Yi〈∆r2(τ)〉i = e−

1
3
k2
0

P

i Yi〈∆r2(τ)〉i , (2.51)

where the product and summation are over all tissue types. Ifwe defineX =
∑

i Yi〈∆r2(τ)〉i

as thedynamically weighted random walk steps, the contributions from all the photon paths can be
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used to calculate the total field autocorrelation functionswith the distribution ofP (X), i.e.

g1X(τ) =

∫ ∞

0
P (X)e−

1
3
k2
0XdX. (2.52)

If the photon pathlength information is obtained for each tissue compartment, Equation 2.52

can also be expressed as

g1X′(τ) =

∫ ∞

0
P (X ′)e−

1
3l∗

k2
0X′

dX ′, (2.53)

whereX ′ =
∑

i si〈∆r2(τ)〉i, which I will refer to as thedynamically weighted pathlength,

andP (X ′) is the distribution ofX ′ from all the photon paths. Therefore, the spatially variant

dynamics is taken into consideration in both the histogram and the exponential correlation decay

contributions in Equations 2.52 and 2.53. In the following section, I test the accuracy of these

approaches with simulation results.

2.2.6.1 Simulation Results and Discussion

To validate Equations 2.52 and 2.53, I compared the autocorrelation curves constructed from

the Monte Carlo simulation to analytical solutions under various simple geometries, such as the

solution for semi-infinite geometry with homogeneous media(Equation 2.40, [48]), a spheri-

cal dynamic perturbation embedded in homogeneous media [48, 50] and a two-layer dynamic

model [119]. Figure 2.14 shows the simulation results from ahomogeneous medium with semi-

infinite geometry. The optical properties for the homogeneous medium areµa = 0.05cm−1

andµ′s = 10cm−1 respectively. Dynamic property of the medium wasDb = 1 × 10−8cm2/s.

As can be seen from the figure, analytical solution to the semi-infinite model (Equation 2.40)
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Figure 2.14: Monte Carlo simulation for semi-infinite geometry. Circles are correlation curves
obtained from the Monte Carlo simulation for source-detector separations of 0.5 cm, 1.25 cm and
2 cm (theP (X) distribution is used). Solid or dashed lines are curves fitted using the analytical
solution to a semi-infinite model.

fits the Monte Carlo simulated autocorrelation curves constructed using Equation 2.52 (circles)

very well for source-detector separations ranging from 0.5cm to 2 cm. The fittedDb values

(∼ 0.98 × 10−8cm2/s) are very close to the simulated value, suggesting the validity of using the

P (X) distribution in semi-infinite homogeneous media.

In a second simulation, a 4 mm diameter sphere (µa = 0.05cm−1, µ′s = 10cm−1, andDb0 =

1 × 10−8cm2/s) was embedded at (0 mm, 5 mm, 7 mm) in a homogeneous medium (µa =

0.05cm−1, µ′s = 10cm−1, andDb = 5 × 10−9cm2/s). The source was placed at the origin (0

mm, 0 mm, 0 mm) on the surface, while the detectors were placedat (0 mm, 5 mm, 0 mm), (0 mm,

12.5 mm, 0 mm) and (0 mm, 20 mm, 0 mm). The resulting source-detector separations are 0.5

cm, 1.25 cm and 2 cm respectively. Figure 2.15 displays the comparison of the simulated curves

(circles) to the calculated curves from the analytical solution for spherical perturbations (solid or
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Figure 2.15: Monte Carlo simulation for spherical dynamic perturbations. Circles are correlations
curves obtained from the Monte Carlo simulation for source-detector separation of 0.5 cm, 1.25
cm and 2 cm (theP (X) distribution is used). Solid or dashed lines are curves fitted using the
analytical solution for the spherical perturbations.

dashed lines, [48,50]). Good agreement is observed for various source-detector separations.

Figure 2.16 displays the results from a two-layer simulation. The top layer was 8 mm in

thickness (µa = 0.05cm−1 andµ′s = 10cm−1), while the bottom layer was considered infinite

(µa = 0.05cm−1 andµ′s = 10cm−1). The dynamic property of the bottom layer (1×10−7cm2/s)

is much higher than the top layer (1 × 10−10cm2/s), simulating a situation similar to the human

head (skull and scalp layers have much lower flow compared to the brain tissue). Source and

detectors were placed on the surface of the top layer and wereseparated by 0.5 cm, 1.25 cm and

2 cm respectively. As shown is the figure, the circles are the curves calculated using theP (X)

distribution (Equation 2.52), the diamonds are the curves calculated using theP (Y ) distribution

with weighted dynamic contributions from each layer (Equation 2.29), and the solid or dashed

lines are calculated from the analytical solution to the two-layer model [119]. Curves obtained
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Figure 2.16: Monte Carlo simulation for two-layer geometry. Circles are the simulated curves
using theP (X) distribution; Squares are the simulated curves using theP (Y ) distribution with
weighted contributions from each layer; and the solid linesare calculated from the analytical solu-
tion to the two-layer model.

using theP (X) distribution matched the analytical correlation curves, while the curves obtained

using theP (Y ) distribution only showed a single decay, which deviates significantly from the

analytical solution. To understand it better, theP (Y ) andP (X) distributions from different source-

detector separations are plotted in Figure 2.17. It is noticeable that theP (Y ) distributions have a

single peak (Figure 2.17(a)), while theP (X) distributions show double peaks (Figure 2.17(b)),

which contributed to the slower decay (1.25 cm) and the steps(2 cm) observed from the large

separations. Better statistics and smoother histograms can be obtained if more photons are used in

the simulation.

In another simulation,4% of the voxels were randomly selected and considered as bloodves-

sels (µa = 0.3cm−1 andµ′s = 10cm−1), and other voxels were assigned as background cells and
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Figure 2.17:P (Y ) (a) andP (X) (b) distributions from the two-layer simulation.P (Y ) distri-
bution has one peak, while theP (X) distribution shows two peaks, which may contribute to the
slower decay (1.25 cm) and the steps (2 cm) observed from the two-layer autocorrelation curves.
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Figure 2.18: Monte Carlo simulation for tissues.4% of voxels were randomly selected and con-
sidered as blood vessels, and other voxels were assigned as background structures to simulate
biological tissues. Circles are the simulated curves usingtheP (X) distribution and the solid lines
are fitted using the semi-infinite solution.

organelles (µa = 0.05cm−1 andµ′s = 10cm−1) to simulate biological tissues. Blood vessels had

a higher flow (5 × 10−8cm2/s) due to the movement of the RBCs, while the background tissue

had a lower dynamic property (1 × 10−10cm2/s) due to the cellular motions. Figure 2.18 shows

the results from this simulation (circles). The solid and dashed lines are the semi-infinite fits to

the simulated data using the Brownian motion model. Towardsthe end of the correlation curves,

simulated data decrease slower compared to the fits, which isoften observed in real animal/clinical

measurements (Figure 2.6). Once again, I plot theP (X) distribution of the detected photons in

Figure 2.19. Two peaks were observed from the simulation at each source-detector pair. The two

peaks corresponded to the contributions from the blood vessels and the background tissues respec-

tively. Both the movement of RBCs (highVRBC or DbRBC , low crosssection thus lowYRBC ) and

the background cellular motions (lowV0 or Db0, high crosssection thus highY0) played important
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Figure 2.19: P (X) distributions of the tissue simulation. Two peaks were observed for each
source-detector pair, which corresponds to the contributions from the blood and the background
tissues respectively.

roles in the construction ofX = YRBCDbRBC + Y0Db0. This resulted in the double peaks in the

P (X) distribution, which led to the reduction in the decay rate inthe simulated DCS autocorrela-

tion curves.

The above random-tissue simulation is very simplified and may not reflect real tissue condi-

tions. Recently, we have explored beyond this and the simplelayer models to simulate the photon

correlation propagation in tissues. In order to do that, we have collaborated with Dr. Dominik

Szczerba from Computer Vision Laboratory, Switzerland [357–361], who has developed a soft-

ware package that enables the generation of realistic vascular networks in three-dimension. Figure

2.20 shows an example 2D scenario. A simplified vascular pattern (Figure 2.20(a)) was generated

from the software package. RBC concentrations and velocities (1-10 mm/s) were assigned to each

volume element in the vascular pattern. A homogeneous background Brownian fluctuation was

assumed (Db = 5 × 10−9cm2/s). This was then fed into the Monte-Carlo code and the temporal

field autocorrelation functions were calculated from the simulatedP (X) distribution histograms.
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Figure 2.20: (a) Simulated vasculature was used with Monte Carlo simulation to model photon
propagation in real tissues. (b) A representative temporalfield autocorrelation function obtained
from the simulation.

Interestingly, a behavior more similar to a Brownian-motion decay rather than a random flow de-

cay is observed (Figure 2.20(b)). This is a very promising result. In the future, we will iteratively

refine this simulation package to mimic the measured correlation functions. In this way, the range

of conditions that can give rise to the Brownian-motion likeDCS signals may be discovered and

physiological insight about the signal origin may be generated.

In summary, I presented here preliminary Monte Carlo simulation results in medium with

spatial varying dynamic properties. TheP (X) distribution approach I proposed above accurately

generated DCS curves comparable to the analytical solutions to the diffuse correlation equation

under various circumstances. From the random-tissue simulation, we observed two peaks in the

P (X) distribution, which resulted in a slower decay in the DCS curves. The simulation from

the realistic vasculature structures also demonstrated promising results. A broadening of the peak

or multiple peaks inP (X) may be observed in real biological tissues, which may resultin the

Brownian-motion like DCS curves (Figure 2.6, [76, 119, 419,420]). The interactions between
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photons and the complex tissue structures may play important roles in forming the Brownian-

motion like DCS signals. However, the validity of these hypothesis needs further investigations.

2.3 APPENDIX I: Calculation of the Temporal Field Autocorre lation

Function for Single Scattering

In this section, I calculate the temporal field autocorrelation function for the case of single scatter-

ing based on Equation 2.13 and the Gaussian distribution of the scatterers’ displacement (Equation

2.14). To simplify the notation, I will usea2 = 〈∆r2(τ)〉
3 in the derivation. Therefore, Equation

2.13 can be written as

g1(τ) = eiωτ 〈eiq∆r(τ)〉 = eiωτ

∫ ∞

−∞
P (∆r(τ))eiq∆r(τ)d3∆r(τ), (2.54)

whereP (∆r(τ)) is the distribution of the scatterers’ displacement and theintegral is over

the entire three-dimensional space for the displacement (∆r(τ)). We can write outP (∆r(τ))

(Equation 2.14) and the above equation in spherical coordinates,

g1(τ) = eiωτ

∫ ∞

0
ρ2dρ

∫ 2π

0
dθ

∫ π

0
sinφdφ

[
1

(2πa2)3/2
e−

ρ2

2a2

]
eiqρcosφ, (2.55)

whereφ is the angle between the photon momentum transferq and the particle displacement

∆r(τ), θ is the azimuth angle andρ is the length of the displacement. We can further calculate the

integral in Equation 2.55, i.e.
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g1(τ) =
2π

(2πa2)3/2
eiωτ

∫ ∞

0
ρ2e−

ρ2

2a2 dρ

∫ π

0
eiqρcosφsinφdφ

=
2π

(2πa2)3/2
eiωτ

∫ ∞

0
ρ2e−

ρ2

2a2 dρ ·
[
−
∫ π

0
d(cosφ)eiqρcosφ

]

=
2π

(2πa2)3/2
eiωτ

∫ ∞

0
ρ2e−

ρ2

2a2 dρ ·
[

i

qρ
eiqρcosφ|φ=π

φ=0

]

=
2π

(2πa2)3/2
eiωτ

∫ ∞

0
ρ2e−

ρ2

2a2 · 2sin(qρ)

qρ
dρ

=
2π

(2πa2)3/2
eiωτ

∫ ∞

0

2ρsin(qρ)

q
e−

ρ2

2a2 dρ

=
2π

(2πa2)3/2
eiωτ

[
−2a2sin(qρ)

q
e−

ρ2

2a2 |∞0 +2a2

∫ ∞

0
e−

ρ2

2a2 cos(qρ)dρ

]
. (2.56)

We can see that the first term in the square bracket is zero and the integral of the second term

can be calculated following reference [1] (p. 302, Equation7.4.6). Therefore,

g1(τ) =
2π

(2πa2)3/2
eiωτ

[
0 + a2

√
2πa2e−

q2a2

2

]

= eiωτe−
q2a2

2

= eiωτe−
1
6
q2〈∆r2(τ)〉. (2.57)

2.4 APPENDIX II: A Brief Review of Photon Statistics

In this Section, I briefly review the photon statistics for lasers, thermal sources and the scattered

light field from independent particles. More detailed discussion about this topic can be found in

Refs. [65,198,268,403,418].
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2.4.1 Lasers

The electric field radiated from a monochromatic laser source has a constant amplitude, which is

considered independent of time (due to the long temporal coherence of the source), i.e.

E(t) = E0e
−iωt. (2.58)

So, the distribution of the electric field is adelta function, i.e.

P (E) = δ(|E| − E0). (2.59)

As the result, the distribution of the light intensity is also a delta function, i.e.

P (I) = δ(I − I0), (2.60)

whereI0 = E2
0 is the light intensity. Now, let’s find out how to calculate the probability of

detectingn photons in time intervalT (Pn(T )). Consider a short time interval∆t, we assume that

p(t)∆t is the probability of counting one photon in the time interval ∆t, and

p(t)∆t = qI(t)∆t, (2.61)

whereI(t) is the incident light intensity andq is the quantum coefficient of the detector. Let

Pn(t) be the probability of countingn photons during a timet. Then the probability of countingn

photons during a timet + ∆t can be achieved via two mutually exclusive ways: 1) countingn− 1

photons in timet and counting one photon in∆t; 2) countingn photons in timet and counting

zero photon in∆t. The probability for the first scenario can be written asPn−1(t) · p(t)∆t, and
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the probability for the second scenario isPn(t) · [1− p(t)∆t]. Therefore, we have

Pn(t + ∆t) = Pn−1(t) · p(t)∆t + Pn(t) · [1− p(t)∆t]. (2.62)

Rearrange this equation, we get

Pn(t + ∆t)− Pn(t)

∆t
≈ dPn

dt
= [Pn−1(t)− P (n)(t)] · p(t)

= qI(t)[Pn−1(t)− P (n)(t)]. (2.63)

The solution to Equation 2.63 gives

Pn(t) =
X(t)n

n!
· e−X(t), (2.64)

where

X(t) = q

∫ t

0
I(t′)dt′. (2.65)

Therefore, we have

Pn(T ) =
X(T )n

n!
· e−X(T ). (2.66)

To compare with experiment, we must ensemble average Equation 2.66 over all possible light

intensity, i.e.

69



Pn(T ) = 〈X(T )n

n!
· e−X(T )〉 =

∫ ∞

0

X(T )n

n!
· e−X(T )P (I)dI. (2.67)

Equation 2.67 is called theMandel formula[253]. We can use it to link the light intensity

distribution to the photon counts distribution. For laser source,X(T ) = qIT , we can calculate the

probability of detectingn photons in time intervalT , i.e.

Pn(T ) =

∫ ∞

0

(qIT )n

n!
· e−qIT δ(I − I0)dI

=
(n)n

n!
e−n, (2.68)

wheren = qTI0 is the average photon counts in timeT . Equation 2.68 gives thePoisson

distribution. The first momentum ofn(T ), which is the ensemble average over all possible photon

counts weighted by the probability according to the Poissondistribution, i.e.

〈n(T )〉 =
∞∑

n=1

nPn(T ) =
∞∑

n=1

n
(n)n

n!
e−n

= ne−n
∞∑

n=1

(n)n−1

(n− 1)!
= ne−n

∞∑

n=0

(n)n

n!

= ne−nen = n. (2.69)

The second moment ofn(T ) can be calculated as,
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〈n(T )2〉 =
∞∑

n=1

n2Pn(T ) =
∞∑

n=1

n2 (n)n

n!
e−n

= ne−n
∞∑

n=1

n(n)n−1

(n− 1)!
= ne−n

∞∑

n=0

(n + 1)(n)n

n!

= ne−n

[
n

∞∑

n=1

(n)n−1

(n− 1)!
+ en

]

= ne−n
[
nen + en

]
= n2 + n. (2.70)

Then, the variance ofn(T ) is

var(n(T )) = 〈n(T )2〉 − 〈n(T )〉2

= (n2 + n)− n2

= n. (2.71)

Therefore, for Poisson distribution,

σ(n(T ))

〈n(T )〉 =

√
var(n(T ))

n
=

1√
n

. (2.72)

That is to say, the relative photon counting error decreasestowards zero as the average number

of photons counted in timeT increases.
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2.4.2 Gaussian Sources

For a thermal source (such as the sun, a lamp, etc.) or laser light scattered from independent

particles, the total electric field at a point detector is thesuperposition of the fields from the inde-

pendent sources (or scatterers). As discussed in Section 2.2.1, the phase of the electric field from

each source is independent. The sum of the fields can be viewedas a random walk in the com-

plex plane. If we useE(t) = Ere(t) + iEi(t) to represent the field, according to the central limit

theorem, the real and imaginary part of the field follows Gaussian distribution with zero mean, i.e.

P (Ere) =
1√

2πσ2
e−

E2
re

2πσ2

P (Ei) =
1√

2πσ2
e−

E2
i

2πσ2 , (2.73)

whereσ2 = 〈E2
re〉 = 〈E2

i 〉 = 1
2〈I〉. Therefore, the joint probability to measureEre andEi is

P (Ere, Ei) = P (Ere) · P (Ei) =
1

2πσ2
e−

E2
Re+E2

i
2πσ2 . (2.74)

We can also write the electric field asE(t) = A(t)eφ(t), then

P (Ere, Ei)dEredEi = P (Ere, Ei)AdAdφ = P (A,φ)dAdφ. (2.75)

Therefore,

P (A,φ) =
1

2π
· A

σ2
e−

A2

2πσ2 . (2.76)

Here, we can see the phase is evenly distributed (P (φ) = 1
2π ), while the amplitude distribution
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is no longer Gaussian (P (A) = A
σ2 e−

A2

2πσ2 ). We can also link the intensity distribution to the

amplitude distribution, i.e.

P (I)dI = P (I)2AdA = P (A)dA =
A

σ2
e−

A2

2πσ2 dA. (2.77)

Therefore, we get

P (I) =
1

2σ2
e−

A2

2πσ2 =
1

〈I〉e
− I

〈I〉 , (2.78)

which is aNegative exponential distribution. The corresponding photon statistics can be cal-

culated by putting Equation 2.78 into the Mandel formula (Equation 2.67), i.e.

Pn(T ) =

∫ ∞

0

(qIT )n

n!
· e−qIT 1

〈I〉e
− I

〈I〉 dI

=
1

〈I〉n!

〈I〉
(qT 〈I〉+ 1)

[
−(qIT )ne

− qT〈I〉+1
〈I〉

I |∞0 + n(qT )

∫ ∞

0
(qIT )n−1e

− qT〈I〉+1
〈I〉

I
dI

]

= · · ·

=
(qT 〈I〉)n

(qT 〈I〉+ 1)n+1

=
nn

(n + 1)n+1
, (2.79)

wheren = qT 〈I〉 is the average photon counts in timeT . This is theBose-Einstein distribu-

tion. For the case of laser speckle imaging (LSI, Chapter 8), the scattered field is Gaussian. So,

the intensity distribution at the CCD follows exponential distribution and the CCD readouts follow

the Bose-Einstein distribution. The detected intensity fluctuation is not evenly distributed around

the mean intensity. In more occasions (pixels), a low reading appears rather than a high reading
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relative to the mean.

Similarly, we can calculate

〈n(T )〉 =

∞∑

n=1

nPn(T ) =

∞∑

n=1

nnn

(n + 1)n+1

=
∞∑

n=0

(n + 1)nn+1

(n + 1)n+2

=
n

(n + 1)

∞∑

n=0

(n + 1)nn

(n + 1)n+1

=
n

(n + 1)
(〈n(T )〉 + 1). (2.80)

Therefore,

〈n(T )〉 = n. (2.81)

On the other hand,

〈n(T )2〉 =

∞∑

n=1

n2nn

(n + 1)n+1

=
n

(n + 1)

[ ∞∑

n=0

(n + 1)2nn

(n + 1)n+1

]

=
n

(n + 1)

[ ∞∑

n=0

(n2 + 2n + 1)nn

(n + 1)n+1

]

=
n

(n + 1)

[
〈n(T )2〉+ 2〈n(T )〉 + 1

]
. (2.82)

So,
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〈n(T )2〉 = 2n2 + n. (2.83)

The variance ofn(T ) for Bose-Einstein distribution is

var(n(T )) = 〈n(T )2〉 − 〈n(T )〉2

= n2 + n, (2.84)

and

σ(n(T ))

〈n(T )〉 =

√
var(n(T ))

n
=

√
1 +

1

n
. (2.85)

So, the relative photon counting error for Gaussian source decreases towards unity asn in-

creases. This is a big difference from lasers.

2.4.3 Discussion

We would like to link the photon statistics results to the DCStechnique. The intercept of the

intensity autocorrelation curve at delay timeτ = 0 can be calculated for different light sources.

Recall from Equation 2.96 [66], that

〈I(0) · I(0)〉
〈I(0)〉2 =

〈n(T )[n(T )− 1]〉
〈n(T )〉2

=
〈n(T )2〉 − 〈n(T )〉

〈n(T )〉2 . (2.86)
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Therefore, for Poisson distribution, from Equation 2.69 and 2.70, we have

〈I(0) · I(0)〉
〈I(0)〉2 =

n + n2 − n

n2 = 1. (2.87)

For Bose-Einstein distribution, from Equation 2.81 and 2.83, we have

〈I(0) · I(0)〉
〈I(0)〉2 =

2n2 + n− n

n2 = 2. (2.88)

This means, the intensity autocorrelation curve detected from the laser source directly starts at

1 and stays at 1 (a flat line). The intensity autocorrelation curve measured in a complete coherence

area from a Gaussian source starts at 2 and decreases to 1 at a rate depending on the correlation

time of the system. This phenomena was used in the DCS (Section 2.2.1) and LSI (Section 8.1)

techniques to probe blood flow in tissues.

As we increase the detector size for the measurements with the Gaussian source, independent

intensities from different speckles/modes add up incoherently. In this case, the intensity distri-

bution can be best described using aGamma distribution[65]. The Siegert relation (Equation

2.21, [311]) can be used to relate the temporal field and intensity autocorrelation functions. The

measured intensity autocorrelation curve from a Gaussian source now starts at1+β and decreases

to 1, where theβ factor is inversely proportional to the number of speckles/modes in the detection

area (Section 2.2.1).
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2.5 APPENDIX III: Derivation of the Noise Model for Correlat ion

Diffusion

In this section, I briefly outline the derivation of the noisemodel for DCS measurements as in

Equation 2.43 following the steps in [219].

In reality, the measured intensity auto-correlation function Ĝ2(τ) is calculated as

Ĝ2(τ) =
1

N

N∑

i=1

n(iT )n(iT + τ), (2.89)

whereτ is the delay time,T is the correlator bin time interval,n(iT ) is the number of photon

counts in timeiT , N is the total number of the measurements (exposure timet = NT ). Herein,

we will use〈 〉 to represent the true value of a parameter, andˆ to denote the experimental estimate

of the true value. We begin by defining a parameter

Ŝ(τ) ≡ Ĝ2(τ)− n̂2, (2.90)

wheren̂ =
∑N

i=1 n(iT ), and

n̂2 = [〈n〉 − (〈n〉 − n̂)]2

≈ 〈n〉2(1− 2
〈n〉 − n̂

〈n〉 )

= 2〈n〉n̂− 〈n〉2. (2.91)

The noise of the normalized intensity autocorrelation function (g2(τ) − 1) can be obtained by
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normalizing the variance of̂S(τ), as

σ(τ) =

√
var(Ŝ(τ))

〈n〉4 . (2.92)

Using Equation 2.89, 2.90, and 2.91, the variance ofŜ(τ) can be written as

var(Ŝ(τ)) = var(Ĝ2(τ)− 2〈n〉n̂)

= var(
1

N

N∑

i=1

n(iT )[n(iT + τ)− 2〈n〉]). (2.93)

If we define

x(iT ) ≡ n(iT )[n(iT + τ)− 2〈n〉], (2.94)

Equation 2.93 can be expanded as [92]

var(Ŝ(τ)) = N−1var(x) + 2N−1
N−1∑

k=1

[〈x(0)x(kT )〉 − 〈x〉2]× (1− kN−1). (2.95)

Using the fact in photon statistics [66],

〈 n(iT )!

(n(iT )− l)!
〉 = 〈I(iT )l〉, (2.96)

wheren(iT ) and I(iT ) are the photon count and the light intensity in timeiT separately, and

writing the higher order correlation functions as sums of products of the second order correlation

functions [236], an analytical expression of the variance of Ŝ(τ) can be derived for exponentially
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decayed(g2(τ)− 1) = βe−2Γτ after tedious math,

var(Ŝ(τ)) =
1

N
[〈n〉4β2 (1 + e−2ΓT )(1 + e−2Γτ ) + 2m(1− e−2ΓT )e−2Γτ

(1− e−2ΓT )

+ 2〈n〉3β(1 + e−2Γτ ) + 〈n〉2(1 + βe−Γτ )]. (2.97)

Consequently, the noise (σ(τ)) of the normalized intensity autocorrelation function(g2(τ) − 1)

can be expressed as

σ(τ) =

√
T

t
[β2 (1 + e−2ΓT )(1 + e−2Γτ ) + 2m(1 − e−2ΓT )e−2Γτ

(1− e−2ΓT )

+ 2〈n〉−1β(1 + e−2Γτ ) + 〈n〉−2(1 + βe−Γτ )]1/2, (2.98)

as shown in Equation 2.43. And in the limit ofΓT ≪ 1, which is satisfied in most of our experi-

ments,

σ(τ) ≈
√

T

t
[β2 1 + e−2Γτ

ΓT
+

2β

IT
(1 + e−2Γτ ) +

1

(IT )2
(1 + βe−Γτ )]1/2. (2.99)
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Chapter 3

Diffuse Optical Instrumentation and

Validation

In this Chapter, I outline the design of the hybrid DOS/DCS instrumentation and present a recent

validation study of the DCS technique. Section 3.1 demonstrates a hybrid multi-channel, multi-

functional instrument and a truly portable blood flow instrument, which was brought across the

nation for a collaboration study with Dr. Bruce Tromberg’s group at the University of California,

Irvine (Chapter 7). In Section 3.2, I describe a recent studycomparing blood flow measured with

DCS and arterial spin labeling MRI (ASL-MRI) in order to validate the accuracy of the DCS

measurements.

3.1 Hybrid Instrumentation

Instruments are extensions of our eyes, ears and hands for probing the nature. A handful of effective

instruments is one of the key components to the success of experimental research. In this section,
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I briefly describe the designs of our hybrid DOS/DCS instrument and of a portable two-channel

blood flow instrument. A detailed description of the instrument development, including early gen-

erations of the diffuse optical apparatus, can be found in reference [119]. A comprehensive review

of the electronics used for the instrument is available fromreference [79].

The hybrid instrumentation combined photon correlation (DCS) technology for studies of tis-

sue internal motions (i.e. blood flow) and diffuse photon density wave spectroscopic (DOS/DRS)

tools for studies of tissue absorption and scattering. We have successfully used this instrumen-

tation to investigate blood flow and blood oxygenation in tumors [114, 354, 420, 421], in mus-

cle [419,422], in rat brain (through intact skull, Section 4, [88,436]), in human brain during func-

tional activation [116], during bedside manipulations of newborn piglets (Section 5.1, [434]), and

during bedside manipulations of human stroke patients (Section 6, [118]). Although the same de-

tection scheme and instrument was employed, different optical probes were designed to interface

with tissues for each application. I will describe them individually.

3.1.1 DOS/DRS Module

As mentioned in Chapter 2, the frequency domain (FD) paradigm was used for our DOS/DRS

measurements. Recall that in the frequency domain the intensity of the light source is modulated

with a radio-frequency (RF) sinusoidal signal. Information about tissue optical properties (µa,

µ′s) is embedded in the amplitude reduction and phase shift of the detected diffuse photon density

waves (Section 2.1.1). The essential functions of the DOS/DRS module are to provide stable RF

modulated light source at a few NIR wavelengths and to decodethe detected signal and thereby

extract amplitude reduction and phase shift information.

As shown in Figure 3.1, the homodyne technique [409] was usedin our system. Lasers at
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three different NIR wavelengths (685 nm, 785 nm and 830 nm) were built into the instrument. The

output from a 70 MHz oscillator (VSA-69980, Wilmanco, CA) was split with a 1×8 RF splitter

(ZFSC-8-1, Mini-Circuits, NY). Three outputs were used to modulate the lasers and four were used

to provide the reference signal (10 dbm) for the I/Q demodulator (MIQY-70D; Mini-Circuits, NY).

The DC laser current was generated by a commercial (EK1101, Thorlabs, NJ) or a custom-built

(Sharp IR3C07, see [79], p59) laser driver depending on the type of the laser diode. A bias-tee

(ZFBT-4R2G, Mini-Circuits, NY) was used to mix the RF and DC currents provided to the laser

diode. Note that for RF electronics, special attention needs to be paid to the shielding of the elec-

tronics in order to avoid leakage of the RF signal through theair. To this end, a metallic enclosure

was employed to cover the laser driver, and high quality coaxial cables (RF Connection, Inc., CA)

were utilized for the connections between electronic components. Since only the RF component

of the signal was used for the analysis, high modulation depth (RF/DC ratio) and high RF stability

were desired. The former requirement can be achieved by adjusting the DC laser current or the

input RF signal power, while the later one can be achieved by incorporating a temperature control

circuit or an RF feedback circuit into the instrument (whichis under exploration in our lab).

The output light went through two optical switches (DiCon, CA) before it was delivered

through the source fibers. The first switch (4×1) was used to switch between four different laser

sources (including the flow laser described below), so that only one wavelength was delivered at a

time. The second switch (1×8) directed the light to different source fiber positions.

Photons escaping the tissue/phantom can be detected by fastavalanche photodiodes (APD,

C5331-01, Hamamatsu, Japan) or photo multiplier tubes (PMTR928, Hamamatsu, Japan) depend-

ing on the application, e.g. APDs were mainly used for measurements on small animals while

PMTs were used for detection at large source-detector separations, such as on humans. Selection
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Figure 3.1: Hybrid instrument: DOS diagram.

of the signal that is directed to the APD and the PMT was performed with an RF switch for each

channel. An in-phase/quadrature (I/Q) demodulator (MIQY-70D; Mini-Circuits, NY) was the core

for the decoding circuit and was used for the extraction of the amplitude and phase information in

the detected RF signal. Briefly, the reference signal from the oscillator is split into two sub-signals

inside the I/Q, one of which goes through a 90o phase shifter (Ar

2 cos(ωt)) and the other one is kept

unshifted (Ar

2 sin(ωt)). The detected signal is split into two sub-signals as well without introduc-

ing a phase shift (Ad

2 sin(ωt+φ)), and it is then multiplied by the reference signals. In the in-phase

(I(t)) section,
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I(t) = 2Asin(ωt)sin(ωt + φ) + I0

= Acos(φ) −Acos(2ωt + φ) + I0, (3.1)

In the quadrature (Q(t)) section,

Q(t) = 2Acos(ωt)sin(ωt + φ) + Q0

= Asin(φ) + Acos(2ωt + φ) + Q0, (3.2)

whereAr is the amplitude of the reference signal,Ad is the amplitude of the detected signal,

A = ArAd

8 , andφ is the phase shift of the diffuse photon density waves relative to the input

reference signal.I0 andQ0 are the DC offsets of the detection channels. These offsets can be

measured by blocking the input light to the detectors. As canbe seen from Equations 3.1 and 3.2,

the offset-subtracted DC components of the I/Q outputs can be used to extract the amplitude and

phase shift of the detected signal, i.e.

A =
√

(IDC − I0)2 + (QDC −Q0)2

φ = tan−1

(
QDC −Q0

IDC − I0

)
. (3.3)
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In our instrument, low pass filters (100 Hz) were built on eachchannel and a 16-bit analog-to-

digital (A/D) converter board (PCI-6032E, National Instruments, TX) was used for data acquisi-

tion. Note, the I/Q demodulator, together with the low pass filter effectively block out the influence

from any ambient room light. Therefore, the signal-to-noise of the homodyne detection technique

is improved compared to a typical CW detection scheme.

3.1.2 DCS Module

For the blood flow measurement with DCS, a long coherence laser is needed in order to preserve

the coherence of photons that migrate through the tissues. Anarrow-band CW laser (785 nm,

Crystalaser Inc., NV) with long coherence length (> 50 meters, bandwidth≈ 2 MHz) was used

as the light source for the DCS measurements. This laser is very compact compared to the laser

(Model TC40, SDL Inc., CA) used previously in our instrument, thereby making it possible to

integrate the DCS instrument with the DOS/DRS module or to make a truly compact stand-alone

flow instrument. Output light from the DCS flow laser travels through the same optical switches

and shares the same multimode source fiber as the DOS/DRS measurements. However, single

model detection fibers (∼ 6µm), as opposed to the multimode or bundled fibers for DOS/DRS,

were used for DCS measurements in order to collect the intensity fluctuations from a single speckle.

Four fast photon-counting APDs (SPCM-AQR-14-FC, Pacer Components Inc., UK) were used

as detectors. A four-channel multi-tau correlator board (Flex03OEM-4CH, Correlator.com, NJ)

facilitated measurements of blood flow by taking the TTL output from the APDs and calculating

normalized temporal intensity auto-correlation functions of the detected signal. Since the correlator

board is at the heart of the DCS measurements, I will briefly describe its structure and the algorithm

used for the correlation curve calculations.
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Figure 3.2: Structure of the multi-tau correlator.

The correlator board utilizes a “multi-tau” scheme for the calculation of the autocorrelation

functions. Figure 3.2 shows the structure of the correlatorused in our instrument. The first 32

registers (the first tier) of the correlator had a bin widthT0 = 160 ns. After that, the bin width

doubles every 16 registers. For example, register 33 to 48 (the second tier) has a bin widthT =

320 ns and register 49 to 64 (the third tier) has a bin widthT = 640 ns, etc. When the measurement

starts, a digital counter reports the number of TTL pulses (photon counts) detected within each

binning time (160 ns) of the first register. The value in each register is passed to its right as a

new value is coming in from the left. Note that a register witha bin widthT = 160 ns is updated

every 160 ns, while the register with a 320 ns bin width updates every 320 ns, etc. Gradually, the

registers are filled up with photon counts from the left to theright. In the mean time, temporal

intensity autocorrelation functions are calculated before each shift. For example, the unnormalized

intensity autocorrelation coefficient for theith register,G2(τi), is calculated as

G2(τi) = 〈ni · n0〉. (3.4)

Here,ni indicates the photon count in theith register,n0 is the photon count at zero delay time
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(τ = 0) with thesame bin widthas theith register, theτi is the delay time betweenni andn0, and

the average (〈 〉) is continuously performed over the entire acquisition time t (also known as the

averaging time, e.g.t = 2.5s for the measurements on the piglet head, Section 5). Note that n0 is

the photon count in the1st register when thei is in the first tier, whilen0 is the summation of the

photon count in the firstfour registers wheni is in the third tier (TT0
= 4), etc. The delay timeτi

is calculated as the summation of all the bin widths on the left of theith register. For example, for

the 50th register,τ50 = 32× 160 ns + 16 × 320 ns + 1× 640 ns = 10.88 µs.

The unnormalized intensity autocorrelation curve,G2(τ), is continuously updated and normal-

ized in a separate set of registers before it is collected by the computer. Using the multi-tau scheme,

the delay time that spans many orders of magnitude from hundred of nanoseconds to minutes. Such

average can be covered by using only a few hundred register channels, and the computation load

is greatly reduced compared to a linear autocorrelator. This enables the construction of a software

correlator with only a fast digital counter board [124, 249,250]. With the flexibility of a software

correlator, different correlator structures can be explored. For example, instead of doubling the bin

width for every 16 registers, it can be tripled every 27 registers, etc. We learned from Section 2.2.3

that the settings of the correlator influences the signal-to-noise ratio of the DCS measurements.

Therefore, it is interesting to explore how to improve the SNR of DCS signal by changing the

structure of the correlator.

The correlator board interfaces with the computer via an USB2.0 port, which allows a fast

data transfer rate of up to 480 MB/s. This enables the storageof the photon arrival history when

necessary. The DCS module and the DOS/DRS module were built into one system and were

controlled with a custom written Visual Basic (VB, Microsoft, Inc.) program. The entire hybrid

instrument was built on a cart (Figure 3.3(a)), which allowsthe transportation between different
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labs and clinics. Recently, I have also built a truly portable two-channel DCS instrument (18 cm×

28 cm× 33 cm, Figure 3.3(b)), and took it to the University of California, Irvine for the monitoring

of human breast cancer blood flow before and after a neadjuvant chemotherapy treatment. The

result is discussed in Chapter 7.

3.2 DCS Validation (DCS vs ASL-MRI)

Measurements of blood flow by DCS have been validated semi-quantitatively with color-weighted

power Doppler Ultrasound in mouse tumors [420] and with laser Doppler in rat brain [76, 88].

Although these experiments suggest DCS is sensitive to microvascular flow, the method was not

been directly compared to a validated approach in humans. The primary objective of my study was

to validate DCS tissue blood flow measurements in humans by comparison with a relatively estab-

lished flow imaging modality: arterial spin labeled perfusion MRI (ASL-MRI). Utilizing magneti-

cally labeled arterial blood water as an endogenous tracer,the ASL-MRI method has been shown

to provide quantitative measurement of tissue perfusion in“classical” units of (ml/min)/100g-

tissue [99, 397]. Note, herein I will use the term “tissue blood flow” interchangeably with “tissue

perfusion”.

Validation studies of ASL-MRI against other modalities in animal models have included com-

parisons with microspheres [386], hydrogen clearance [293], and flowmeters [398]. Cerebral blood

flow (CBF) measurements with ASL-MRI have been shown to agreewith results fromH15
2 O-PET

in humans at rest [412] and during functional activation [130], and with the dynamic susceptibility

contrast agent approach [339,395,405]. ASL-MRI CBF measurements both at rest and during task

activation have been demonstrated to be highly reproducible over time intervals ranging from a few

minutes to several days [136, 288, 387, 413], and the ASL-MRImeasurement has been validated
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(a)

(b)

Figure 3.3: (a) Hybrid multi-channel multi-functional instrument. Three DOS/DRS lasers (685,
785 and 830 nm) and one DCS long coherence laser (785 nm) were built in and eight source
positions were allowed. Four DOS/DRS and 4 DCS channels can be used for simultaneous mea-
surements of DOS/DRS and DCS. The instrument is easily movable among labs and clinics. (b)
Portable two channel DCS instrument (18 cm× 28 cm× 33 cm), which is suitable for bed-side
monitoring of blood flow.
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in skeletal muscle by comparison with venous occlusion plethysmography [310]. For validation

purposes, it is desirable to compare the flow responses measured by the two techniques in the same

tissue region. Therefore, in the present investigation calf muscle blood flow was concurrently mea-

sured by DCS and ASL-MRI during a reactive paradigm. The MRI measurement also provided

anatomic information for accurate co-registration of the optical and MRI measurements. To the

best of our knowledge, these explorations are the first concurrent clinical measurements of blood

flow in human skeletal muscles using optical and MRI techniques, as well as the first direct valida-

tion of DCS blood flow in humans. This study was recently published inOptics Express[422].

3.2.1 Materials and Methods

3.2.1.1 Experimental Configuration and Protocols

Seven male healthy volunteers (ages 25-42) participated inthe study with IRB approval and appro-

priate consent. Figure 3.4 shows a schematic of the measurement configuration. The volunteers

were positioned supine and a custom-designed nonmagnetic optical probe for the DCS measure-

ment was placed over the calf and secured with an elastic bandage. Flexible silicone material was

used to tightly hold source and detector fibers in place. The calf (with the optical probe) was then

placed into the MRI knee coil. The optical probe in the MRI room was connected to the DCS

instrument in the control room by optical fibers through a port in a magnetic-field-shielded wall

(Figure 3.4).

The accuracy and reliability of the ASL-MRI measurement is limited when muscle blood flow

is low [310], e.g. in the resting state. Therefore we employed a cuff inflation paradigm to create

a brief period of ischemia and hyperemic response. A nonmagnetic cuff was placed on the thigh,

and connected to a tourniquet machine (Zimmer ATS 1000, SomaTechnology, Inc., OH) in order
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Figure 3.4: Schematic of the concurrent optical-MRI measurement. A custom-designed nonmag-
netic fiber-optic probe (Figure 3.5(d)) was placed over the calf. The tips of source and detector
fibers were bent 90o and tightly held in place by flexible silicone material. The calf (with the
optical probe) was then placed into the MRI knee coil. The optical probe in the MRI room was
connected to the DCS instrument in the control room by 12-meter-length fibers through a port in a
magnetic-field-shielded wall.

to induce cuff inflation. A five-minute cuff inflation paradigm was tested: 2-minute baseline, 5-

minute cuff inflation (250 mmHg), and 5-minute deflation. This paradigm was carried out twice on

three volunteers to assess repeatability. MRI image slice and DCS probe position were marked to

facilitate repeated data acquisition from the same location (Figure 3.5). In addition to the primary

validation study on seven subjects (n = 7), the influence of probe pressure on muscle blood flow was

tested; ASL-MRI data following cuff inflation were comparedunder two measurement conditions:

(1) No optical probe (n = 4), and (2) wrapped probe on leg with elastic bandage (n = 4). Table 3.1

summarizes the measurements.

3.2.1.2 DCS Measurements

The DCS probe shown in Figure 3.5(d) had two multi-mode source fibers (diameter = 200µm,

length = 12 meter) and four single-mode detector fibers (diameter = 7µm, length = 12 meter). The
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Thickness (mm) of the near- Concurrent ASL-MRI
Subject # surface layer (skin and measurement measurement only

adipose tissue) DCS+ASL-MRI (without optical probe)
1 5.6 Repeat twice
2 5.6 Repeat twice
3 5.6 Repeat twice
4 4.7 Once Once
5 7.5 Once Once
6 4.7 Once Once
7 4.7 Once Once

Mean 5.5
STD 1.0

Table 3.1: Subject information and measurement summary. The thickness of the near-surface
layer was measured from the MRI anatomic image. Concurrent optical-MRI measurements were
repeated twice on three subjects (#1 to #3) to assess repeatability. In order to investigate the probe
pressure influence on muscle blood flow, four subjects (#4 to #7) were measured with and without
optical probe, respectively.

source-detector separations ranged from 0.5 to 3 cm. The full-frame-acquisition time for the DCS

measurement was 3.4 seconds. From the diffusion theory, light penetration depth depends on tissue

optical properties and source-detector separation. In theprevious study we have experimentally

demonstrated that signals detected by source-detector pairs with large separations (> 2 cm) derived

predominately from the muscle layer, provided the thickness of the near-surface layers (skin and

adipose) was small [419]. The thickness of the near-surfacelayer derived from the MRI anatomic

images of the present population (5.5± 1.0 mm, n = 7, see Table 3.1) was comparable with that of

previous population (5.5± 0.4 mm, n = 10) [419]. Thus, in this study muscle flow responseswere

obtained by averaging data taken with large source-detector separations (i.e. 2.5 and 3 cm).

3.2.1.3 Arterial Spin Labeled MRI (ASL-MRI)

ASL-MRI measurements were conducted in a 3.0 Tesla Siemens Trio whole-body MR system. A

custom designed dual-tuned proton/phosphorous transmit-receive knee coil (Nova Medical, Inc.,
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Wakefield, MA) was employed. A single-slice version of the continuous ASL (CASL) sequence

was utilized for muscle perfusion MRI [141,390]. The raw image series were separated into label

and control pairs and then pair-wise subtracted. The labeling plane was 6 cm proximal to the imag-

ing slice in the axial plane, whereas the inversion plane wasplaced 6 cm distal to the imaging slice

during the control state. Imaging parameters were: single slice of 1 cm thickness, field of view = 22

cm, matrix size = 48 x 64, TR/TE = 4000/13ms, tagging duration= 2 sec. A post labeling delay of

1900 ms was employed based on previous testing. Because the employed cuff occlusion paradigm

may cause relatively large dynamic changes in the raw echo-planar image (EPI) series, the pair-

wise subtraction between successive label and control acquisitions is susceptible to contamination

from the changes in the “static” signals. To minimize this confounding effect, the control image

series were first linearly interpolated so that the pair-wise subtraction was carried out using time

matched label and control images [5].

In order to eliminate the residual static signal between label and control acquisitions caused

by imperfection of the gradient, the polarity of the appliedgradient was flipped every pair of label

and control acquisitions. Consequently for analysis, two adjacent data points in the subtracted

difference perfusion image series were averaged, resulting in an effective temporal resolution of

16 seconds per sample [8]. Flow quantification followed the model in reference [390] (Equation

1), assuming blood T1 = 1.5 sec and a blood-tissue water partition coefficient of 0.9 mL/g.

3.2.1.4 Co-registration of Optical and ASL-MRI Measurements

MRI anatomic images enabled co-registration of DCS and ASL-MRI measurements. For example,

the location of DCS probe is determined approximately from the rectangular deformation area due

to probe pressure on the tissue surface (Figure 3.5(a-c)). For precise localization, a vitamin E
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Figure 3.5: MRI images (a, b, and c) obtained from one subjects calf. The optical probe and the
MRI marker can be seen from 2-D (a) and 3-D (b) anatomic MRI images of human leg. The
ASL-MRI perfusion image is shown in (c). The region of interest (ROI) shown in (a) and (c)
was selected for the comparison of tissue responses measured by DCS and ASL-MRI. The optical
probe (d) had 2 source (S1 and S2) and 4 detector fibers (D1 to D4). Source-detector separations
ranged from 0.5 to 3 cm.

pill, positioned at the center of the DCS probe was used to assist in MRI slice selection of the

identical calf region (Figure 3.5(a-b)). The region of interest (ROI) (Figure 3.5(a, c)) underneath

the DCS probe was selected for extraction of data from the ASL-MRI measurements. The ROI

was selected according to a simulation of the photon path distribution in the homogeneous tissue

for a source-detector pair with a large separation (i.e. 3 cm) [419]. The selected ROIs excluded

voxels containing large vessels.
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3.2.1.5 Characterization of Flow Responses

The time course of the DCS measurements of relative blood flow(rBF) and ASL-MRI measure-

ments of perfusion are presented as measured values± error bars. In order to evaluate DCS mea-

surement accuracy we assumed that signal fluctuations measured at rest are due to instrumental

and physiological noise [419], and we estimated a percent error from the standard deviation of 20

measurement time-points at rest divided by their mean. The ASL-MRI measurement error was es-

timated by the standard deviation of measurement time-points during cuff-occlusion, since most of

the patients were not measured by the ASL-MRI at rest. The measurement error of baseline/cuffed

perfusion measured by ASL-MRI is large as a result of the verylow blood perfusion which pro-

duces a poor signal-noise-ratio [294]. We thus limited the comparison of the two measurements to

data taken in the vicinity of the hyperemic peak, that is, excluding DCS/ASL-MRI data with MRI

perfusion less than 10 (ml/100g)/min [294].

To characterize flow responses, mean and standard deviationare calculated for peak blood flow

(reactive hyperemia) after release of cuff-occlusion. A time constant is calculated from release of

cuff-occlusion to peak blood flow (Time-to-Peak [sec]), andthe recovery half-time is calculated

as the time rBF decreased from the peak to one half of the peak (Time-after-Peak [sec]). Figure

3.6(a) illustrates the definition of these variables. A two-sample t-test was used to identify the

differences between DCS and ASL-MRI measurements. Correlations between DCS and ASL-

MRI measurements were determined by linear regression analysis. The criterion for significance

was p< 0.05.
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(a)

(b)

Figure 3.6: Time course of the blood flow response from two healthy volunteers (a and b) mea-
sured by DCS (dark circles) and ASL-MRI (light crosses) during 5-min cuff occlusion. DCS/MRI
measurement error was estimated by the signal variations atrest/during cuff occlusion. Vertical
lines indicate beginning and end of the cuff occlusion. Blood flow responses were characterized
by peak blood flow, Time-to-Peak (sec), and Time-after-Peak(sec).
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3.2.2 Results

3.2.2.1 Flow Responses

Figure 3.6 shows the typical dynamic changes in blood flow measured by DCS and ASL-MRI

during 5-minute cuff occlusion from two volunteers. The DCSand ASL-MRI blood flow curves

exhibited similar dynamic responses in each individual. For the DCS measurement, the rapid

increase of cuff pressure induced a significant decrease in blood flow (− 91.0± 3.2 %, n = 7),

assigning 100% as the baseline. The typical reactive hyperemic peak blood flow following the

release of cuff inflation was 267.0± 50.2 %. These optical measurement results are in good

agreement with previous optical-only observations of healthy volunteers (i.e.− 90.0± 2.4%, and

311.4± 90.8% respectively, n = 10) [419].

As noted above, the signal-noise-ratio (SNR) of the ASL-MRImethod is relatively poor when

tissue perfusion is low. For example, muscle blood flow at rest (3-5 (ml/100g) /min [126,369,370])

and during cuff occlusion (biological zero flow) correspondto fairly low tissue perfusion, and their

measurements are accompanied by relatively large error bars in ASL-MRI perfusion responses

(Figure 3.6). Occasional “negative flow” ASL-MRI values were also observed during cuff occlu-

sion (Figure 3.6); these arise from raw signal contamination even with the time matched subtraction

after interpolation [244] (Note, the ASL signal requires a subtraction of label and control image

pairs and so it is possible to generate negative numbers). For this reason we employed a cuff ma-

nipulation paradigm to generate a state of hyperemia. The mean peak ASL-MRI flow after release

of cuff occlusion was 68.1± 21.2 (ml/100g)/min (n = 7).

To evaluate the measurement repeatability, three subjectswere sequentially measured twice.

The variations in peak blood flow between two repeated measurements on three subjects (n =
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3) were less than 8% for both DCS and ASL-MRI. The probe pressure on soft muscle tissues

introduced muscle deformation (Figure 3.5) which sometimes affected the muscle blood flow.

When wrapping the optical probe, it was found that the mean peak ASL-MRI flow (57.7± 21.2

(ml/100g)/min, n = 4) was significantly lower than that without the optical probe (100.2± 32.5

(ml/100g)/min, p = 0.03).

3.2.2.2 Correlations between DCS and ASL-MRI Measurements

Figure 3.7 shows the comparison of muscle blood flow measurements obtained by ASL-MRI and

DCS at identical time points after 5-minute cuff occlusion from 7 subjects. We compared DCS flow

and absolute ASL-MRI perfusion data taken around the peak ofthe hyperemia after cuff release.

Significant linear correlations (R2 > 0.60, p< 0.001) between absolute ASL-MRI perfusion and

DCS relative blood flow (Figure 3.7(a)), and DCS absolute flow-indexαDB (Figure 3.7(b)) were

found. The peak values of blood flow showed stronger correlations (R2 > 0.70, p< 0.05, Figure

3.8) compared to those obtained from all data points (Figure3.7). Note also, a stronger correlation

with ASL-MRI perfusion measurements was found when rBF, instead ofαDB , was used for both

the cases with all data points (Figure 3.7) and with only the peak flow values (Figure 3.8).

In this study we also observed that the ASL-MRI Time-to-Peak(52.6± 7.8 sec) and Time-

after-Peak (36.6± 7.8 sec) were shorter than the DCS Time-to-Peak (62.2± 9.2 sec) and Time-

after-Peak (46.4± 9.3 sec) respectively. These differences, however, are notsignificant (p> 0.08),

and may be attributed to measurement errors created by the low temporal resolution (16 seconds)

of the ASL-MRI measurements.
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(a)

(b)

Figure 3.7: Correlations between ASL-MRI flow and DCS relative blood flow (a), and DCS flow-
index αDb (b). All datasets (solid dots) are obtained by ASL-MRI and DCS at identical time
points from 7 subjects, including seven peak flow values (empty circles). Peak flow is defined as
the maximum flow value after release of cuff occlusion (Figure 3.6(a)).
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Figure 3.8: Correlations between ASL-MRI peak flow and DCS peak relative blood flow (a) and
DCS peak flow-indexαDb (b).
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3.2.3 Discussion and Conclusion

In this study, the absolute DCS flow-indexαDB and its relative change (rBF) were found to be

significantly correlated with tissue blood perfusion measured by ASL-MRI; correlation in the latter

case was stronger. Uncertainty about the assumed value of the tissue scattering coefficientµ′s (5

cm−1) can introduce calculation errors in the absolute indexαDB [419]. In principle, however,

µ′s can be concurrently measured using a hybrid instrument [76,88, 419], thus eliminating this

source of error. The variation of the fiber-tissue coupling coefficients during each measurement or

between different measurements may also create errors in estimation ofαDB . These calculation

and measurement errors are largely normalized out in the rBFdata [419]. Therefore, it is not

surprising to observe the stronger correlations of ASL-MRIwith rBF.

In our observation range (i.e. for ASL-MRI perfusion> 10 (ml/100g)/min) the absolute DCS

measurement (αDB), in units of cm2/s, was found to be linearly proportional to the ASL-MRI

measurement, in units of (ml/100g)/min. These observations suggest that absolute DCS data may

be regarded as a blood flow index (Section 2.2.1), and the slope of the best-fit line in Figure 3.7(b),

i.e. [1.5± 0.15]× 10−9 (cm2/s)/(ml/100g)/min, can be used for calibration of DCS data (αDB).

Over a narrower observation range (i.e. ASL-MRI perfusion> 40 (ml/100g)/min), the linear

correlation between the two measurements became stronger (Fig, 3.8(b)). This is likely due to the

smaller percentage error of the ASL-MRI measurements at higher flow levels. The slope of this

best-fit line, i.e. 1.7± 0.47×10−9 (cm2/s)/(ml/100g)/min, can be used for better calibration of

DCS flow-index in the higher perfusion range.

Conceptually, some limitations are apparent. The factorα is a measure of the ratio of moving

scatterers (i.e. blood cells) to static scatterers in tissue. This factor could vary with tissue-type, sub-

ject hematocrit, etc. In addition, the microscopic nature of the effective diffusion coefficient,DB ,
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is not well understood, and it will depend on the spatial distribution and relative volume fraction

of arterioles, venules and capillaries of the observed tissue microvasculature. In principle some

of these factors (e.g. hematocrit) can be concurrently measured and corresponding corrections ap-

plied, but, for the long-term, it is important to catalogue this slope across tissue type and over large

sample sizes. After such a study, it should be possible to derive calibration coefficients specific to

particular organs, tissues and disease.

The concurrent measurement also provided an opportunity toevaluate the influence of probe

pressure on muscle blood flow. The pressure created by the optical probe affected blood flow

significantly, but was not an issue for this study since the increased pressure affected DCS and ASL-

MRI measurements to the same degree. In future all-optical measurements, it will be desirable to

tape (without wrapping) a “light-material” probe on calf toreduce pressure or to measure pressure

directly using embedded pressure sensors in order to insurerepeatability.

MRI provides anatomic information for accurate co-registration of optical and ASL-MRI mea-

surements. Such information (e.g. the thickness of tissue layers) is useful for more precise quan-

tification of DCS signals, including blood flow heterogeneity in different tissue layers (e.g., skin,

adipose, muscle). Even at large source-detector separations there always exists some contribution

to the DCS signal from overlaying tissues (skin and adipose). The ASL-MRI/Optical approach

takes a first step towards understanding these effects, but will require more source-detector cover-

age and multi-layer modeling for progress.

Diffuse optical techniques are known to be sensitive to smaller vessels such as arterioles, cap-

illaries, and venules in tissue [308]; the absorption in large vessels is so large that photons are

absorbed before penetrating through these structures. ASL-MRI also measures blood flow through

tissue microvasculature, but transit related effects can give rise to intravascular signals from large
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vessels in ASL-MRI perfusion images, thereby increasing the vascular/arterial weighting in the

measured ASL-MRI signal. In order to determine the optimal parameters for ASL-MRI in human

muscles, multiple ASL-MRI measurements at a series of delaytimes (900, 1200, 1500, 1900 ms)

were carried out in a separate pilot study [137], and a long delay of 1900 ms was chosen for the

present study. This choice weighted the ASL-MRI signal moretowards the microvasculature. Fur-

thermore, the reported ASL-MRI perfusion values were extracted from ROIs that were manually

drawn to exclude voxels containing large vessels. Therefore, we believe the two techniques in this

study compare signals from essentially the same tissue microvasculature.

To conclude, diffuse correlation spectroscopy (DCS) and ASL-MRI quantify the same temporal

dynamics of tissue microvascular flow. Both DCS relative blood flow (rBF) and absolute flow-

index (αDB) are strongly correlated with the ASL-MRI perfusion. Thesefindings represent a first

step toward calibration of diffuse optical flow-indices.
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Chapter 4

Diffuse Correlation Tomography of

Cerebral Blood Flow in Rat Brain

In this Chapter, diffuse correlation tomography (DCT) is used to reconstructin-vivo 3D cerebral

blood flow images of cortical spreading depression (CSD) in rat brain. Prior to this work, the

basics of diffuse correlation tomography (DCT) had been developed and tested in phantom studies

[43, 48, 176], and two-dimensional image slices had been obtained below the tissue surface in a

three-dimensional (3D) rat brain ischemia model [88]. However, 3D in-vivo images of dynamic

changes in cerebral blood flow using the diffuse correlationmethod had not been demonstrated.

As outlined in Section 2.2.1, the principles of diffuse correlation tomography are essentially the

same as diffuse optical tomography (DOT), which is well established for mapping 3D tissue optical

properties [150,414]. However, in practice, blood flow imaging using DCT is harder to obtain due

to its sensitivity to measurement noise and data selection.In the current study, the conclusions

from the optimization analysis for data selection and imagereconstruction described in Section

2.2.5 were employed, which enabled thein-vivo 3D blood flow tomography in rat brain.
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KCl placed on brain through 
burr hole

Figure 4.1: Cortical spreading depression (CSD); During experiments, a rat was fixed on a stereo-
taxic frame with the scalp retracted and the skull intact. CSD was induced by placing KCl solution
on the rat brain through a small hole drilled on the skull. Periodic activations and deactivation of
the neurons then spread out radially on the cortex as shown onthe sketch.

A rat cortical spreading depression model was employed for this study. CSD is a wave of

excitation and depolarization of neuronal cells that spreads radially with a speed of 2-5 mm/min

over the cerebral cortex (Figure 4.1). After it was first related to migraine by Leao in 1944 [234],

CSD has gained considerable interest from researchers all over the world. CSD is characterized by

a depolarization of glial and neurons on the cortical surface, and leads to temporary loss of specific

cell function. Its mechanism and physiology have recently been reviewed by Gorji [157] and

Somjen [343]. Recently, strong clinical and experimental evidence has been discovered, suggesting

that CSD is involved in the mechanism of migraine in human [168, 230, 231]. Cortical spreading

depression is also accompanied by robust yet localized (on the cortex) blood flow changes [21,270],

making it a good model for testing the feasibility of 3D diffuse optical tomography of blood flow.

We have collaborated with Dr. Joel Greenberg’s group in the Department of Neurology on this

study. These results and the results from Section 2.2.3 and 2.2.5 were recently published inOptics

Express[436].
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4.1 Animal Preparations

Adult male Sprague-Dawley rats weighing 300-325 g were fasted overnight with free access to

water. They were anesthetized with a 1 - 1.5% halothane in a70% nitrous oxide,30% oxygen

mixture. Catheters were placed into the femoral artery for monitoring of arterial blood pressure.

Body temperature was maintained at37 ± 0.5oC by a controlled heating pad. The animals were

tracheotomized, mechanically ventilated, and the head wasfixed on a custom stereotaxic frame.

Blood gases were obtained frequently and the respirator wasadjusted in order to keep the blood

gases within the normal physiological range. The scalp was retracted to avoid additional compli-

cations due to the fur. A 2 mm burr-hole was made over the frontal cortex of the right hemisphere

leaving the dura intact. CSD was evoked by placing a 1 mm3 filter paper soaked in 2 mol/L potas-

sium chloride (KCl) onto the dura for the duration of the desired induction of CSD waves (∼ 30

min). The paper was changed rapidly every 15 minutes. The setup is illustrated in Figure 4.1. After

measuring 5 - 10 CSD waves, the KCl was removed and the brain was washed with saline. A total

of six animals were studied and gave similar results, but I present here reconstructed images from

one representative animal.

4.2 Instrumentation and Data Analysis

A portable, relatively fast (several seconds per frame), large field of view instrument was con-

structed for imaging blood flow changes during cortical spreading depression (CSD) in the rat

(Section 3.1.2, [76, 88]). A non-contact probe with a grid-like pattern of source/detector fibers

was developed for this purpose (Figure 4.2). The probe was mounted on the film-plane of a reg-

ular 35 mm camera body, which acted as a light sealed, robust box to hold the lens system and
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Figure 4.2: System setup for thein-vivo rat brain CSD study. A grid-like pattern of source/detector
fibers (3 sources, 8 detectors) was mounted on the back of a 35 mm camera body. The light was
sent to and detected from the tissues through a relay lens avoiding contact with the tissue. The
output of the APDs was fed into a custom built correlator board which calculated the intensity
auto-correlation functiong2(τ). The whole system was automated and controlled by a desktop
computer and a full frame was acquired every∼ 6.5 seconds.

probe. The depth-of-focus of the camera lens reduces the motion artifacts along the optical axis

of the lens. This non-contact probe enabled manipulations of the animal without movement of

the probe, thereby avoiding some common experimental artifacts due to compression pressure and

probe contact, etc. Furthermore, crossed-polarizers (OFRInc., NJ, USA) were used to reduce sur-

face reflections from the tissue. In this study, eight fast, photon-counting APDs (SPCMAQR-14,

Perkin-Elmer, Canada) with low dark current were used in parallel as DCS detection units. The

output of the APDs were fed into a custom built, 9-channel correlator board (Correlator.com, NJ)

to calculate the intensity auto-correlation functiong2(τ). The whole system was automated and

controlled by a desktop computer. Three source and eight detector positions were used for DCT
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measurements and a full frame was acquired every∼ 6.5 seconds.

In order to reconstruct rCBF images during CSD, baseline measurements from each source-

detector pair were used as references (g1,0) to calculate the perturbations using Equation 2.41.

Background optical properties were kept constant asµa = 0.1 cm−1 andµ′s = 15 cm−1, while an

averageαDb = 4.5×10−8 cm−2/s was calculated from baseline measurements at different source-

detector pairs as the background dynamic property (see Section 4.4 for the discussion about the

influence ofµa, µ
′
s changes during CSD in our image reconstructions). After theweight matrixW

was built, reconstructed flow images were optimized following the descriptions in Sections 2.2.5.

Since blood flow changes during CSD were large, reconstructed images using the linear Rytov

approximation likely underestimated flow values, but the position mappings should be accurate

[282]. Thus, we scaled the rCBF images obtained directly from the reconstruction to match the

bulk rCBF changes obtained from spectroscopy measurementsover the matching brain regions.

4.3 3D rCBF Imaging of CSD

Figure 4.3 shows the reconstructed rCBF images in differentlayers of the rat brain during CSD.

The burr-hole is located at the top, slightly left of midline(∼ x = 0 mm, Figure 4.2(b)). Each panel

shown is averaged over 0.5 mm in the depth direction (z) starting with the top of the skull (z = 0

mm), and at 1 mm, 2 mm and 3 mm from top to bottom, respectively.Images (from left to right)

are shown roughly every 20 seconds from immediately before KCl was applied (t≈ 26 s) until

the end of the first CSD peak. The panel titles indicate the corresponding time point in this figure.

Along the surface of the cortex (∼ 1 mm deep), a strong increase in blood flow appears from the

top and proceeds to the bottom. It is quite significant that minimal activity is visible in the top

panel (which corresponds mostly to the skull) and in the bottom panel (which penetrates below the
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Figure 4.3: Reconstructed 3D rCBF images at different layers (from top to bottom) of the rat brain
during CSD. CSD is induced at the top, slightly left of midline (∼ x = 0 mm). Images (from left
to right) are shown about every 20 seconds from immediately before KCl was applied until the
end of the first CSD peak. rCBF responses are mainly localizedto the cortex and spread across
the cortex tangentially from the point where KCl was applied. No significant activity is visible in
the top panel, which corresponds to the skull, and in the bottom panel, which penetrates below the
cortex, indicating that the activity is localized in the cortex. Images are oriented as shown in Figure
4.2(b).
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Figure 4.4: rCBF changes on the cortex of the rat brain duringCSD. Images (from left to right,
from top to bottom) are shown roughly every 20 seconds from immediately before KCl was applied
until the end of the second CSD peak. The panel titles indicate the corresponding time point. A
strong increase in blood flow appears from the top and proceeds to the bottom of the image. After
the peak, there is a sustained decrease in blood flow which covers most of the image area. Three
regions of interest (ROI) were selected and the time series of rCBF changes from these ROIs are
plotted in Figure 4.5(a). A movie showing the rCBF changes atdifferent brain layers during CSD
can be downloaded fromOptics Express’s website2 [436].

cortex).

The time series images for the layer at 1 mm depth illustratesthe spreading of two CSD waves

in the cortex (Figure 4.4. A movie showing the rCBF changes atdifferent brain layers during CSD

can be downloaded fromOptics Express’s website [436].). After the first peak, there is a sustained

decrease in blood flow (∼ 3 min) which covers most of the image area. The sustained decrease

has been observed previously [157] and is compatible with inhibition of neuronal activity. Three

regions of interest were selected and the rCBF changes within them are plotted in Figure 4.5(a).

The propagation of the CSD waves can be clearly identified from the delay between each curve.

Figure 4.5(b) shows the dependence of maximal rCBF changes on depth using the data from the

second region of interest (ROI-2) as in Figure 4.4. The maximal change occurs at 1 mm (i.e. just
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Figure 4.5: (a) Time series of rCBF changes from three ROIs illustrated in Figure 4.4. From these
curves, the propagation of the CSD waves can be clearly identified. (b) Dependence of maximum
rCBF on depth in the second region of interest. The maximal change is localized at a depth of 1
mm below the skull. This corresponds to the surface of the cortex. The peak spreads∼ 0.5 mm
above and below the cortical surface as expected from the broadening due to the diffuse nature of
photons (see text). There is no significant change at the surface (skull) or in deeper regions.
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below the skull) which corresponds to the surface of the cortex. The peak spreads∼ 0.5 mm above

and below the cortical surface as expected from the broadening due to the diffuse nature of photons.

There is no significant change at the surface (z = 0 mm) and in the deep region (z = 3 mm). Note

that thein-vivo images appear to have less “cross-contamination” across layers at different depths

compared to the simulation results (Section 2.2.5.3). We believe this effect is real and is due to

the localization of CSD blood flow responses to the thin two-dimensional layer of rat brain cortex.

Clearly, three-dimensional tomographicin-vivo relative blood flow information is revealed.

4.4 Discussion

Here, I examine some of the assumptions used for rCBF diffusecorrelation tomography image re-

constructions. One of our assumptions was that the static optical properties (µa, µ′s) do not change

during activation. This assumption may be incorrect forin-vivoanimal studies. Kohlet al reported

in-vivo dynamic oxygenation and scattering changes during cortical spreading depression [218],

for example, and found that the magnitude of the optical property changes were relatively small

(∆HbO2 ∼ +15µM, ∆Hb∼ -7 µM and∆µ′s ∼ 1 cm−1). Compared to the baseline brain optical

properties we measured and used in our image reconstruction, these relative changes in bothµa and

µ′s are less than 7%. To this end, we changed the global optical properties by the same amount dur-

ing CSD, and no significant changes in the reconstructed rCBFimages were observed (i.e. changes

in the image voxels were less than 10 %). In practice, it is desirable to carry out frequency domain

diffuse optical tomography measurements concurrently with the diffuse correlation tomography

measurement forin-vivo studies. It will then be possible to reconstruct absorptionand scattering

images from DOT first, and use them for calculating DCT Green’s functions, thereby reducing the

optical property influence on blood flow image reconstructions. Furthermore, by combining the
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DOT and DCT images, it is possible to image the cerebral metabolism rate of oxygen (CMRO2) in

three dimensions [88,185].

Over the past thirty years, there has been great interest in measuring cerebral blood flow, oxy-

gen consumption and metabolic responses during cortical spreading depression [21,232,259,260,

270, 345]. The optical imaging technique I describe here provides reliable three-dimensionalin-

vivo images of rCBF during CSD with a relatively fast frame rate (∼ 0.15 Hz) and moderate

transverse and depth resolution (∼ 0.5 mm). The relative blood flow changes we observed during

CSD, an initial strong increase followed by a sustained decrease, are consistent with observations

from other techniques such as laser Doppler flowmetry (1D) [232], scanning laser Doppler imag-

ing [270], and laser speckle imaging (2D) [21]. The strong increase of rCBF is believed to be

coupled to the increase of oxygen consumption [245,260], which in turn can also be directly mea-

sured using the diffuse optical imaging methods as discussed above. On the other hand, in addition

to its capability for providing three dimensional blood flowimages, the non-invasive nature of our

technique is desirable for studying brain activityin-vivo. We have recently extended this tech-

nique for local measurements of rCBF in adult human brain during functional activation [116], in a

piglet traumatic brain injury model (Section 5.1, [434]) and in human stroke management (Chapter

6, [117, 118]). It is conceivable to adapt methods developedin this study for regional imaging of

relative blood flow in a variety of human tissues.

113



Chapter 5

Diffuse Optical Monitoring of Cerebral

Hemodynamics in Newborn Piglets

In this Chapter, I present application results from newbornpiglets whose thin scalp and skull thick-

ness make them great models for diffuse optical measurements. In the first experiment (Section

5.1), traumatic brain injury (TBI) was induced in newborn piglet to simulate clinical situations

for children. Diffuse optical techniques (DRS and DCS) weredemonstrated to have the long-term

stability and short-termsensitivityneeded for bedside patient monitoring. Injury induced hemo-

dynamic changes in the piglet brain were quantified optically through the intact scalp and skull.

In a second experiment (Section 5.2), the DCS technique was employed to non-invasively assess

cerebral autoregulation in healthy piglets.
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5.1 Traumatic Brain Injury Monitoring with Diffuse Optics

Traumatic brain injury is a leading cause of morbidity and mortality for children in the United

States, with a rate of approximately 200 per 100,000 children requiring hospitalization annu-

ally [133]. The increasing monetary costs result not only from the acute intensive care for these

patients but also often from the long-term care that may be necessary. Brain injuries in these

patients arise from both the primary trauma and secondary insults such as reductions in cerebral

blood flow, derangements in cerebral metabolism, and the ensuing ischemic injuries that can con-

tinue to progress well after the traumatic event. An understanding of the conditions of cerebral

oxygen supply and consumption and the measurement of cerebral blood flow (CBF ) acutely after

traumatic brain injury are therefore important clinicallyin order to optimize therapeutic efficacy.

This study used a non-impact inertial rotational model of closed head injury in neonatal piglets,

which produces a diffuse pattern of axonal injury similar tothat observed in severely head injured

infants [309]. The piglet brain is a good model since the gyral pattern, distribution of gray and

white matter, and normal cerebral blood flow and metabolism are similar to those of human infants

[103]. The pathology resulting from this rotational head injury has been well characterized and

includes axonal injury in both central and peripheral whitematter, subdural blood over the cerebral

hemispheres, brainstem, and cerebellum, and subarachnoidblood over the frontal cortex [309].

Furthermore, neuro-behavioral deficits in visual-based problem solving and exploration have been

observed [143]. However, the effects of this injury model oncerebral blood flow have not yet been

investigated. By contrast, fluid percussion injury (FPI) inneonatal piglets has been shown to cause

an immediate and sustained decrease in cerebral blood flow and a prolonged decrease in mean

arterial pressure up to 3 hours following injury, but relatively mild axonal injury and subarachnoid

bleeding [13,335].
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Diffuse reflectance spectroscopy (DRS) has been successfully used in measuring hemoglobin

concentrations and blood oxygen saturation in both human infants [85, 123, 193] and newborn

piglets, whose scalps and skulls are thin enough to allow forhigh signal-to-noise ratio [25,64,129,

188,216,222,273,367,429]. However, non-invasive continuous cerebral blood flow measurements

in human infants and piglets have been limited until now. In this study, we employed the hybrid

DRS/DCS technique (Section 3.1) to continuously monitor cerebral blood flow and oxygenation

changes of the newborn piglet after the traumatic brain injury. The experiments were conducted

to simulate a realistic clinical environment so that the feasibility of using the diffuse optical tech-

niques as bedside monitors, which require long-term stability and short-term sensitivity, could be

tested.

In this Section, I demonstrate that the diffuse optical techniques were sensitive to short-term

physiological changes, such as apnea, cardiac arrest, cardiopulmonary resuscitation (CPR) and hy-

pertonic saline infusion. The long-term optical measurement was stable and the recorded cerebral

hemodynamics after the injury were consistent with vital physiological parameters, including mean

arterial blood pressure (MAP), arterial oxygen saturation(SaO2) and heart rate (HR), etc., over the

entire monitoring period, suggesting the potential for using the diffuse optical techniques for bed-

side monitoring of cerebral hemodynamics in the neuro-intensive care unit (NICU). The traumatic

brain injury was found to have a significant impact on the cerebral hemodynamics and the cerebral

autoregulation. The later of which was assessed using correlation methods with continuous CBF

and MAP measurements.

This study is conducted in collaboration with Dr. Susan Margulies’ group at the Department

of Bioengineering. A manuscript is in preparation for publication [434].
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5.1.1 Materials and Methods

5.1.1.1 Animal Preparation and Measurement Procedure

Animal procedures were conducted in accordance with the guidelines established by the National

Institutes of Health and were approved by the InstitutionalAnimal Care and Use Committee at the

University of Pennsylvania. Eighteen anesthetized 3-5 dayold female piglets were used for the

study. Each animal in group 1 (n = 10) received a single rotational injury, each animal in group 2

(n = 4) received a sham injury, and each animal in group 3 (n = 4)received a single rotational injury

and a 5-minute hypertonic saline infusion at 30 minutes post-injury (Table 5.1). Each animal was

intubated and maintained on 2.0-2.5% isoflurane. Catheterswere placed in the femoral arteries

for blood pressure monitoring, and a femoral vein for salineand phenylephrine infusion. Vital

physiological parameters including mean arterial blood pressure (MAP, [mmHg]), heart rate (HR,

[beats per min, BPM]), arterial oxygen saturation (SaO2, [%]), end-tidalCO2 (EtCO2, [mmHg]),

body temperature (T, [oC]) and intracranial pressure (ICP, [mmHg]) were manually recorded every

five minutes for the duration of each study and continuous recordings were conducted whenever

available (Table 5.1). Supplemental oxygen and mechanicalventilator support were used as needed

to maintain normoxia and normocarbia.

The piglet scalp was shaved for the optical measurements, and baseline optical readings were

made. The optical probe was then removed, and the piglet headwas secured to a padded snout

clamp mounted to the linkage assembly of a HYGE pneumatic actuator (Bendix Corp), which

converts an impulsive linear motion to a rotational motion (Figure 5.1, [309]). Immediately prior

to injury, anesthesia was withdrawn. Brain injury was induced by a single rapid, 90o rotation of

the head in the horizontal direction without impact and witha mean peak angular velocity of 204
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Rest Injury

probe probe

Figure 5.1: Illustration of the piglet injury model and optical probe placement.

rad/s in group 1 and 209 rad/s in group 3. The center of rotation was the mid-cervical spine. After

injury, the animal was taken off the snout clamp, and the optical probe was replaced on the scalp.

Reflexive withdrawal to a pinch stimulus was assessed every minute for the first 15 min, then every

3 min thereafter. When the pinch reflex was positive, indicating return of consciousness, anesthesia

was resumed. Phenylephrine was administered as needed to maintain mean arterial pressure at

pre-injury baseline levels. Changes in cerebral blood oxygenation, hemoglobin concentrations and

blood flow relative to baseline were continuously measured optically beginning within the first 2-5

minutes after injury until 6 hours post-injury. At 6 hours post-injury, each piglet was sacrificed by

overdose of pentobarbital, and the brain was perfusion-fixed in formalin for other studies.
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Continuous Monitoring Dynamic Physiological Events
ID Group DOS + DCS MAP SaO2 HR ICP Apnea Apnea CPR HS∗

+ CA+ Infusion
1 1 yes no no no no 2 0 0 0
2 1 yes no no no no 1 0 1 0
3 1 yes no no no no 0 0 0 0
4 1 yes no no no no 1 0 1 0
5 1 yes no no no no 1 0 0 0
6 1 yes yes yes yes no 0 0 0 0
7 1 yes yes yes yes yes 0 0 0 0
8 1 yes yes yes yes yes 0 0 0 0
9 1 yes yes yes yes yes 1 0 0 0
10 1 yes yes yes yes yes 0 0 0 0

11 2 yes yes no no no 0 0 0 0
12 2 yes yes yes yes yes 2 0 0 0
13 2 yes yes yes yes yes 0 0 0 0
14 2 yes yes yes yes yes 0 0 0 0

15 3 yes yes no no no 1 2 0 1
16 3 yes yes no no no 1 0 0 1
17 3 yes yes no no no 0 0 0 1
18 3 yes yes yes yes no 0 0 0 1

Table 5.1: Animals used for the study. Each animal in group 1 (n = 10) received a single rotational
injury, each animal in group 2 (n = 4) received a sham injury, and each animal in group 3 (n = 4)
received a single rotational injury and a hypertonic salineinfusion at 30 minutes post-injury. MAP,
mean arterial blood pressure;SaO2, arterial oxygen saturation; HR, heart rate; ICP, intracranial
pressure; CA+, cardiac arrest; CPR, cardiopulmonary resuscitation; HS∗, hypertonic saline (3%).

5.1.1.2 Optical Probe Design and Data Acquisition

The measurements were performed using the hybrid DRS/DCS instrument described in Section

3.1. Figure 5.2 shows the design of the optical probe. Four multi-mode optical fibers (200µm)

were used as sources, four 1-mm fibers were used for DRS detections, and 4 single-mode optical

fibers (6µm) were used for DCS detections. The fibers were arranged into two columns, probing

the left and right hemispheres of the piglet brain respectively. The source-detector separation

ranged from 5 mm to 2 cm, and the measurement at each position took∼ 4 sec. A marker pen was
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Figure 5.2: Illustration of the optical probe. Four multi-mode source fibers (⋆), four 1-mm DRS
fibers (�) and four single-mode DCS fibers (�) were used for simultaneous DRS and DCS mea-
surements. The fibers were arranged into two columns, probing the left and right hemispheres of
the piglet brain respectively. The source-detector separation ranged from 5 mm to 2 cm, probing
hemodynamic changes in the piglet brain.

used to draw the outline of the probe position so that the probe was placed at the same location

on the piglet scalp before and after the injury. A custom madeblack cloth hood was used to

secure the optical probe onto the piglet head for the long-term monitoring. Whenever available

(Table 5.1), analog outputs from a blood pressure monitor (Grass Technologies, RI, USA), a pulse

oxymeter (Nellcor Puritan Bennett Inc. CA, USA) and an ICP monitor (Integra Corp., NJ, USA)

were continuously recorded simultaneously with the DRS andDCS measurements. The system

was fully automated, and marks were made and saved for the co-registration of various events.
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5.1.1.3 Assessment of Cerebral Autoregulation

In the current study, correlation methods were employed to evaluate the cerebral autoregulation ca-

pability of the injured and control animals. The first approach calculates the correlation coefficient

(R) between rCBF and MAP over the entire monitoring period (6 hours). In the second approach,

a dynamic correlation index (Mx-MAP) between rCBF and MAP was calculated. Briefly, the

recorded rCBF and MAP data were segmented into five-minute blocks. The correlation coefficient

between rCBF and MAP was calculated for each block to reflect the relationship of spontaneous

fluctuations in rCBF and MAP. The dynamic correlation indices over the entire monitoring pe-

riod were averaged to obtain the average correlation index (Mx-MAP) of that animal. Recently,

this non-invasive dynamic correlation method has been explored successfully in clinical settings to

assess cerebral autoregulation in TBI patients with cerebral blood flow measured by transcranial

Doppler ultrasonography [91, 224, 225, 233, 296]. A high correlation index from either approach

would indicate passive rCBF response to the MAP fluctuations, which is a sign of impaired cerebral

autoregulation.

5.1.1.4 Data Analysis

Since the phase signal in our measurements had low signal-to-noise ratio (SNR) compared to

the amplitude signal, a semi-infinite differential path-length factor (DPF) method [109, 129, 352]

based on a modified Beer-Lambert law [97] was employed to analyze the changes inµa at each

wavelength (685 nm, 785 nm and 830 nm) using the amplitude information alone. Changes in

oxy-hemoglobin concentration (∆HbO2) and deoxy-hemoglobin concentration (∆Hb) were ex-

tracted from the wavelength-dependent∆µa. The combination of these yielded the changes in
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total hemoglobin concentration (THC = ∆HbO2 + ∆Hb + THC0) and blood oxygen satura-

tion (StO2 = ∆HbO2+THC0·StO20
THC × 100%), where the baseline total hemoglobin concentration

(THC0) and blood oxygenation (StO20) in the piglet brain were assumed to be42µM and60%,

respectively [129,190]. Here,µ′s of the piglet brain was assumed to be 10cm−1 according to liter-

ature [190,429]. Note that a prefix “r” is used throughout thestudy to indicate the relative change

of a parameter compared to its baseline value, e.g.rTHC = THC/THC0.

The semi-infinite solution to the correlation diffusion equations (Equation 2.40, [48]) was used

for the DCS blood flow data analysis. The absorption coefficient (µa) of the piglet brain at 785 nm

was continuously obtained from the DRS analysis, and used for fitting the DCS auto-correlation

curves to minimize the influence of THC changes on rCBF measurements. Noise in the DCS

correlation curve,σ(τ), was estimated from the model described in Section 2.2.3 andemployed

to improve the curve fit [436]. The total thickness of the scalp and skull layers of the piglet

brain was less than 4 mm, and therefore they should have minimal influence on the accuracy

of cerebral hemodynamic changes, especially relative changes, measured at large source-detector

separations [129,188,190]. Mean± standard deviations of cerebral hemodynamic parameters (Hb,

HbO2, THC, StO2, and RCBF) from large source-detector separations (1 cm, 1.5 cm and 2 cm)

were reported for each individual animal. The results from each experimental group were reported

as mean± standard errors. One way repeated measures ANOVA was employed to statistically

interpret the group results. When significant differences were found, a Student t-test was used to

determine the time point the significant changes occurred. Significance was adjusted for multiple

comparisons using Bonferroni Correction to bep ≤ 0.01.
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5.1.2 Results and Discussions

5.1.2.1 Repeatability of Probe Placement

The repeatability of probe placement may influence the accuracy of our diffuse optical mea-

surements. In order to test that effect, double baseline measurements were conducted in six

animals. After the first baseline measurement, the optical probe was removed from the piglet

head and replaced back for the second baseline measurement.Good repeatability was observed

(rCBF = 101±7%, p = 0.88, rTHC = 108±12%, p = 0.54 andrStO2 = 107±7%, p = 0.45

compared to the first baseline), indicating minimal influence of probe placement on the accuracy

of the optical cerebral hemodynamic measurements.

5.1.2.2 Stable Long-Term Monitoring

Fourteen injured piglets survived six hours (n = 10 for group 1 andn = 4 for group 3). Figure 5.3

shows the results of the six-hour monitoring from a representative animal. Cerebral hemodynamic

parameters, such as THC,StO2 and rCBF, were measured with DRS and DCS and are plotted

in the top three panels. Vital physiological parameters, such as MAP,SaO2 and heart rate, were

continuously recorded and are displayed in the bottom threepanels. In this animal, THC increased

to about84µM immediately after the injury, then gradually increased to about 110µM within

the first 2 hours and stayed at that level until 6 hours. Blood oxygen saturation in the brain tissue

(StO2) and from the artery (SaO2) were relatively stable throughout the 6-hour monitoring period.

However, immediately after the injury, rCBF, MAP and HR wereelevated (rCBF ≈ 140%,

MAP ≈ 94mmHg andHR ≈ 245BPM ), and then they decreased dramatically within the first

10 minutes. At about 15 minutes post injury, phenylephrine was infused (between markM1 and

M2) through the femoral vein and provided an increase in MAP as well as an increase in rCBF.
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Figure 5.3: Stable long-term monitoring from a representative animal. Cerebral hemodynamics
(THC, StO2 and rCBF) measured with DRS and DCS are plotted in the top three panels, while
vital physiological parameters (MAP,SaO2 and HR) are displayed in the bottom three panels.
Good correlation between changes in MAP and rCBF were observed. Vertical bars mark various
physiological events: betweenM1 andM2, phenylephrine infusion;M3, M4 andM5, boluses of
hypertonic saline (3%) injection.
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Between 4 hours and 5.5 hours, three boluses of hypertonic saline (3%) were injected to the animal

(M3, M4 andM5). Good correlation between changes in MAP and rCBF were observed. Changes

in HR were not found particularly correlated with rCBF changes over the six hours. Similar and

consistent profiles were observed from other animals in group 1 and 3. Cerebral hemodynamics

measured with diffuse optics were found to be stable and consistent with vital parameter recordings

over the entire monitoring period.

5.1.2.3 Impaired Cerebral Autoregulation in Injured Piglet

As mentioned above, strong correlations between rCBF and MAP were found in the injured ani-

mal groups (group 1 and 3). Figure 5.4 shows a representativeexample from an injured animal.

As can be seen from Figure 5.4(b), the rCBF fluctuations matchthe changes in MAP very well.

Figure 5.4(a) plots the rCBF changes versus MAP for the entire monitoring period. A strong cor-

relation (R = 0.75) was observed for this animal. On the other hand, the dynamiccorrelation

index (Mx-MAP) was calculated for each 5-minute block and isdisplayed in Figure 5.4(c) for the

entire 6 hours. Good short-term correlations were also observed between rCBF and MAP (average

Mx-MAP value is 0.54), suggesting passive CBF response to the fluctuations in systematic blood

pressure (impaired cerebral autoregulation). These results also demonstrated the sensitivity of the

DCS technique on cerebral blood flow measurements in piglet.

The correlation coefficient between rCBF and MAP over the entire monitoring period and the

average dynamic correlation index (Mx-MAP) were calculated from nine injured animals in group

1 and 3 (n = 9) and four control animals in group 2 (n = 4), whose MAP was continuously

recorded for six hours (Table 5.1). The average correlationcoefficient over the entire monitoring

period from the injured animals was found to be0.51±0.10, which is significantly higher compared
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Figure 5.4: rCBF-MAP correlation from a representative injured animal (piglet-081006). (a) rCBF
vs MAP plot over the entire monitoring period (6 hours). The correlation coefficient between rCBF
and MAP isR = 0.75. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation
coefficient between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is
0.54.
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to the control group (0.03 ± 0.16, p = 0.02), indicating impaired cerebral autoregulation in the

injured animals. On the other hand, the dynamic correlationindex, Mx-MAP, was also found

marginally higher in the injured animals compared to the control animals (0.46 ± 0.03 for the

injured group and0.33 ± 0.05 for the control group;p = 0.07). The data from each individual

animal is presented in Appendix 5.4.

5.1.2.4 Sensitive to Short-Term Dynamic Physiological Events

The diffuse optical techniques were also found to be sensitive to dynamic physiological events,

such as apnea, cardiac arrest and cardiopulmonary resuscitation (CPR) and hypertonic saline infu-

sion. A few examples are shown in this section to demonstratethe temporal cerebral hemodynamic

changes during these events.

Apnea

Apnea is the period when the animal suspends breathing [278]. Six events of spontaneous apnea

were observed and recorded from five animals in group 1, whiletwo apnea events were observed

from two animals in group 3 and one animal in group 2 respectively (Table 5.1). Figure 5.5 shows

two examples of apnea. In the first case, apnea caused a significant drop of oxygen levels in the

bloodstream (SaO2 decreased to33% from 100%). As a result, MAP increased by26mmHg,

increasing the amount of blood delivered to the brain (rCBF increased by36%) to compensate

for the decrease in brain oxygen saturation (StO2 decreased by∼ 2%). The dynamics were suc-

cessfully captured optically. When the mechanical ventilator was turned on (the vertical marks in

Figure 5.5), and all physiological parameters were broughtback to their pre-apnea states. Strong

correlation between rCBF and MAP was observed during the apnea event (R = 0.86). Since the
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Figure 5.5: Cerebral hemodynamic changes during apnea fromtwo representative animals. (a)
Apnea caused a significant drop inSaO2. MAP increased significantly and raised rCBF to com-
pensate the decrease inStO2. Turning on the ventilator (the vertical marks) normalizedall the
physiological parameters to pre-apnea states. Strong correlation between rCBF and MAP was ob-
served during the event (R = 0.86). (b) Consistent trend was observed in another apnea event.
Strong correlation between rCBF and MAP was observed (R = 0.96).
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duration and the response to apnea is different from animal to animal, the change of the cerebral

hemodynamics varied. However, the same trend (StO2 decreased, MAP increased and rCBF in-

creased) was found consistently in all the apnea events we observed (see Figure 5.5(b) for another

example.SaO2 data is not available for this animal).

Apnea Followed by Cardiac arrest

Two periods of permissive apnea were followed by cardiac arrest. These events were observed in

one group 3 piglet and cerebral hemodynamic changes during the events were recorded optically.

As shown in Figure 5.6(a), the onset of the apnea (at about 182min) followed the same trend

observed from a regular apnea (StO2 decreased to48%, MAP increased to66mmHg, and rCBF

increased to46% of the pre-injury level). Cardiac arrest occured about 3 minutes after the onset

of the apnea (the vertical marks in Figure 5.6), and resultedin a significant decrease in MAP to

13mmHg. As a result, rCBF decreased dramatically to13% andStO2 decreased further to37%,

since not enough oxygen was delivered to the brain. About 4 minutes later, the animal sponta-

neously recovered from the cardiac arrest. An overshoot wasseen in MAP, which then gradually

normalized to the pre-apnea level, while rCBF andStO2 returned to the pre-apnea level without

overshoot observed. Very interestingly, the same “bi-phasic” dynamic change was observed in the

same animal two hours later (Figure 5.6(b)) and diffuse optical techniques succeeded capturing the

cerebral hemodynamic changes during the event.

Cardiopulmonary Resuscitation

Cardiopulmonary resuscitation (CPR) was performed in two group 1 animals who showed signs

of cardiac arrest (Table 5.1). Figure 5.7 shows a representative cerebral hemodynamic profile from
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Figure 5.6: Cerebral hemodynamic changes during apnea followed by cardiac arrest events. (a)
The onset of the apnea followed the same trend observed in Figure 5.5. Cardiac arrest (the vertical
mark) resulted in a significant decrease in MAP and rCBF. As a result,StO2 decreased further
since not enough oxygen was delivered to the brain. After theanimal spontaneously recovered
from the cardiac arrest,StO2, rCBF and MAP gradually normalized to the pre-apnea levels.(b)
The same “bi-phasic” dynamic change was observed in the sameanimal two hours later.
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Figure 5.7: Cerebral hemodynamic changes during cardiopulmonary resuscitation (CPR). CPR
were performed when a sign of cardiac arrest was observed (the vertical mark). The two-and-half-
minute CPR significantly increased THC,StO2 and rCBF.

one of the CPR event. In this animal, rCBF decreased rapidly after the injury. At about 10 minutes

post-injury, a significant decrease in heart rate was observed as the sign of cardiac arrest, and the

CPR was performed. As can be seen from Figure 5.7, the two-and-half-minute CPR effectively

raised rCBF from32% to 96% of the pre-injury level. THC andStO2 were slightly increased from

57µM to 61µM and from47% to 49% respectively. THC,StO2 and rCBF continued to increase

and stablized about two minutes after the resusitation.
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Figure 5.8: Cerebral hemodynamic changes during hypertonic saline (3%) infusion. The infusion
effectively elevated rCBF and MAP. The vertical bars indicate the start and the end of the infusion.

Hypertonic Saline Infusion

Hypertonic saline (3%) was widely employed in clinics to increase systematic blood pressure

(MAP) by pulling water from the tissue compartments to the circulation system. Four piglets in

group 3 were infused with hypertonic saline over a 5-minute period at about 30 minutes post-injury.

Temporal changes of rCBF and MAP from one representive example is displayed in Figure 5.8.

The infusion effectively elevated rCBF and MAP by24% (pre-injury) and12mmHg respectively

for this animal and the rCBF and MAP changes were found well correlated (R = 0.95). Consistent

trends were observed from other animals with hypertonic saline infusion (data not shown).
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Figure 5.9: Average injury effects on Hb,HbO2, THC andStO2 for animals in group 1 (n = 10).
The traumatic brain injury has a significantly impact on cerebral hemoglobin concentrations and
oxygen saturation. Compared to the pre-injury level, rHb,rHbO2 and rTHC increased significantly
right after the injury and continued increasing over the sixhours. StO2 dropped significantly
within 1 hour post-injury, although it gradually normalized to the pre-injury level after three hours.
“*” in the plots indicates significant difference from the pre-injury (p ≤ 0.01).
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Figure 5.10: Average injury effects on rCBF (n = 10). rCBF decreased significantly right after the
injury and continued at that level over the six hours. “*” in the plots indicates significant difference
from the pre-injury (p ≤ 0.01).

5.1.2.5 Average Injury Effects

Although each animal experienced individual care and had a distinct temporal hemodynamic re-

sponse to the traumatic brain injury, similar trends can be observed within the injury and control

groups. Figure 5.9 and 5.10 demonstrate the average injury effects on cerebral hemodynamics

measured optically from ten injured piglets in group 1. The traumatic brain injury was found to

have a significant impact over time on cerebral hemoglobin concentrations (ANOVA,p = 0.001

for rHb, p = 0.01 for rHbO2 andp = 0.005 for rTHC) and blood flow (p = 3× 10−7 for rCBF).

Compared to the pre-injury level, rHb,rHbO2 and rTHC increased67 ± 13% (p = 0.0006),

24 ± 13% (p = 0.1) and41 ± 11% (p = 0.005) respectively immediately after the injury and

continued increasing over the six hours (Figure 5.9(a-c)).These results were consistent with the

observation of the subdural hematoma (SDH) in the piglet brain after the animal was sacrificed and

the brain removed.StO2 dropped significantly within 30 minutes post-injury (StO2 = 52 ± 3%,
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p = 0.02 right after the injury and54 ± 2%, p = 0.009 at 30 minutes post-injury). However, it

gradually normalized to the pre-injury level after one hour(Figure 5.9(d)). rCBF decreased signif-

icantly to50± 6% of pre-injury level (p = 0.00003) immediately after the injury and continued at

that level over the six hours (Figure 5.10). The decrease of rCBF is in consistent with the finding

of the SDH, which is accompanied with the damage of the cerebral vasculatures. On the other

hand, the influence of SDH on the accuracy of the DCS measurements was minimized, since the

absorption coefficient of the piglet brain was contineouslymonitored and incorporated in the DCS

data analysis (Section 5.1.1.4). In comparison, no significant changes in rHb (ANOVA,p = 0.32),

rHbO2 (p = 0.68), rTHC (p = 0.18), StO2 (p = 0.92) and rCBF (p = 0.87) were observed over

the six hours from the control group (n = 4).

The significant impact on cerebral hemodynamics induced by traumatic brain injury was ob-

served by other researchers [12, 13, 108, 120]. The persistent 50 % reduction of CBF is consistent

with the results from TBI human patients [56,57] and variousanimal TBI models [13,102,335,408,

424]. Boumaet al [56,57] reported less than 25 ml/min/100g CBF values in the first few hours in

adult patients with severe TBI, while the normal CBF in adulthumans is 45-50 ml/min/100g [285].

A 40-50 % CBF reduction which persisted for about 4 hours was reported in rats with fluid per-

cussion injury (FPI) [408, 424]. Shibataet al [335] and Armsteadet al [13] also observed 30 %

decreases in CBF for 3 hours after the fluid percussion injuryfrom newborn piglets. The observed

significant hemoglobin concentration increases and blood flow reduction could be attributed to the

damage of the cerebral vasculature. However, further investigations, such as tissue histology, are

needed to address the mechanism of the injury effects.
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5.2 Cerebral Autoregulation in Healthy Piglets

Cerebral autoregulation [287] is an important protection mechanism the brain has developed, which

allows CBF to remain relatively constant despite changes incerebral perfusion pressure (CPP =

MAP - ICP) within a certain range, where the brain automatically adjusts the cerebral vascular

resistance (CVR) in response to the variations of CPP and MAPto keep the CBF constant. Out-

side the autoregulation limits, the vasomotor adjustmentsare exhausted and CVR cannot either

increase or decrease further to regulate CBF. Therefore, CBF responses passively to the CPP and

MAP variations. The limits of the cerebral autoregulation can be greatly influenced by traumatic

brain injury [153]. The continuous measurement of rCBF withDCS allowed the non-invasive in-

vestigation of cerebral autoregulation. In this Section, Ipresent our preliminary explorations of

cerebral autoregulation in healthy piglets under different anesthesia. This study is also conducted

in collaboration with Dr. Susan Margulies’ group at the Department of Bioengineering.

5.2.1 Animal Preparation and Measurement Procedure

Animal procedures were conducted in accordance with the guidelines established by the National

Institutes of Health and were approved by the InstitutionalAnimal Care and Use Committee at

the University of Pennsylvania. In the first group (Group I, n=5), the piglet was anesthetized with

3 − 4% isoflurane until the pinch reflex was extinguished and then intubated and maintained on

a mechanical ventilator with∼ 1% isoflurane along with a midazolam (90-300µg/kg/hr) and

ketamine (6-10mg/kg/hr). Animals in Group II (n=4) were anesthetized with approximately

2% isofluorane. No ketamine or medazolam was used. Catheters were inserted into the femoral

arteries and femoral veins for measurement of blood pressure and for drug administration and blood

withdrawal. The scalp was shaved, and incisions were made over the right and left parietal skull.
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Figure 5.11: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-101206, Group I). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.

137



A bolt was placed in the left parietal skull, and a Camino ICP probe (Integra Corp., NJ, USA) was

inserted via the bolt into the subarachnoid space. Therefore, cerebral perfusion pressure (CPP),

which is the direct driving force for CBF, can be calculated from the MAP and ICP measurements.

The DCS probe was placed midline over the right parietal skull and baseline measurements

were recorded. Blood was then withdrawn into heparinized (2.5 units/cc) syringes until the MAP

dropped by 5 mmHg (∼ 20cc blood drawn). As shown in Figure 5.11, The MAP was held at that

value by making smaller volume adjustments for at least 2 minutes. This process was repeated,

dropping the MAP by 5mmHg/2minutes, until it reached a minimum level of about 35mmHg

(betweenM1 andM2). The blood was then slowly returned to the piglet (betweenM2 andM3).

After the animal was stabilized, a phenylephrine infusion was begun at 125µg/hr to increase MAP

by 5mmHg. The rate was adjusted by 25-50µg/hr increments to maintain this pressure increase

for 2 minutes. This process was repeated, increasing the phenylephrine rate by 50-100µg/hr

increments to increase the MAP by 5mmHg every 2 minutes, until MAP reached a maximum

value of about 100mmHg (betweenM4 andM5). The phenylephrine rate was then titrated back

down to zero over 5 minutes, and the piglet was allowed to stabilize.

5.2.2 Results and Discussions

Dynamic changes of THC,StO2, rCBF, MAP, ICP and CPP during the entire procedure from

a representative piglet in Group I are plotted in Figure 5.11. BetweenM1 and M2, the blood

withdraw resulted in a decrease of THC from 56µM to 50µM , a decrease ofStO2 from 65 % to

49 %, a decrease of rCBF from 107 % to 65 %, a decrease of MAP from66 mmHg to 34 mmHg,

an increase of ICP from 5 mmHg to 7 mmHg and a decrease of CPP from 61 mmHg to 27 mmHg.

After the blood was returned to the piglet (betweenM2 andM3), THC, StO2, MAP, and CPP
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Figure 5.12: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-101206,
Group I). The well-known autoregulating regime corresponds to the flat region where CBF is
roughly constant. Outside the lower/upper thresholds (THL/THH) CBF is passive in response
to MAP or CPP changes.
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were normalized to the baseline (beforeM1) level, while rCBF and ICP were elevated (rCBF≈

%, ICP≈ mmHg). After resting for about 20 minutes, the infusion of phenylephrine (betweenM4

andM5) increased MAP from 66 mmHg to 94 mmHg. THC,StO2 and ICP were relatively stable

during the phenylephrine infusion, while rCBF was increased from 106 % to 152 %, and CPP was

increased from 57 mmHg to 83 mmHg.

In order to study cerebral autoregulation, rCBF changes during the blood withdraw (between

M1 andM2 in Figure 5.11) and the phenylephrine infusion (betweenM4 andM5) were plotted

versus MAP (Figure 5.12(a)) and CPP (Figure 5.12(b)) respectively. As can be seen from both

cases, rCBF measured with DCS is able to follow the healthy “autoregulation curve” [287], show-

ing decreased rCBF below a threshold (THL), a range of MAP (or CPP) where the autoregulation

is able to maintain rCBF relatively constant, and another threshold (THH) above which rCBF in-

creases with increasing MAP (or CPP). The lower and upper thresholds can be determined to be

66 mmHg and 88 mmHg for MAP, and 57 mmHg and 78 mmHg for CPP in this animal. Results

from other animals are presented in Appendix 5.5. These results are promising and it indicates that

cerebral autoregulation can be followed non-invasively using the DCS technique.

On the other hand, cerebral hemodynamics and blood pressurechanges during the autoreg-

ulation procedure from a piglet in Group II are displayed in Figure 5.13. rCBF changes during

the blood withdraw (betweenM1 andM2) and the phenylephrine infusion (betweenM4 andM5)

were plotted versus MAP (Figure 5.14(a)) and CPP (Figure 5.14(b)) respectively. However, cere-

bral blood flow was found completely passive in response to the changes of MAP and CPP. No

plateau region was found in this animal. Similar results were observed from other animals in

Group II, as are shown in Appendix 5.5. Further analysis is currently in progress to determine the

influence of anethesia on cerebral autoregulation in newborn piglets.
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Figure 5.13: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-041206, Group II). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.

141



20 40 60 80 100
0

50

100

150

200

250

rC
B

F
 (

%
)

MAP (mmHg)
(a)

0 20 40 60 80
0

50

100

150

200

250

rC
B

F
 (

%
)

CPP (mmHg)
(b)

Figure 5.14: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-041206,
Group II). The rCBF is passive in response to MAP or CPP changes, indicating a lost of cerebral
autoregulation.
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5.3 Conclusions

In summary, diffuse optical techniques (DRS and DCS) have demonstrated thesensitivityandsta-

bility needed for bedside patient monitoring. Cerebral hemodynamic changes during physiological

perturbations, such as apnea, cardiac arrest, cardiopulmonary resuscitation and hypertonic saline

infusion, were continuously picked up optically. These dynamic changes are of great value to the

understanding of brain physiology under healthy and pathological conditions. Cerebral hemody-

namics measured from the injured animals were found consistent with the physiologic measure-

ments, such as mean arterial blood pressure, arterial oxygen saturation and heart rate, and can be

used complementarily by the doctors for better diagnosis and treatment of the patients. DCS has

also demonstrated the ability to assess cerebral autoregulation in healthy and injured animals. We

have observed significant impairment of cerebral autoregulation in the injured piglets compared to

the control animals. The non-invasive nature of the diffuseoptical techniques shows great promise

for its widely acceptance in clinical applications, such asbedside monitoring in the intensive care

unit for both infants and adult humans.

5.4 APPENDIX I: rCBF-MAP Correlation in Injured and Control

Animals

In this Section, I compare the rCBF-MAP correlation from theinjured and the sham injury piglets.

Data from each individual animal is presented (Injured animals: Figure 5.15 - Figure 5.22; Control

animals: Figure 5.23 - Figure 5.26). In each figure, rCBF is plotted versus MAP in subfigure (a)

and the correlation coefficient (R) is calculated over the entire monitoring period (6 hours).The

value is reported in the figure caption. In subfigure (b), the temporal profiles of rCBF and MAP
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are plotted side-by-side. The rCBF and MAP changes were segmented into 5-min blocks and

the dynamic correlation index (Mx-MAP) was calculated for each block. The resultant Mx-MAP

changes over the 6 hours are presented in subfigure (c). The average Mx-MAP value over the entire

monitoring period for each animal is reported in the figure caption.

144



20 30 40 50 60 70 80
0

50

100
rC

B
F

 (
%

)

MAP (mmHg)

(a)

  0 0.5   1 1.5   2 2.5   3 3.5   4 4.5   5 5.5   6
0

50

100

rC
B

F
 (

%
)

Time after Injury (hr)

(b)

0

50

100

M
A

P
 (

m
m

H
g)

  0 0.5   1 1.5   2 2.5   3 3.5   4 4.5   5 5.5   6
−1

−0.5

0

0.5

1

M
x−

M
A

P

Time after Injury (hr)

(c)

Figure 5.15: rCBF-MAP correlation from piglet-041906 (axial injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = 0.43. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.57.
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Figure 5.16: rCBF-MAP correlation from piglet-092106 (axial injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = −0.04. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.26.
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Figure 5.17: rCBF-MAP correlation from piglet-092606 (axial injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = 0.66. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.55.
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Figure 5.18: rCBF-MAP correlation from piglet-101706 (axial injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = 0.69. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.49.
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Figure 5.19: rCBF-MAP correlation from piglet-011006 (axial injury with HS). (a) rCBF vs MAP
plot over the entire monitoring period (6 hours). The correlation coefficient between rCBF and
MAP is R = 0.19. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation
coefficient between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is
0.31.
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Figure 5.20: rCBF-MAP correlation from piglet-011206 (axial injury with HS). (a) rCBF vs MAP
plot over the entire monitoring period (6 hours). The correlation coefficient between rCBF and
MAP is R = 0.52. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation
coefficient between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is
0.41.
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Figure 5.21: rCBF-MAP correlation from piglet-012406 (axial injury with HS). (a) rCBF vs MAP
plot over the entire monitoring period (6 hours). The correlation coefficient between rCBF and
MAP is R = 0.46. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation
coefficient between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is
0.52.
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Figure 5.22: rCBF-MAP correlation from piglet-051106 (axial injury with HS). (a) rCBF vs MAP
plot over the entire monitoring period (6 hours). The correlation coefficient between rCBF and
MAP is R = 0.89. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation
coefficient between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is
0.50.
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Figure 5.23: rCBF-MAP correlation from piglet-122005 (sham injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = 0.05. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.24.

153



40 45 50 55 60 65 70 75 80
60

80

100

120
rC

B
F

 (
%

)

MAP (mmHg)

(a)

  0 0.5   1 1.5   2 2.5   3 3.5   4 4.5   5 5.5   6
0

50

100

150

rC
B

F
 (

%
)

Time after Injury (hr)

(b)

0

50

100

M
A

P
 (

m
m

H
g)

  0 0.5   1 1.5   2 2.5   3 3.5   4 4.5   5 5.5   6
−1

−0.5

0

0.5

1

M
x−

M
A

P

Time after Injury (hr)

(c)

Figure 5.24: rCBF-MAP correlation from piglet-082306 (sham injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = 0.47. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.40.
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Figure 5.25: rCBF-MAP correlation from piglet-050907 (sham injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = −0.30. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.44.
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Figure 5.26: rCBF-MAP correlation from piglet-060507 (sham injury). (a) rCBF vs MAP plot
over the entire monitoring period (6 hours). The correlation coefficient between rCBF and MAP is
R = −0.10. (b) Temporal profiles of rCBF and MAP changes. (c) Dynamic correlation coefficient
between rCBF and MAP (Mx-MAP) in 5-min blocks. The average Mx-MAP value is 0.24.

156



5.5 APPENDIX II: Cerebral Autoregulation in Healthy Piglet s

In this Section, I present all the data for the autoregulation study on healthy piglets (except the

ones presented in Section 5.2). The experimental protocol is described in Section 5.2.1. For each

animal, cerebral hymodynamics measured optically (THC, StO2 andrCBF ) and physiological

parameters (MAP, ICP and CPP) were plotted to illustrate thedynamic changes during the whole

procedure. rCBF data during the blood withdraw and phenylephrine infusion was plotted against

MAP and CPP in a separate figure. Figure 5.27 to 5.34 present the results from Group I animals

anethesized with∼ 1% isoflurane along with a midazolam (90-300µg/kg/hr) and ketamine (6-10

mg/kg/hr), while Figure 5.35 to 5.40 show the results from Group II animals anesthetized with

approximately 2% isofluorane. No ketamine or medazolam was used.
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Figure 5.27: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-041107, Group I). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.28: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-041107,
Group I). The discontinuity in the plots is due to the baseline shift in rCBF after the blood infusion.
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Figure 5.29: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-041207, Group I). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.30: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-041207,
Group I). The discontinuity in the plots is due to the baseline shift in rCBF after the blood infusion.
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Figure 5.31: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-051007, Group I). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.32: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-051007,
Group I).
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Figure 5.33: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-060607, Group I). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.34: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-060607,
Group I).
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Figure 5.35: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-040606, Group II). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.36: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-040606,
Group II). The rCBF is passive in response to MAP or CPP changes, indicating a lost of cerebral
autoregulation.
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Figure 5.37: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-051806, Group II). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.38: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-051806,
Group II). The rCBF is passive in response to MAP or CPP changes, indicating a lost of cerebral
autoregulation.
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Figure 5.39: THC,StO2, rCBF, MAP, ICP and CPP changes during the autoregulation study in a
healthy piglet (piglet-082906, Group II). BetweenM1 andM2, MAP was lowered by withdrawing
blood from the piglet; BetweenM2 andM3, the blood was slowly returned to the piglet; Between
M4 andM5, phenylephrine was infused at various rate to increase MAP.
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Figure 5.40: rCBF vs MAP (a) and CPP (b) measured on a healthy piglet brain (piglet-082906,
Group II). The rCBF is passive in response to MAP or CPP changes, indicating a lost of cerebral
autoregulation.
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Chapter 6

Ischemic Stroke Management in Adult

Humans with Diffuse Optics

The goal of most medical interventions in acute stroke care is to maximize blood perfusion in

the affected region and surrounding ischemic penumbra. Strategies to increase cerebral blood

flow (CBF) include keeping the patient flat, vigorous intravenous hydration, withholding of anti-

hypertensive therapy, and, sometimes, hypertensive therapy with pressor drugs. These interven-

tions are prescribed either empirically or on the basis of neurological changes and are based on

the premise that normal autoregulation of CBF is disrupted and that perfusion of the infarcted and

penumbral regions are dependent on perfusion pressure [93,154]. Direct measurement of brain

perfusion at the bedside could allow interventions that increase CBF to be optimized and adminis-

tered before the onset of neurological symptoms. In addition, any risks of these interventions could

be avoided in patients demonstrating preserved cerebrovascular autoregulation.

Non-invasive imaging modalities such as15O-PET, single photon emission computed tomog-

raphy (SPECT), dynamic susceptibility contrast or arterial spin labeled bolus tracking perfusion
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MRI (ASL-MRI), and Xenon-CT have been used to measure CBF in stroke patients [24, 70, 213,

228,251,400]. However, these methods are costly, utilize instrumentation that is not portable, and

are restricted to measuring CBF while the patient is supine.Therefore they tend to be used once,

if at all, during the course of a patient’s hospitalization.

The only clinically accepted modality available for serialmonitoring of CBF at the bedside

is Transcranial Doppler (TCD) ultrasonography [38, 215] which measures flow velocities in the

major arteries supplying the brain. Only the proximal portions of the intracranial arteries are

insonated, and TCD provides no information about microvasculature perfusion through collateral

vessels. Furthermore, since velocity changes correspond to CBF changes only if vessel diameters

do not change, TCD has limited utility in stroke evaluation [297], with the best success in patients

with proximal arterial occlusions [7]. TCD has previously been used to monitor the effects of

head-of-bed (HOB) positioning on middle cerebral artery (MCA) velocity in patients with large

hemispheric strokes [314, 329]. MCA velocity was shown to decrease with elevation of HOB, but

only patients with partial recanalization of the MCA could be studied, and the effects of collateral

circulation on tissue perfusion could not be assessed.

In this Chapter, I explore the potential of diffuse optics for CBF monitoring at the bedside. As

a first step towards evaluation of the clinical utility of bedside optical CBF monitoring, we hypoth-

esized that optical probes placed on the forehead of acute stroke patients could detect differences in

autoregulatory impairment between the affected and unaffected hemispheres. By studying stroke

patients at several different time points during the early phase of recovery, we also sought to eval-

uate the rate at which stroke patients recover autoregulatory function. This study is conducted in

collaboration with Dr. John Detre’s group at the Departmentof Neurology. Part of this data was

published in an abstract form [118] and a manuscript is in preparation [117].
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6.1 Methods

6.1.1 Study Design and Patient Enrollment

This prospective observational study was conducted at the Hospital of the University of Pennsylva-

nia between October 2005 and October 2006. The study protocol was approved by the institutional

review board at the University of Pennsylvania. Written consent was provided by patients or their

family members. Sequential patients admitted to the strokeservice with radiographic evidence

or clinical suspicion of acute ischemic stroke involving the frontal lobe cortex were recruited to

participate in the study. Exclusion criteria included intracranial hemorrhage on initial CT or MRI

scan and inability to lie supine for∼ 15 minutes.

The National Institute of Health Stroke Scale (NIHSS) was scored for each patient by a neu-

rologist at the time of admission. Vascular risk factors were ascertained from verbal history and

available medical records. Stroke etiology was determinedaccording to the TOAST criteria [4].

A neurologist reviewed all available CT and MRI images and reports to determine the infarct lat-

erality, involved vessel(s), and the affected lobe(s) of the brain. Orthostatis was defined by the

presence of worsening neurological symptoms with elevatedHOB position.

Patients agreed to optical measurements on three separate days at the time of enrollment. Op-

tical probes were placed on the forehead to measure rCBF in both frontal lobes for 5 minutes each

at HOB angles of 30o, 15o, 0o, -5o, and 0o sequentially (Figure 6.1, top). If a patient experienced

new or worsening neurological symptoms at any time, the optical measurement was discontinued.
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Figure 6.1: Experiment protocol (top) and illustration of probe placements and the sensitivity
volume (gray shaded area) overlaid on a CT scan (bottom).
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Figure 6.2: Example intensity auto-correlation data measured at HOB = 30o and -5o.

6.1.2 DCS Measurements and Analysis

Figure 6.1 shows a schematic of a diffuse optical measurement. Two small, black foam pads were

used as fiber holders. Each pad had one source and two detectorfibers for DCS measurements. In

order to improve quantification, concurrent DOS/DRS data were also obtained using an additional

detector fiber and three other illumination wavelengths on each pad (Section 3.1.1). A group of

sources and detectors touch the surface of the tissue to be probed. Emitted photons that reach

the detector have a high probability of traveling through a volume indicated by the gray shaded

region. This “detection volume” depends on the tissue optical properties and the source-detector

separation. Any changes in the tissue optical properties ortissue dynamics in this volume, such

as those due to a HOB position change, are detectable from theintensity auto-correlations shown

in Figure 6.2. In this case, a faster decay is observed when the HOB is lowered from 30o to -5o

indicating an increase in CBF.
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A semi-infinite model was assumed for the head with corrections for the presence of∼1 cm of

scalp/skull above the cortex. This model was then iteratively fit to the measured auto-correlation

functions and a blood flow index (αDB) for each hemisphere was extracted every 8 seconds [76,

116, 119]. These indices for a given HOB angle were then averaged and divided by the average

value at the 30o baseline, hence measuring CBF relative to that at 30o, i.e. rCBF30o . The standard

deviations are displayed as error bars.

6.1.3 Statistical Analysis

To estimate and test for changes in mean rCBF, we fit linear mixed effects (LME) models as

implemented in library “nlme” in R (http://www.r-project.org) [300]. This approach accounts for

the correlations between repeated measurements for each patient. All tests of relevant coefficients

from the model were two-sided and used a Type I error rate of 0.05. We assessed changes in mean

rCBF30o as a function of the effect of three factors of interest: HOB,presence of an infarction

in a given hemisphere, and number of days since reported stroke onset (NDAY). We modeled the

variability in rCBF30o as a function of the side of infarction based on analysis of residuals and

the Akaike Information Criteria. We assessed significance of each factor of interest in a univariate

model using a likelihood ratio test. We also added presence of an infarction, and NDAY to a

model containing HOB and tested for significance relative tothe model with only HOB using a

likelihood ratio test. To assess the measurement repeatability for individual patients, the correlation

coefficient (R) between paired measurements at a HOB of 0o was calculated. Standard deviation is

reported for individual cases and standard error of the meanis reported for multi-patient averages.
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6.2 Results

Twenty-one patients with evidence of acute ischemic strokeinvolving the frontal lobe cortex were

enrolled in the study (n = 21). One patient was excluded from the analysis because of an alter-

native diagnosis, one was excluded because of bilateral strokes, and two were excluded because

the affected vascular territories did not include the frontal lobe. Of the 17 patients included in the

analysis, 7 were men (41%) and 10 were women (59%) with ages ranging from 44 to 93 (65± 16)

years.

The admission NIHSS score ranged from 2 to 26 (15± 8). The mean NDAY for the first

optical study was 2.2± 0.8 days. Ten patients completed all three optical measurements, while

seven did not (due to discharge from the hospital or death). Only the MCA territory was involved in

14 cases and anterior cerebral artery was also involved in 3 cases. Stroke etiology was determined

to be cardioembolism in seven cases (41%), large-artery atherosclerosis in four cases (24.5%) and

cryptogenic/other in six cases (35%). Orthostatic symptoms were present in three patients (see

Table 6.1). All patients tolerated optical monitoring well, but three patient’s measurements at -5o

were not possible either due to discomfort or presumption ofelevated intracrainal pressure (ICP).

Figure 6.3 shows variations in CBF with positioning on the first study day for all patients.

Results from subsequent days had similar levels of variability (data not shown). Repeated mea-

surements at flat HOB, i.e. when lowering from 15o and when raising from -5o, showed excellent

repeatability within each study day (R> 0.9), confirming measurement reproducibility. Despite

the considerable variability among patients, HOB positioning was significantly associated with

changes in frontal hemispheric rCBF30o (p = 0.0001, Table 6.2), and the presence of an “infarct” in

a given hemisphere was significantly associated with increased variability in rCBF30o versus HOB

position (p = 0.018). These findings are consistent with the notion of impaired autoregulation of
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Age (years) Gender Race Risk Factors Stroke Lat. Vessel Inv.Brain Reg. Inv. aNIHSS Etiology Orth. Symp.∗ Study Days†

1 70 F C STR,TOB Right MCA F,T 18 Cardioembolism No 3,7
2 53 M AA STR,HTN,LIP,TOB Right MCA F,T 9 Cardioembolism No 1,2,4
3 57 M C TOB Left ACA,MCA F,P 2 Large-artery atherosclerosis No 2
4 83 M C CAD,CHF,DM,AFIB Right MCA F,T,P 18 Cardioembolism No 2,3,5
5 87 F AA HTN,AFIB,TOB Left MCA F,T,P 24 Cardioembolism No 3,4
6 75 F AA STR,HTN,CHF,AFIB Left MCA F,T,P 22 Cardioembolism No 2,3,4
7 59 M AA TOB Left ICA F,P 6 Large-artery atherosclerosis Yes 2,3
8 47 F C TOB Right MCA F 5 Cardioembolism No 3,4
9 73 F C HTN Left MCA F,T,P 20 Cryptogenic No 3,4,5
10 58 M AA HTN,TOB Left MCA F,T 3‡ Large-artery atherosclerosis No 1,4,7
11 44 F AA None Right MCA F,T,P 18 Other cause No 2,3,5
12 56 F AA HTN,TOB Left MCA F,T,P 15 Cryptogenic No 1,2,3
13 93 F AA HTN,LIP Left MCA F,T,P 26 Other cause No 2,5
14 75 M AA HTN,LIP Left MCA F,T,P 24 Cryptogenic No 2,3,4
15 47 F C TOB Left MCA,ACA F,T,P 19 Cardioembolic Yes 2,3,6
16 47 F C STR,TIA,HTN,DM,LIP Left MCA F,T 7 Small-artery occlusion Yes 4,7,11
17 79 M C HTN,LIP,CAD,CHF,TOB Left MCA F,T,P 22 Cryptogenic No 2

Table 6.1: NIHSS: Admission NIH Stroke Scale; Gender: F, female; M, male; Race: C, Caucasian; AA, African American; A, Asian; Risk
Factors: HTN, hypertension; DM, diabetes mellitus; CAD, coronary artery disease; LIP, hyperlipidemia; STR, prior stroke; TIA, prior transient
ischemic attack; CHF, congestive heart failure; TOB, cigarette smoking (former or current); AFIB, atrial fibrillation; Vessel Involvement: MCA,
middle cerebral artery; ACA, anterior cerebral artery; Brain Region Involvement: F, frontal; T, temporal; P, parietal; O, occipital,∗ Orthostatic
symptoms were defined by either the presence of worsening neurological symptoms with upright position or by the therapeutic administration
of pressor medications to maintain cerebral perfusion. Orthostatic symptoms must have occurred during the optical study period,† Day 1 =
0-24 hours after stroke onset, Day 2 = 25-48 hours, Day 3 = 49-72 hours, etc.‡ NIH Stroke Scale score increased to 23 prior to the first optical
scan.
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Figure 6.3: Variation in CBF due to HOB positioning on first study day from peri- and contra-
infarct hemispheres are shown for all patients (color-coded)

CBF in the peri-infarct regions.

Several measurements were conducted per patient between 1 and 11 days post-stroke (Table

6.1). To consider the effect of NDAY, we categorized each measurement as occurring between 1-2,

3-4, or>4 days after the reported stroke onset. Although there was a trend toward decreasing mean

rCBF changes, NDAY did not achieve significance in the univariate model (p = 0.11) suggesting

variable rate of recovery of cerebrovascular autoregulation. We further anticipated that NDAY

might have a larger effect on the peri-infarct hemisphere than on the contra-infarct hemisphere.

However the small sample prevented us from exploring this interaction.

Approximately 75% of patients had maximal CBF at 0o or -5o. However, four (∼ 25%) patients

exhibited a “paradoxical response” with maximal CBF at HOB> 0o. Table 6.2 summarizes the

effects of HOB position and subject characteristics on meanrCBF30o from univariate analysis
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Factor rCBF30o (SEM) (%) p-value
HOB
15o 109.2 (6.9) 0.0001
0o 127.9 (5.1)
-5o 132.5 (6.0)

Infarct
Contra- 121.0 (6.4) 0.018

Peri- 146.8 (4.4)
Days after Stroke

≤ 2 124.4 (7.1) 0.11
3-4 128.1 (5.7)
> 4 114.76 (6.4)

Table 6.2: Effects of HOB and stroke characteristics on meanrCBF30o (%) (SEM=Standard Error
of Mean in paranthesis)

using data from all study days and the LME model. When added toa model containing HOB,

the presence of infarct continued to demonstrate significance (p = 0.04) while NDAY approached

significance (p = 0.061).

Substantial variability in cerebrovascular responses were observed between patients, illustrat-

ing the potential for individualized stroke management based on optical CBF monitoring at the

bedside. Figure 6.4 and Figure 6.5 show example data from four patients where patient numbers

correspond to those in Table 6.1.

Patient 1 showed increased variability of rCBF30o with HOB position changes in the peri-

infarct hemisphere as compared to the contra-infarct hemisphere (Figure 6.4(a)). CBF is maxi-

mized with HOB at -5o, corresponding to the position of maximum perfusion pressure. These

findings suggest that HOB flat, or even at -5o, would optimize CBF in the affected hemisphere.

Patient 2 also demonstrated increased CBF changes with HOB position in the peri-infarct hemi-

sphere on day 1, but this patient shows a “paradoxical” response, with CBF decreasing as the HOB

is lowered (Figure 6.4(b)). This effect was also observed ondays 2 and 4. The observed variability

suggests that the standard clinical practice of empirical placement of the patient “HOB flat” might
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Figure 6.4: Changes in CBF with HOB angle from three sample cases indicating (a) commonly
observed impairment of autoregulation on the peri-infarcthemisphere, (b) paradoxical response
where CBF decreased at flat HOB and (c) observation of preserved autoregulation .

not be optimal for this patient.

Patient 3 showed minimal CBF dependence on HOB position on both hemispheres (Figure

6.4(c)). This patient may not require flat HOB positioning and its concomitant increased risk of

aspiration pneumonia.

Longitudinal changes in the CBF response to HOB position areillustrated in Figure 6.5 from

patient 4. The initial measurement (Figure 6.5(a)) showed alarge dependence of CBF with respect

to HOB position in the peri-infarct hemisphere which largely disappeared after three days (Figure
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Figure 6.5: Changes in CBF with HOB angle on (a) day 2 and (b) day 5 of stroke from one case
indicating recovery of autoregulation in three days.

6.5(b)).

6.3 Discussion

The results of this study demonstrate the feasibility of DCSfor monitoring differences in autoreg-

ulatory impairment between the affected and unaffected hemispheres in acute stroke patients. As

predicted, the presence of ischemic infarct was significantly associated with increased variability

of rCBF30o at different HOB positions. In addition, repeat measurements of CBF at a 0o HOB

showed a high degree of intra-subject repeatability (R> 0.9), suggesting that DCS provides re-

producible measurements of CBF. These findings provide the first demonstration of DCS as an

effective modality for measuring CBF in acute stroke patients, building upon prior studies that

used DCS to measure CBF in healthy human subjects [116,119].

A key observation was the variable impact of acute ischemic stroke on cerebrovascular au-

toregulation. While the majority of patients displayed maximal CBF at a HOB angle of 0o to -5o,

approximately 25% exhibited maximal CBF at an elevated HOB angle of 15o to 30o. The basis
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for this paradoxical response is uncertain, but could be dueto elevated ICP, heart failure, or au-

tonomic dysfunction. Similar paradoxical responses in which CBF changes were contradictory to

the expected changes based on cerebral perfusion pressure (CPP) have been reported in traumatic

brain injury [77]. Although measurements of ICP and CPP werenot available in our patients, and

the precise mechanism for the paradoxical responses could not be determined, these findings sug-

gest that flat HOB may not represent the optimum therapy for all patients with acute hemispheric

stroke. Rather, HOB could be optimized based on measured CBFresponses. A clinical trial would

ultimately be required to assess the impact of optimized HOBpositioning on stroke outcome.

Some patients did not exhibit a change in CBF with different HOB angles, suggesting that

cerebrovascular autoregulation is not universally disrupted. In patients with normal autoregulation,

the risks of flat positioning could be avoided altogether if adiagnostic modality such as DCS

were available to determine whether CBF was dependent on positioning. Pneumonia occurs in

approximately 5% of acute stroke patients, with aspiration causing 60% of the cases [226]. There

is a strong link between aspiration risk and a flat HOB angle [132], especially in stroke patients

with decreased consciousness. Other common complicationsassociated with a flat HOB position

and immobilization are symptomatic deep venous thrombosis, which has an incidence of 2 to 10%

[208], pulmonary embolism, which causes up to 25% of early deaths after stroke [211], pressure

sores, which occur in 21% of stroke patients during their hospital course [226], and urinary tract

infections, which complicate 24% of stroke admissions and are associated with immobilization and

catheterization [226].

Another finding was that NDAY was not significantly associated with HOB-related CBF changes

across the population (p = 0.11). The unpredictable response of CBF to HOB angle over time sug-

gests that cerebrovascular autoregulation recovers at a variable rate from patient to patient. The
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absence of a non-invasive and practical monitor of brain physiology at the bedside has hindered

detailed studies on the time-line of recovery or worsening of cerebral autoregulation. To our knowl-

edge, there is no published data available for comparison. However, some previous studies have

suggested the degree of autoregulatory impairment may be related to the malignancy and worsen-

ing of the stroke [107], providing a further rationale for the development of real-time monitoring

of CBF at the bedside.

Our finding that flat HOB position improves CBF inmost(∼ 75%) subjects is generally con-

sistent with previous reports on impairment of autoregulation in acute stroke patients [292, 314,

329, 402]. Schwarzet al [314, 329] measured mean arterial pressure (MAP), ICP and MCA peak

flow velocity (VmMCA) during HOB positions between 0o and 30o. They found that CPP was

maximal at 0o and corresponded to elevated MAP and ICP. Similarly, VmMCA measured by TCD

was also maximal at 0o. They did not observe any subjects who showed a paradoxical response.

However, TCD cannot assess microvascular CBF or the effectsof collateral flow sources, and in

nearly half of their patients VmMCA could not be measured on the infarcted hemisphere since

there was a permanent occlusion of the MCA. Where VmMCA was measured bilaterally, there

was a larger effect on the infarcted hemisphere in agreementwith our findings. A newer study by

Wojner-Alexanderet al [402] also observed that VmMCA was maximal at 0o HOB, but MAP did

not change significantly. It should be noted that this study concentrated on the first 24 hours where

they hypothesized that ICP (which was not measured) would not change. Interestingly, in 15%

of their population (3 patients) flat positioning showed an immediate improvement in the motor

score of the NIHSS (3-point average decrease). This work also concluded that autoregulation was

impaired and that CBF was driven by local CPP.
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The observed variability in autoregulatory impairment andin the rate of autoregulatory re-

covery has significant implications for the role of individualized therapy in stroke management.

Current guidelines from the American Stroke Association state that patients with acute, ischemic

stroke should be empirically placed in a flat HOB position forthe first 24 to 48 hours after stroke,

and that stroke patients be observed closely during the transition to sitting and standing for any new

neurological symptoms [3]. Our data suggest that this empirical approach to HOB manipulations

in acute stroke patients may not be optimal for some subjects.

Shortcomings of this study largely pertain to the technicallimitations of the DCS instrument.

Since the photons emitted from the optical source probe penetrate approximately 1.5 centimeters

from the scalp surface, only blood flow to the cerebral cortexare measured. In these studies,

optical probes were placed on the frontal poles of the forehead in order to avoid signal disruption

by hair. As a result, we limited our investigation to acute stroke patients whose infarct or ischemic

penumbra involved the frontal lobe cortex. A follow-up study is currently underway to address this

technical limitation. The present study also used relativeCBF values, though the potential exists

for deriving absolute CBF from DCS in future work [422].
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Chapter 7

Monitoring Blood Flow Changes in

Human Breast Cancer During

Neadjuvant Chemotherapy

Other than brain, near-infrared diffuse optical spectroscopy (DOS) and tomography (DOT) have

been employed quantitatively by several groups to characterize breast cancers [68, 74, 164, 165,

192, 201, 238, 304, 328, 411]. In clinical investigations, DOS and DOT have revealed tumor con-

trast in total hemoglobin concentration [74,78,94,164,165,192,199,277,304,332,411,437,438],

hemoglobin oxygen saturation [74,94,199,277,332], waterand lipid concentration [199,332,365],

and tissue scattering [78, 201, 365]. Furthermore, DOS and DOT have also shown promise for

therapeutic monitoring of breast cancer patients [78,175,199,332,372,438]. Studies during neaod-

juvant chemotherapy (chemotherapy prior to surgery) have shown that tumor metabolic response

can precede anatomical changes (e.g. size) accessible to traditional imaging and clinical palpation

methods [51]. Thus, new diagnostic methodologies focusingon physiological properties of the
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tumor, for example hemodynamic response, may offer benefitsbeyond those of traditional imag-

ing and palpation during the early course of chemotherapy. In a recent case study, for example,

Jakubowskiet al [199] used DOS and observed significant changes in total hemoglobin concentra-

tion and water fraction within 5 days of the start of treatment.

Another important hemodynamic parameter for tumors is blood flow. Measurements of blood

flow provide insight about oxygen delivery and the clearanceof metabolic by-products, comple-

mentary to information about tissue chromophores and scattering available to DOS. A recent DCS

study in human breast tumors [114] showed increased blood flow contrast in tumor regions rel-

ative to adjacent healthy tissue, consistent with results from ultrasound [248], PET [255] and

MRI [95]. The therapy monitoring capability of hybrid DCS/DOS instruments has been demon-

strated [354, 420, 421]. The latter instruments are particularly exciting because, in principle, the

oxygen delivery information derived from blood flow can be used in combination with blood oxy-

genation measurements to estimate the metabolic rate of oxygen consumption in tissue.

In this chapter, I describe a case study of a breast cancer patient during the early stages of nead-

juvant chemotherapy. In contrast to previous optical measurements of breast tumors, the present

work uses both DOS and DCS in the same patient to derive information about tumor chromophores,

tumor scattering and tumor blood flow. Significant changes intissue hemodynamic parameters

were detected as early as three days post-therapy. To date, several studies focused on measure-

ments of parameters related to cancer metabolism and blood flow after few cycles of chemother-

apy, i.e. after several weeks [52,81,255,263,315,385]. This study focused on daily measurements

within the first week. The observations of blood flow changes are the first of their kind during early

stage chemotherapy. The combined DOS/DCS information provides a more complete picture of

tumor tissue hemodynamics and enables us to construct new indices reflecting changes in oxygen
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metabolism that require knowledge about flow and oxy-/deoxy-hemoglobin concentrations. This

study is conducted in collaboration with Dr. Bruce Tromberg’s group at University of California,

Irvine. The manuscript is accepted for publication inJournal of Biomedical Optics[431].

7.1 Materials and Methods

7.1.1 Protocol

The patient measurements were conducted at the Beckman Laser Institute of University of Cali-

fornia, Irvine (UCI) and were approved by the Internal Review Board at UCI. The subject was a

45-year-old premenopausal Caucasian woman undergoing neoadjuvant chemotherapy treatment;

she provided informed written consent for Human Subjects protocol 95-563. The patient was di-

agnosed by core biopsy, revealing invasive ductal carcinoma in the left breast. Clinical palpation

identified an 11 cm× 5 cm area at 3 o’clock [Fig. 7.1(a)]. Dynamic contrast-enhanced MRI

(DCE-MRI) detected several strongly-enhanced masses within this area. The outer edge of the

tumor was located 0.5 cm to 1 cm underneath the skin. In addition, the patient had multiple benign

lesions at 1 o’clock (by ultrasound). The tumor position wasidentified by palpation and ultra-

sound and was marked with a surgical pen to ensure the scans ondifferent days were performed at

the same location. The surgical pen marks were visible afterday 3, and they were redrawn every

day afterward. The accuracy for redrawing was within 2-3 mm.The optical probe repositioning

accuracy was of similar order (i.e. 2-3 mm). Measurements were made with the patient in the

supine position. DOS and DCS measurements were acquired using hand-held probes at 10 discrete

points in a line along the curved surface at 1 cm intervals across the tumor and surrounding tissue

(“line-scan”). The same measurement pattern was used on thecontralateral breast for comparison.
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Figure 7.1: (a) Tumor position and line-scan directions. Starting from point #1 in the upper outer
quadrant, optical measurements were performed at 1 cm intervals, ending at point #10 in the lower
outer quadrant. (b) Illustration of the line-scans over tumor. (c) Timing diagram for chemotherapy
monitoring.

190



Figure 7.1(a,b) shows the tumor position and line-scan directions on the patient, where the tumor

center was located at the 5 cm position. One line-scan took about 10 (8) minutes per breast for

DOS (DCS) respectively, resulting in a measurement time of about 40 minutes per session. Extra

care was taken during the DCS measurement to gently press theprobe on the patient’s breast; the

operator attempted to keep that pressure relatively constant and the probe stable.

The patient was treated with neoadjuvant chemotherapy delivered in multiple stages. The initial

treatment stage consisted of Doxorubicin and Cyclophosphamide (A/C) therapy. A/C treatments

were administered once per cycle for 4 cycles, with each cycle lasting 2 weeks. Doxorubicin is

a cytoxic anthracycline antiobiotic, and its mechanism of action is thought to prevent DNA and

possibly RNA synthesis by intercalation. Doxorubicin was administered at a dose of 60mg/m2

once per cycle. Cyclophosphamide is biotransformed principally in the liver to activate alkylating

metabolites which cross-link to tumor cell DNA. Cyclophosphamide was administered at a dose

of 600mg/m2 once per cycle. DOS and DCS measurements were performed on the same day prior

to the therapy (day 0), and every day between 3 to 7 days after the first A/C cycle [day 3 to day

7, Fig. 7.1(c)]. Additional stages using other therapies were administered, but no DOS/DCS mea-

surements were recorded during these treatment stages (DOS/ DCS measurements ended on day

7). The most relevant radiological assessment was the DCE-MRI study done 12 days after the first

A/C therapy, which showed shrinkage of multiple lesions, the largest lesion of which shrunk by

1.7 cm (in diameter). Ultrasound measurements were performed after the completion of all four

A/C cycles (8 weeks) and detected an irregular hypoechoic lesion of 1.3 cm in diameter, indicating

a partial response to A/C therapy. At the end of chemotherapy, DCE-MRI showed several tiny en-

hanced foci. The surgical pathology from lumpectomy at the conclusion of chemotherapy revealed

residual intraductal and invasive ductal carcinoma with extensive fibrosis.
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7.1.2 Instrumentation

Diffuse Optical Spectroscopy (DOS)

A broadband DOS system developed at UCI [35] was utilized to determine tissue optical properties

and tissue blood oxygenationin-vivo. The system combined a steady-state (SS) tungsten-halogen

light source and spectrophotometer operating in the 600-1000 nm range and a frequency-domain

photon migration (FDPM) component (based on a network analyzer) consisting of 6 laser diodes

(operating at discrete wavelengths in the 660-850 nm range). The combination of the CW and

discrete spectral components enabled determination of completeµa andµ′s spectra from 600 to

1000 nm. Measurements were made using a hand-held probe consisting of the SS and FDPM

source fibers, one avalanche photodiode (APD) detector and one spectrometer detector fiber. The

source-detector separation was 2.8 cm and the time to perform SS and FDPM measurements at a

single position was typically about 30-45 seconds. A detailed description of the performance of

this device in 58 breast cancer patients has recently been reported [68].

Diffuse Correlation Spectroscopy (DCS)

A portable two-channel DCS instrument (Section 3.1.2) was built at the University of Pennsylvania

and transported to UCI for the measurements of blood flow. A handheld probe consists of a single

source fiber and two detector fibers, with 2.5 cm source-detector separations. Thus the DCS mea-

surement probed approximately the same volume of breast tissue as the DOS measurement, and a

typical photon count rate of∼30 kHz was obtained from the breast measurement. Each temporal

auto-correlation curve was averaged for 2.5 sec, and multiple DCS measurements (typically> 10)

were performed at a single position to ensure a good signal-to-noise ratio (SNR).
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TABLE OF ABBREVIATIONS
Name Symbol Units

Deoxy-hemoglobin concentration ctHHb µM

Oxy-hemoglobin concentration ctO2Hb µM

Total hemoglobin concentration ctTHb µM

Hemoglobin oxygen saturation stO2 %

Water concentration ctH2O % (wrt pure substance)
Lipid concentration ctLipid % (wrt pure substance)
Blood flow index BFI cm2/s

Tissue optical index TOI µM

Mammary metabolic rate of oxygenMMRO2 µM/100g/min

Tumor/Normal contrast T/N folds
Relative change compared to day 0 r %

Table 7.1: Notes on nomenclatures: 1) A prefix “ct” indicates tissue-level concentration of the
parameter; 2) Subscripts “T” and “N” indicate values of tumor and normal tissues respectively.
A subscript “T/N” indicates the tumor/normal contrast; 3) A prefix “r” indicates relative change
compared to pre-chemotherapy value (day 0).

7.1.3 Data Analysis

DOS measurements

The algorithm for analyzing the DOS data was described in detail by Bevilacquaet al [35].

Briefly, the frequency domain measurements at 6 discrete wavelengths were used to extract the

reduced scattering coefficient (µ′s) at each wavelength. A power law function [158, 269, 325]

(µ′s(λ) = Aλ−b), was then fit to the wavelength dependentµ′s to estimate the scattering infor-

mation at all other wavelengths. Withµ′s(λ) input from the frequency domain measurements, the

data measured with the spectrometer system was employed to extract accurate absorption coeffi-

cientsµa(λ) over the whole spectral range. As a result, tissue concentrations of oxy-, deoxy- and

total hemoglobin (ctO2Hb, ctHHb andctTHb), water (ctH2O) and lipid (ctLipid) were recon-

structed by decomposing the absorption spectra [35]. Note that our notation is designed to comply

with Zanderet al [426], where the prefix “ct” indicates tissue-level concentration (see Table 7.1).
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DCS measurements

Following Section 2.2.1, I used the intensity temporal auto-correlation curves measured with the

DCS instrument to extract tissue blood flow information. Thedecay rate of the correlation curves

is correlated with the blood flow, e.g. faster decay reflects higher blood flow. In the current study,

I refer to theeffectiveBrownian motion coefficient of the scatterersαDb as the blood flow index

(BFI = αDb). Bulk optical properties of the breast,µa, µ′s at 785 nm, were obtained from the

DOS measurements and used in the DCS data analysis to minimize the influence of optical property

changes on the accuracy ofBFI. In the data fitting process, the noise in the correlation curve,

σ(τ), was estimated as a function of delay time,τ , and was used in calculatingχ2 (see Section

2.2.3 and [436]), e.g.χ2 = ‖g2m(τ)−g2c(τ)
σ(τ) ‖, whereg2m(τ) and g2c(τ) are the measured and

calculated intensity auto-correlation curves respectively. A more stableBFI is usually obtained

from the fitting by minimizingχ2 as defined this way [436].

Tissue Optical Index

The tissue optical index (TOI) is a multi-parameter contrast function created to maximize both the

contrast and the specificity of the optical measurement. TheTOI is defined as [68,372]

TOI =
ctHHb · ctH2O

ctLipid
. (7.1)

The parameters in this contrast function were chosen based on a statistical study of 58 ma-

lignant breast lesions [68]. In this study deoxy-hemoglobin was identified as the single best dis-

criminator between malignant tumors and normal tissue, andit was found that addition of water

and lipid concentrations further improved malignant/normal discrimination. The simplest index
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combining these parameters usedctHHb andctH2O in the numerator andctLipid in the denom-

inator. As such, increasedTOI reflects a higher chance of tumor malignancy. Conceptually,the

TOI takes into account functional (ctHHb andctH2O) and structural (ctLipid andctH2O) in-

formation.TOI is also related to metabolic activity since increases in deoxy-hemoglobin are often

a symptom of unmet metabolic demand.

Oxygen Metabolism

Another, and perhaps more direct estimate of tissue oxygen metabolism may be calculated by

combining information about blood flow (delivery of oxygen)measured by DCS with chromophore

concentration information such as blood oxygen saturation(i.e. oxygen availability) measured by

DOS. This approach is often employed in studies of cerebral metabolic rate of oxygen (CMRO2)

[11,185,189,205,254,261]. In the simplest model,CMRO2 is proportional to the tissue arterial-

venous oxygenation difference or oxygen extraction fraction (OEF ) as well as the rate of oxygen

delivery (i.e. the cerebral blood flow,CBF ). Several assumptions are typically made in the steady-

state model, including constant vasculature compartmentalization. TheCMRO2 model has been

fairly well studied, validated, and its limits examined [11,47,88,116,185,189,205,254,261].

In this chapter I construct a mammary oxygen metabolism model that closely follows the

CMRO2 approach in brain (see Appendix 7.4). We define the tumor/normal contrast of the mam-

mary metabolic rate of oxygen (MMRO2(T/N)) as,

MMRO2(T/N) =
γT

γN
· ctHHbT

ctHHbN
·
(

ctTHbT

ctTHbN

)−1

· BFIT

BFIN
, (7.2)

where “T” and “N” represent the values for tumor and normal breast tissue (i.e. normal tissues

within the same breast), andγT (N) =
ctHHbvT (N)/ctTHbvT (N)

ctHHbT (N)/ctTHbT (N)
is the ratio of tumor (or normal)
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deoxy-to-total hemoglobin in the venous compartment (v) compared to the ratio of deoxy-to-total

hemoglobin in the total vasculature (see Appendix). The simplest approximation, which we adopt

here, assumes the ratio ofγT /γN to be 1 and constant over time. The relative tumor/normal contrast

of mammary metabolic rate of oxygen (rMMRO2(T/N), see Table 7.1) can now be estimated

from our measurements. We note, however, that these assumptions are unverified. The precise

quantification ofγT andγN requires better understanding of the micro-circulation intumor and

normal tissues, and such precision is beyond the scope of thecurrent study.

Characterization of responses

To quantify tumor response to chemotherapy, the tumor/normal contrast for the parameters at each

time point was determined. Tumor/normal contrast was calculated as the ratio of the average

tumor value (positions 3-7 in the line-scans) to the averagevalue of the normal tissue on the same

side of the breast (i.e. positions 8-10), for example,BFT/N = BFIT

BFIN
, ctTHbT/N = ctTHbT

ctTHbN
,

etc. The positions were chosen based on palpation, and positions 1-2 were excluded as normal

tissue because they were too close to other benign lesions. This calculation effectively accounts

for the global variations in response to chemotherapy by normalizing to the daily normal tissue

values. Thus the tumor specific responses of each parameter are “pulled” out of the measurement.

The tumor/normal contrast for each time point was then normalized to pre-chemotherapy values

(day 0) to reflect relative changes, indicated by a prefix “r” for each parameter (see Table 7.1).

Wilcoxon rank-sum tests were conducted comparing the optically-measured differences between

tumor and normal on day 0. Significant changes were observed and marked in the figures with a

‘*’, representing a significance level ofp < 0.05 compared to pre-chemotherapy values.
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Figure 7.2: Raw (symbols) and fitted intensity auto-correlation curves (solid lines) measured from
the patient before and after chemotherapy (day 0, day 3 and day 7). Bothβ and the blood flow
index (BFI = αDb) were fit. Similarβ values were obtained for both normal and tumor breast
tissues. The correlation curves measured on the tumor have larger decay rates compared to the
curves measured on the contralateral breast, indicating higher blood flow in the tumor.

7.2 Results and Discussion

Figure 7.2 exhibits representative DCS temporal auto-correlation curves measured on the tumor

before and after the 1st A/C treatment (days 0, 3 and 7). The figure also shows data from normal

tissue from both breasts on day 0. The symbols are raw data, and the solid lines are fitted curves.

The correlation curves measured on the tumor have significantly faster decay rates compared to

those from normal breast tissues, indicating higher blood flow in the tumor. The measurements

from the tumor on different days are clearly distinguishable from one another with good signal-to-

noise, thus enabling us to quantify tumor blood flow changes due to chemotherapy.

Figure 7.3 shows line-scans of blood flow index [BFI = αDb, Fig.7.3.(a)] and total hemoglobin
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concentration [ctTHb, Fig.7.3.(b)] from both the tumor breast and the contralateral breast before

and after the first chemotherapy treatment (days 0, 3 and 7). Error bars in the figures represent

the standard deviation of repeated measurements. The measurements conducted on different days

were reproducible, which can be seen from the scans on the contralateral breast and the normal

tissues on the tumor-bearing breast (positions 8-10).BFI exhibited significant increases in the

tumor breast (i.e. 10.6± 1.8 folds) relative to the heterogeneity of normal breast tissue on the

contralateral side (i.e. 2.1± 0.7). ctTHb also showed clear tumor/normal contrast (i.e. 2.1±

0.3). For clarity, line-scans for other hemodynamic parameters, such asctHHb, ctO2Hb, water

and lipid concentrations, are not plotted. The observed tumor/normal contrast of these parameters

is consistent with previous reports [68,199], i.e.,ctHHb had a contrast of 2.1± 0.2,ctO2Hb had

a contrast of 2.0± 0.3, water had a contrast of 1.9± 0.3,ctLipid had a contrast of 0.8± 0.05 and

µ′s at 785 nm had a contrast of 0.96± 0.03 prior to the A/C treatment.

Neoadjuvant chemotherapy can induce hemodynamic changes in both tumor and normal tis-

sues [78, 199]. To investigate the tumor specific changes in response to the chemotherapy, rel-

ative tumor/normal contrast ofctHHb, ctO2Hb and ctTHb with respect to pre-therapy values

(rctHHbT/N , rctO2HbT/N andrctTHbT/N ) were calculated and plotted in Fig.7.4. Notice that

significant changes in these hemodynamic parameters were observed as early as 4 days after the

start of A/C therapy (p < 0.05), i.e. rctHHbT/N dropped to68 ± 12% of its original value (day

0); rctO2HbT/N dropped to63 ± 10%; andrctTHbT/N dropped to63 ± 10%. By the end of

the monitoring period (day 7), there were continued small hemodynamic reductions and all values

remained substantially lower than pre-treatment levels (day 0): rctHHbT/N dropped to69± 21%

(p < 0.05); rctO2HbT/N dropped to73±25% (p < 0.05); andrctTHbT/N dropped to72±17%

(p < 0.05).
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Figure 7.3: Line-scans of (a) blood flow index (BFI) and (b) total hemoglobin concentration
(ctTHb) before and after the first chemotherapy cycle (day 0, day 3 and day 7). On the tumor
side of the breast,BFI showed clear contrast, which was much larger than the heterogeneity of
the breast tissue on the contralateral side.ctTHb also showed clear contrast on the tumor. Tumor
contrasts changed in response to the chemotherapy. For clarity, line-scans of other hemodynamic
parameters, such asctHHb, ctO2Hb, water and lipid concentrations, are not plotted. Error bars
represent the standard deviation of repeated measurements. Plots were slightly offset along the
x-axis for better illustration of the error bars.
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Figure 7.4: Relative tumor/normalctHHb, ctO2Hb and ctTHb contrast (rctHHbT/N ,
rctO2HbT/N andrctTHbT/N ) in response to chemotherapy. The contrasts were calculated as
the ratio of the average tumor value (position 3-7 in the line-scans) to the average value of the
normal tissue on the same side of the breast (position 8-10).The contrasts were then normalized
to the pre-chemo values to reflect relative changes. Significant decreases in the contrast occurred
in all three parameters 4 days after the chemotherapy. Symbols denote statistical significance at
p < 0.05 (*) compared to pre-chemo values. Plots were slightly offset along the x-axis for better
illustration of the error bars.

Relative tumor/normal contrast of blood flow (rBFT/N ), concentration of water (rctH2OT/N )

and lipid (rctLipidT/N ), and reduced scattering coefficient (rµ′s(T/N)) in response to the chemother-

apy are plotted in Fig.7.5. Blood flow measured with DCS showed good signal-to-noise ratio and

substantial tumor-to-normal contrast.rBFT/N increased initially on day 3 after the A/C therapy

(130 ± 13%, p < 0.05), followed by a sharp and sustained drop on days 4 (72 ± 7%, p = 0.13),

5 (68 ± 7%, p < 0.05), and 7 (75 ± 7%, p = 0.13). rctLipidT/N increased significantly from

day 5 (108 ± 6%, p < 0.05) to day 7 (116 ± 13%, p < 0.05). Since the lipid concentration in
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Figure 7.5: Relative tumor/normal blood flow index, water, lipid and µ′s contrast (rBFT/N ,
rctH2OT/N , rctLipidT/N andrµ′s(T/N)) in response to chemotherapy. The contrasts were cal-
culated as the ratio of the average tumor value (position 3-7in the line-scans) to the average value
of the normal tissue on the same side of the breast (position 8-10). The contrasts were then nor-
malized to the pre-chemo values to reflect relative changes.rBFT/N showed an significant initial
increase (p < 0.05) on day 3 and a significant decrease on day 5 (p < 0.05). Water contrast
didn’t change significantly in response to the chemotherapy, while lipid contrast increased signif-
icantly after day 5 (p < 0.05). Symbols denote statistical significance atp < 0.05 (*) compared
to pre-chemo values. Plots were slightly offset along the x-axis for better illustration of the error
bars.

tumor was lower than in the normal breast tissues before the therapy, the increase inrctLipidT/N

suggests that lipid concentration in the tumor is normalized over time. rµ′s(T/N) at 785 nm had

a small increase within the week (< 7%, p > 0.05), despite the increase on day 5 which was

significant (106± 4%, p < 0.05). No significant changes for the relative contrast of water concen-

tration (rctH2OT/N ) were observed within the first week. However, the subject was also enrolled

in a separate study for DOS, wherein significant decrease in water contrast was observed after 4
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Figure 7.6: Relative tumor/normal tissue optical index andmammary metabolic rate of oxygen
contrast (rTOIT/N andrMMRO2(T/N)) in response to chemotherapy. The contrasts were calcu-
lated as the ratio of the average tumor value (position 3-7 inthe line-scans) to the average value of
the normal tissue on the same side of the breast (position 8-10). The contrasts were then normalized
to the pre-chemo values to reflect relative changes. Significant decreases were observed in both
rTOIT/N andrMMRO2(T/N) after day 4. Symbols denote statistical significance atp < 0.05
(*) compared to pre-chemo values. Plots were slightly offset along the x-axis for better illustration
of the error bars.

months (i.e.rctH2OT/N decreased to68± 7%, p < 0.01).

Note, the optical properties (µa, µ
′
s) of the breast tissue at 785 nm were measured by the DOS

instrument. Measured absorption and scattering effects are incorporated into the DCS data analysis.

As a result, the influence of oxygenation state of the breast should not influence our blood flow

results. On the other hand, probe contact pressure and the movement of fiber optics could have a

minimal effect on our DCS measurements. In a previous experiment [419], we have carried out

tests that suggest the movement of fiber optics do not influence the DCS measurements after the
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optical probe was secured in place. An indication that the pressure and motion effects are minimal

can be seen from the relatively small variations measured onthe contralateral side of the breast

(Fig. 7.3), i.e. the day-to-day tumor contrast and variation were large compared to the combination

of measurement noise, physiological noise, motion artifact noise and pressure related variations

experienced on the contralateral breast.

Chemotherapy treatment alters tumor angiogenesis [252]. Therefore, optical properties of the

tumor are expected to change due to chemotherapy, which is observed in our measurements. Al-

though chemotherapy may also induce changes of other kinds of microscopic motions inside the

tumor, we believe such an effect is likely to be small compared to the changes in tumor vasculature

and blood flow. In our previous study of photodynamic therapytreatment of mice tumors [420],

blood flow changes measured with both ultrasound Doppler andDCS showed comparable results,

indicating the tumor responses measured with DCS are mainlydue to blood flow. The relative tu-

mor blood flow reduction in response to neoadjuvant chemotherapy observed in the current study

(∼25% within the first week) is also consistent with results from PET studies [255, 374], wherein

a 30% − 50% blood flow decrease after 2 months of chemotherapy was reported. Yet blood flow

changes exhibit distinct features compared to other hemodynamic parameters measured with DOS.

For example, we have observed an∼30% initial increase inrBFT/N on day 3 in this patient

(Fig.7.5), accompanied by an∼20% decrease inrctHHbT/N (Fig.7.4). Although the mechanism

is not clear, this may be due to an early tumor vascular response to cellular damage. The∼20%

decrease inrctHHbT/N on day 3 could be consistent with reduced oxygen extraction given that

rctTHbT/N remained roughly constant and flow was elevated. By day 4 A/C therapy has contin-

ued to damage both cells and vasculature;rBFT/N , rctHHbT/N , andrctHHbT/N all decreased
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because of significant damage to tumor cells. A similar initial increase followed by a significant de-

crease of blood flow was observed during the first few days after radiation therapy in patients with

breast tumors [204]. In patients with head and neck tumors [256,354], and rectal carcinoma [101],

similar patterns of blood flow changes were also reported in the early weeks after radiation therapy.

Further studies involving more patients are underway to confirm the observations in this case study.

As described in Section 7.1.3, the combination of DCS and DOSmeasurements permit oxygen

metabolic changes in the tumor to be calculated using equation.7.2. Compared to flow, hemoglobin

concentrations and other tissue parameters alone, this relative metabolism index is a potentially

more direct indicator of tumor metabolic activities that integrates many factors and may pro-

vide further insight about tumor physiological responses to therapy. Figure 7.6 displays the rela-

tive changes in tumor/normal contrast of mammary metabolicrate of oxygen and the tissue op-

tical index based on chromophore concentrations (i.e.rMMRO2(T/N) and rTOIT/N ). Val-

ues of relative tumor/normal contrast for all the optically-derived parameters are listed in Ta-

ble 7.2. rMMRO2(T/N) and rTOIT/N differed on day 3, e.g.rTOIT/N had an initial drop

(72 ± 16%, p = 0.13) and rMMRO2(T/N) had an initial increase (118 ± 13%, p = 0.68),

but both parameters were only marginally different from day0. The initial increase observed in

rMMRO2(T/N) is most probably a result of the initial increase of blood flow, although further ev-

idence is needed for this hypothesis to be confirmed. However, after day 4, both metabolic indices

dropped significantly (rTOIT/N = 60±9%, p < 0.05 andrMMRO2(T/N) = 78±7%, p < 0.05

on day 4) and then stabilized at this level until the end of themonitoring period. We note that

although bothTOIT/N andMMRO2(T/N) are considered to be related to tumor metabolic re-

sponses,TOIT/N provides information about tumor cellular metabolic activities [331,372], while

MMRO2(T/N) provides an estimation of tumor oxygen metabolic changes. Note that tumors
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Day 0 Day 3 Day 4 Day 5 Day 6 Day 7
rctHHbT/N 1.00± 0.09 0.81± 0.12 0.68± 0.12∗ 0.71± 0.17∗ 0.72± 0.14∗ 0.69± 0.21∗

rctO2HbT/N 1.00± 0.16 0.95± 0.17 0.63± 0.10∗ 0.75± 0.14∗ 1.00± 0.28 0.73± 0.25∗

rctTHbT/N 1.00± 0.15 0.92± 0.16 0.63± 0.10∗ 0.75± 0.15∗ 0.94± 0.24 0.72± 0.17∗

rctH2OT/N 1.00± 0.16 0.97± 0.14 1.02± 0.15 1.04± 0.16 1.01± 0.19 1.04± 0.22
rctLipidT/N 1.00± 0.06 1.04± 0.07 1.13± 0.08 1.08± 0.06∗ 1.19± 0.07∗ 1.16± 0.13∗

rBFT/N 1.00± 0.17 1.30± 0.13∗ 0.72± 0.07 0.68± 0.07∗ 0.91± 0.10 0.75± 0.07
rµ′s(T/N) 1.00± 0.03 1.02± 0.05 1.04± 0.04 1.06± 0.04∗ 1.06± 0.03 1.07± 0.04

rTOIT/N 1.00± 0.16 0.72± 0.16 0.60± 0.09∗ 0.65± 0.23∗ 0.59± 0.13∗ 0.59± 0.18
rMMRO2(T/N) 1.00± 0.17 1.18± 0.13 0.78± 0.07 0.66± 0.08∗ 0.67± 0.11∗ 0.73± 0.11∗

Table 7.2: Tumor/normal contrast changes normalized to day0 values of all parameters within the
first week of chemotherapy. Symbols denote statistical significance atp < 0.05 (*) compared to
pre-chemo values (day 0).

have abnormal vasculatures and the input and output circulations to and from the tumor are not

well characterized. Our assumption ofsaO2T = 1 (see Appendix) may not be true, but in the

absence of more information, we believe this is a reasonablestarting assumption.MMRO2(T/N)

(Eq. 7.2) functions more as a relative index of oxygen consumption than as a quantitative mea-

sure of true oxygen metabolism. We have introducedMMRO2(T/N) as a potentially useful index

for monitoring cancer physiology accessible to the opticalmethod. Its utility, however, must be

determined by more clinical studies. To date only a fewin-vivo studies on human tumors have

probed oxygen metabolism [26, 223, 380, 381]. Further studies and validation in animal models

using methods presented in this paper may be useful to improve the oxygen metabolism model in

tumors, to reveal the connections betweenTOI and oxygen metabolism, and to provide potential

diagnostics for chemotherapy efficacy.

7.3 Conclusion

In summary, we report a case study wherein we monitored hemodynamic and tissue optical prop-

erty changes in a breast tumor patient undergoing neoadjuvant chemotherapy. Our approach em-

ployed a combination of diffuse optical spectroscopy (DOS)and diffuse correlation spectroscopy

205



(DCS) to measure simultaneously blood oxygenation, lipid,water and blood flow. We demon-

strated the feasibility of this methodology and detected significant changes in tissue parameters as

early as day three following the first chemotherapy infusion. This study introduced optical mea-

surement of blood flow as a new parameter for therapy monitoring along with multi-parameter

indices that may provide further physiological insight, such as tissue metabolic rate of oxygen.

Overall, the hybrid diffuse optical approach shows promisefor therapy monitoring, optimization

and personalization by potentially detecting physiological changes that may precede anatomical

changes accessible to traditional radiological diagnostics procedures.

7.4 APPENDIX: Calculating Mammary Metabolic Rate of Oxygen

(MMRO2(T/N))

In this section, we will derive the equation for the calculation of the tumor/normal contrast of the

mammary metabolic rate of oxygen (MMRO2(T/N)) following the steps in deriving the cerebral

metabolic rate of oxygen (CMRO2) [11,88,185,189,205,254,261].

Using Fick’s law, the tumor (or normal) mammary metabolic rate of oxygen (MMRO2T (N))

can be calculated as

MMRO2T (N) = OEFT (N) ·BFT (N) · [O2]aT (N). (7.3)

The tumor (or normal) oxygen extraction factor (OEFT (N)) is by definition the fractional con-

version of oxygen from arterioles to venules, i.e.OEFT (N) = ([O2]aT (N)−[O2]vT (N))/[O2]aT (N),

where[O2]aT (N) and[O2]vT (N) are the tumor (or normal) arteriolar and venous concentrations of

oxygen.BFT (N) is the tumor (or normal) blood flow. In steady-state, assuming a balance between
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oxygen concentration and oxy-hemoglobin saturation in thearteriolar and venous compartments

(saO2T (N) andsvO2T (N)), we have

OEFT · [O2]aT

OEFN · [O2]aN
=

[O2]aT − [O2]vT

[O2]aN − [O2]vN
=

saO2T − svO2T

saO2N − svO2N
. (7.4)

As a result, the tumor/normal contrast of mammary metabolicrate of oxygen (MMRO2(T/N))

can be expressed as

MMRO2(T/N) =
saO2T − svO2T

saO2N − svO2N
· BFT

BFN
=

saO2T − svO2T

saO2N − svO2N
· BFIT

BFIN
, (7.5)

given the assumption that the changes ofBFI are proportional to the changes of tissue blood

flow (see Section.7.1.3). AssumingsaO2T = saO2N = 1, we will have

MMRO2(T/N) =
1− svO2T

1− svO2N
· BFIT

BFIN

=

ctHHbvT

ctTHbvT

ctHHbvN

ctTHbvN

· BFIT

BFIN

=
ctHHbvT

ctHHbvN
·
(

ctTHbvT

ctTHbvN

)−1

· BFIT

BFIN
. (7.6)

The diffuse optical signal originates from the hemoglobin in the tissue within the view of

the probe, and represents a mixture of arterial, capillary and venous blood. The mixed tissue

compartment (MTC) viewed by the optical probe is a weighted average of the arterial (a), capillary

(c) and venous (v) compartments, and the weight is proportional to the optical cross-section of the

corresponding compartment. For example,ctHHb = k1 · ctHHba + k2 · ctHHbc + k3 · ctHHbv,

wherek1, k2 andk3 are the respective weights andk1 + k2 + k3 = 1. If we further assume the
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quantities in the venous compartment are proportional to the MTC values, i.e.

ctHHbvT = r1T · ctHHbT , ctTHbvT = r2T · ctTHbT ,

ctHHbvN = r1N · ctHHbN , ctTHbvN = r2N · ctTHbN . (7.7)

We can further simplify by definingγT (N) = r1T (N)/r2T (N) =
ctHHbvT (N)/ctHHbT (N)

ctTHbvT (N)/ctTHbT (N)
=

ctHHbvT (N)/ctTHbvT (N)

ctHHbT (N)/ctTHbT (N)
, which is the ratio of deoxy-to-total hemoglobin in the venous compartment

compared to the ratio of deoxy-to-total hemoglobin in the total mixed vasculature. As a result, we

will have,

MMRO2(T/N) =
r1T · ctHHbT

r1N · ctHHbN
·
(

r2T · ctTHbT

r2N · ctTHbN

)−1

· BFIT

BFIN

=
r1T /r2T

r1N/r2N
· ctHHbT

ctHHbN
·
(

ctTHbT

ctTHbN

)−1

· BFIT

BFIN

=
γT

γN
· ctHHbT

ctHHbN
·
(

ctTHbT

ctTHbN

)−1

· BFIT

BFIN
, (7.8)

whereγT andγN are two unknowns. The ratio ofγT /γN reflects the relative oxygen extraction

ability of the vasculature. For example, aγT /γN ratio larger than one means a higher tumor deoxy-

hemoglobin fraction in the venous compartment relative to the total mixed vasculature compared

to normal tissue, reflecting a larger portion of oxygen extracted from the tumor tissue.
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Chapter 8

Laser Speckle Imaging of Cerebral

Blood Flow

Laser speckle imaging (LSI) [59,63] provides two-dimensional blood flow maps with high spatial

(∼ 30µm) and temporal resolution (∼ 100 ms). Recently, LSI has been widely utilized to measure

blood flow in near surface tissues such as skin [146, 318], retina [60, 362], optic nerve [410] and

brain [19, 20, 100, 110, 113, 146, 316, 336, 353, 394]. This chapter is an outline of the basics of

the laser speckle imaging technique, with some recent theoretical development and anin-vivo

application. In Section 8.2, a noise model for laser specklecontrast imaging is derived and its

accuracy tested within-vivo and phantom experiments. For the first time, I show explicitly that

the speckle contrast noise depends on the sliding window size w, the coherence factorβ, the

exposure timeT , the correlation timeτc of the sample and the random noise level of the system.

Section 8.3 presents an application of the laser speckle imaging technique on the investigation

of functional stroke recovery acutely following transientbrain ischemia in a rat model. A novel

statistical parametric mapping (SPM) method is incorporated into the laser speckle imaging to
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Figure 8.1: Setup for laser speckle imaging (LSI).

obtain robust statistical parametric maps, and to compare the functional activation of the brain

under various physiological conditions.

8.1 Basics of Laser Speckle Imaging

The basics of the laser speckle imaging (LSI) technique havepreviously been described in de-

tail [23, 59, 63, 110, 155]. Briefly, in a typical laser speckle imaging setup (Figure 8.1, [113]),

a collimated laser beam (Hitachi, HL 785 1G, 785nm, 50mW, Thorlabs, Newton NJ) is used to

provide uniform illumination on the cerebral cortex through a thinned window on the skull at

30-40o from vertical. A charge-coupled device (CCD) camera (QImaging, Retiga 1350EX, B.C.,

Canada) is used to record the interference speckle patternsgenerated on the tissue surface. In

order to properly sample the speckle, the aperture of the imaging lens (AF Micro-Nikkor 60mm

f/2.8D, Nikon, NY) is adjusted so that the speckle size (Section 2.2.1.2) matches the CCD pixel
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Contrast

   High   
Contrast

Figure 8.2: Raw speckle images. Speckle contrast of the region with faster particle movement
is lower than the region with lower particle movement, due tostronger blurring of the speckle
patterns.

size (6.45×6.45 µm) [63,110,113]. The camera can be externally triggered for the co-registration

of stimulation and data acquisition. Also, images can be collected at various frame rates depending

on applications and the specification of the camera.

Physically, when coherent laser light is shone on a turbid media, such as biological tissue,

backscattered photons traveling from different scattering paths form random interference speckle

patterns on the media’s surface, which is captured by the CCDcamera. The penetration of the

backscattered light is on the order of the photon transport mean free path (l∗ = 1
µa+µ′

s
) in the

tissue. The reduced scattering coefficient (µ′s) for rat brains ranges from 10cm−1 to 20 cm−1
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Figure 8.3: Speckle contrast image (Right) is obtained by sliding a window, i.e. 5× 5, across the
raw speckle image (Left). The ratio of the standard deviation (σ) to the mean intensity (〈I〉) is
calculated in each window (Zoom) and defined as the speckle contrast (C).

at 785 nm [379], while the absorption coefficient (µa ∼ 0.1 − 0.2cm−1 at 785 nm) is much

lower compared toµ′s. These result in a penetration depth about 500 microns to 1 mm. The

intensity of each speckle fluctuates if the scattering particles are moving inside the tissue. Within a

given exposure time (T ), typically 5-10 ms, the speckle visibility of the region with faster particle

movements is lower compared to the region with lower particle movements, due to the stronger

blurring of speckle patterns (Figure 8.2). The speckle visibility at each pixel can be quantified as

“speckle contrast (C)”, by calculating the ratio of the standard deviation over the mean of the CCD

readouts within a square window centered at that pixel, (i.e. a window of 5 by 5 pixels, Figure

8.3). Mathematically, the CCD readout signal at theith pixel is proportional to the total number of

photons detected within the exposure time,T , i.e.

Si,T =

∫ T

0
Ii(t

′)dt′. (8.1)

whereIi(t
′) is the light intensity trace and the integral is over the entire exposure time. There-

fore, the ensemble average of the signal over all possible CCD readouts in that pixel can be calcu-

lated as,

212



〈Si,T 〉 = 〈
∫ T

0
Ii(t

′)dt′〉

=

∫ T

0
〈Ii(t

′)〉dt′

= 〈I〉 · T, (8.2)

where〈I〉 is the ensemble average light intensity on the CCD, which canbe calculated with

the knowledge of proper photon statistics (Appendix 2.4). The variance of the CCD signal can also

calculated, i.e.

var(Si,T ) = 〈S2
i,T 〉 − 〈Si,T 〉2

=

∫ T

0

∫ T

0
〈Ii(t

′)Ii(t
′′)〉dt′dt′′ − 〈I〉2 · T 2. (8.3)

Recall from Section 2.2.1, the scattering field from the sample is Gaussian, therefore the Siegert

relation can be applied here:〈Ii(t
′)Ii(t

′′)〉 = 〈I〉2[1 + β[g1(t
′− t′′)]2], where the coherence factor

β depends on the size ratio of the speckle and the CCD pixel.β is usually assumed to be unity if

the size of the speckle and the CCD pixel matches [63,110,113], although it can also be measured

from the speckle contrast of a solid phantom. As a result, thespeckle contrast is
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C =
σ(Si,T )

〈Si,T 〉
=

√
var(Si,T )

〈Si,T 〉2

=

[∫ T

0

∫ T

0
β[g1(t

′ − t′′)]2dt′dt′′/T 2

]1
2

=

[
2β

∫ T

0
(1− τ

T
)[g1(τ)]2

dτ

T

] 1
2

. (8.4)

The form of the field autocorrelation function,g1(τ), depends on the imaging geometry and

the dynamics of the samples. For laser speckle imaging, a collimated laser beam is used as the light

source, and each CCD pixel is used as a point detector on the same side as the input beam. This

“plane-wave-in, point-source-out” backscattering geometry has been studied previously [267,298,

299]. Recall from Equation 2.29 thatg1(τ) can be calculated from the contributions of all photon

paths. In the current geometry, however, there is no well-defined characteristic path length set by

the source detector separation as opposed to the DCS technique (Section 2.2.1.3). The calculation

of g1(τ) is no longer straightforward. It has been shown that for backscattering from a sample with

diffusive dynamics, such as suspension of latex beads, the field autocorrelation function decays as

a square root ofτ , i.e. g1(τ) = e−
√

τ/τc [267, 298, 299], whereτc = 6
Dbk2

0
is the correlation time

of the sample. Here,Db is the Brownian diffusion coefficient of the medium andk0 is the wave

number of the incident light. Therefore, Equation 8.4 can becalculated, i.e.

C =



β
(3 + 6

√
T
τc

+ 4 T
τc

)e
−2

q

T
τc − 3 + 2 T

τc

2T 2

τ2
c





1
2

. (8.5)
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On the other hand, for backscattering from a sample with ballistic dynamics, the field autocor-

relation function decays exponentially1, i.e. g1(τ) = e−τ/τc , where the correlation timeτc = 1
vk0

is inversely proportional to the mean velocity of the scattering particles [19, 62, 63]. In this case,

Equation 8.4 can be calculated as [23,155],

C =

[
β · τ2

c

2T 2
(e−2 T

τc − 1 + 2
T

τc
)

] 1
2

, (8.6)

In a typical LSI experiment,1/τc is calculated from Equation 8.6 and used to represent the

blood flow near tissue surface. Note that compared to the formula widely used in laser speckle

literature [19,63,110,113], Equation (8.6) more accurately describes the relationship between the

speckle contrast and the correlation time [23, 393]. However, no significant discrepancies were

found from the two formulas when used for relative blood flow measurements [393], since the

exposure timeT (∼ 8 ms) is much longer than the correlation timeτc (on the order of 0.1 ms) in

biological tissues.

8.2 Signal-to-Noise Analysis of Laser Speckle Imaging

Due to the relatively low cost and simple implementation, there has been growing interest in map-

ping blood flow near the tissue surface using the laser speckle imaging technique [11, 19, 20, 100,

110–113, 316, 336, 353, 394]. The speckle contrast is calculated from the intensity fluctuations

(“noise”). LSI, therefore, is inherently noisy. An averageof tens to hundreds of images is usually

necessary to achieve sufficient signal-to-noise ratio (SNR) for LSI [111–113, 394]. Studies have

1The dynamics of biological tissue is generally considered falling in the second category (exponential decay). How-
ever, this is not well tested. Further investigations of this topic are desirable. In this Chapter, I use the exponential
decay model for our studies. The mean velocity measured fromthe brain tissues is on the order of 1 mm/s; the velocity
from major vessels is on the order of 1 cm/s from ourin-vivo rat brain experiments (Section 8.3). These results are
comparable to accepted physiological values [366].
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been conducted to determine optimal experimental parameters [23, 423], and methods have been

proposed to actively reduce the noise in laser speckle imaging [384]. The sources of the noise in

the contrast image, however, are not always well understood. To that end, we have developed an

analytical model describing the noise in the laser speckle contrast imaging and tested its validity

with experiments. In this section, the dependence of the speckle contrast noise on experimental

parameters, such as the sliding window sizew, the coherence factorβ, the CCD exposure timeT ,

the correlation timeτc of the sample and the random noise level of the system, will bediscussed

in detail. This study is conducted in collaboration with Dr.Douglas Durian from the Physics

Department and Dr. Joel Greenberg’s group in the Departmentof Neurology. A manuscript is in

preparation for publication [432].

8.2.1 A Noise Model for Speckle Contrast: Part I

The detailed derivation of the noise model can be found in Appendix 8.4. The noise of the speckle

contrast (σC) can be expressed as

σC =

√
var(C2)

2C
, (8.7)

whereC is the speckle contrast,var(C2) is the variance ofC2, which can be calculated from

the variance ofσ2 and〈I〉2,

var(C2) = C4

[
var(σ2)

σ4
+

var(〈I〉2)
〈I〉4

]
. (8.8)

Following the steps in Appendix 8.4,var(σ2) andvar(〈I〉2) can be analytically derived. The

noise,σC , of the speckle contrast is found to be related to the size of the sliding window (w, e.g. a
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w × w square, Figure 8.3), as well as the higher order moments of the light intensity:

σC =
1

2w

√
6v2 − 4v3 + v4 − v2

2 + 4v3
2

v2
, (8.9)

where

v2 =
σ2

〈I〉2 =
〈I2〉 − 〈I〉2

〈I〉2

v3 =
〈I3〉 − 〈I〉3

〈I〉3

v4 =
〈I4〉 − 〈I〉4

〈I〉4 (8.10)

are the second, third and fourth order moments of the recorded light intensity within the sliding

window [23,236].

8.2.2 Experimental Results: I

Before we move further to the detailed expression of the noise model, the accuracy of Equation 8.9

needs to be tested. Anin-vivo rat experiment was conducted for this purpose.

A male Sprague-Dawley rat (285g) was anesthetized with halothane (1%) in nitrous oxide:oxygen

(70:30). The rat was tracheotomized, mechanically ventilated and a catheter was placed into a tail

artery for monitoring blood pressure and measuring blood gases. Body temperature was main-

tained at37.5 ± 0.2oC. A 5 mm diameter craniectomy was performed with its center over the

forepaw/hindpaw somato-sensory area (2.5 mm lateral and 1 mm anterior to the bregma) using a

saline-cooled dental drill. A sterotaxic frame was used to fix the rat head in place to avoid move-

ment artifacts (Figure 8.1).
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Figure 8.4: Experimental paradigm for the validation of thespeckle contrast noise model. Top
route: the measured noise image was obtained by calculatingthe standard deviation of the values
at each pixel from the 100 contrast images. Bottom route: higher order moment (v2, v3 andv4

respectively) images were calculated using the same set of speckle images and the same sliding
window. Values from the averagev2, v3 andv4 images were used to construct the calculated noise
image.

As shown in Figure 8.4, one hundred speckle images were takencontinuously from the rat

brain with exposure timet = 7.5ms at a rate of 5 Hz. A contrast image was calculated from each

speckle image with a5 × 5 sliding window (w = 5). The measured noise image was obtained

by calculating the standard deviation of the contrast at each pixel over the 100 contrast images

(Figure 8.4, top route). On the other hand, higher order moment (v2, v3 and v4 respectively)

images were calculated from Equation 8.10 using the same setof speckle images and the same

sliding window. Values from the averagev2, v3 andv4 images were plugged into Equation 8.9 to

construct a calculated noise image (Figure 8.4, bottom route). Figure 8.5 compares the values from

the measured noise image to the calculated noise image on a pixel-by-pixel base. Clearly, all the
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Figure 8.5: Compare the noise measured from experiment and calculated from the model.

data points (each dot corresponds to one pixel from the noiseimage) fall onto the line with unity

slope, suggesting the validity of Equation 8.9.

A direct prediction of Equation 8.9 is that the noise in the speckle contrast is inversely pro-

portional to the size of the sliding window (w). To test this prediction, speckle contrast and noise

images were obtained via the top route in Figure 8.4 with different size of sliding windows, rang-

ing from 3 × 3 to 11 × 11. The averaged noise over the whole image is plotted in 8.6(a)versus

the inverse of the sliding window size (1/w). The linear relationship between the speckle contrast

noise and1/w is clearly seen, which was also observed by Volkeret al [384] recently. On the

other hand, the speckle contrast is independent of the window sizew. Therefore, the contrast/noise

ratio should increase linearly as the sliding window size increases. This result is clearly observed

in Figure 8.6(b). The slopes of the linear dependency dependon the higher order moments of the
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Figure 8.6: (a) Noise is inversely proportional to the widthof the sliding window. (b) Contrast-to-
noise ratio is proportional to the width of the sliding window.
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light intensity (Equation 8.9) and will be discussed in the following sections.

8.2.3 A Noise Model for Speckle Contrast: Part II

In reality, we should take into consideration measurement influences, such as CCD dark count,

readout noise, ambient room light, etc. Most of these influences can be minimized by subtracting a

dark image, which can be recorded under the same experimental condition while the speckle laser

is turned off. Therefore, the corrected image intensity would consist of two components,

I = Is + In, (8.11)

whereIs is the intensity contribution from the speckle andIn is the random noise of the system.

We assumeIn fluctuates around zero randomly, so that〈Ik
n〉 = 0 whenk is odd. Therefore, the

higher order moments (v2, v3 andv4) can be described as (Appendix 8.4)

v2 = v2s + v2n

v3 = v3s + 3v2n

v4 = v4s + 6(v2s + 1)v2n + v4n. (8.12)

Here,v2s, v3s andv4s are the higher order moments of the speckle intensity, and

v2n =
〈I2

n〉
〈I〉2 , v4n =

〈I4
n〉

〈I〉4 (8.13)
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are the normalized second and fourth order moments of the random noise, which can be mea-

sured empirically for each system. Analytical expressionsfor v2s, v3s and v4s can be found

from literature [23, 236]. For single scattering from a diffusive media and backscattering from

a sample with ballistic dynamics (such as biological tissues), the field auto-correlation function is

g1(x) = e−x. Therefore,

v2s = β
e−2x − 1 + 2x

2x2

v3s = 3v2s + 6β2 (1 + x)e−2x − 1 + x

2x3

v4s = 6v2s + 3v2
2s + 4(v3s − 3v2s) + K

K = 18β3 e−2x(2x2 + 4x + 3) + 2x− 3

2x4
, (8.14)

wherex = T
τc

is the ratio of the exposure time,T , to the correlation time,τc. For backscattering

from a sample with diffusive dynamics, such as samples made of latex beads (Table 8.1),g1(x) =

e−
√

x and

v2s = β
(3 + 6

√
x + 4x)e−2

√
x − 3 + 2x

2x2

v3s = 3v2s + 6β2 (4x2 + 14x
3
2 + 27x + 30x

1
2 + 15)e−2

√
x + 3x− 15

2x3

v4s = 6v2s + 3v2
2s + 4(v3s − 3v2s) + K

K = 18β3[
(8x3 + 44x

5
2 + 150x2 + 360x

3
2 + 600x + 630x

1
2 + 315)e−2

√
x

2x4

+
30x− 315

2x4
]. (8.15)

222



Therefore, the speckle contrast noise can be expressed as

σC =
1

2w

√
2v2

2s + 4v3
2s + K + Q

v2s + v2n
,

Q = (4v2s + 12v2
2s)v2n + (12v2s − 1)v2

2n + v3
2n + v4n, (8.16)

and the signal-to-noise ratio (SNR) of speckle contrast canbe calculated as

SNR =

√
v2s

σC
= 2w

√
v2s(v2s + v2n)

2v2
2s + 4v3

2s + K + Q
. (8.17)

Although seemingly complex, the noise and SNR of the specklecontrast only depends on

a few parameters, the sliding window sizew, the coherence factorβ, the exposure timeT , the

correlation timeτc (inverse flow) and the random noise of the system (throughv2n andv4n). In the

next section, we will test the accuracy of these analytical models (Equations 8.16 and 8.17) with

well controlled phantom experiments.

8.2.4 Experimental Results: II

In Section 8.2.2, the dependence of speckle noise on the sliding window sizew was demonstrated.

In this section, we focus on the dependence of speckle noise on other parameters. The coherence

Sample diameter 1.094µm 0.520µm 0.210µm 0.100µm Intralipid
water 1% 1% 1% 2% 1%

50% glycerol 1% 1% 1% 2% 1%
100% glycerol 2% 2% 2% 2% x

Table 8.1: Samples prepared for the test of noise model accuracy.
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Figure 8.7: Phantom study setup to test the accuracy of the speckle noise model.

factorβ can be varied by adjusting the magnification or the aperture of the imaging lens, therefore

changing the size ratio of the speckle spot and the CCD pixel area. Putting a polarizer in front of

the imaging lens can also increaseβ by a factor of∼ 2. The ratiox can be varied by changing

either the exposure timeT or the correlation timeτc of the sample.

As shown in Table 8.1, samples were made by putting different-sized latex beads (Bangs Labo-

ratories, Inc., IN, USA) or Intralipid into various media (water, 50% glycerol and 100% glycerol).

The diffusion coefficient of the scatterers (and therefore the correlation timeτc) varies as the diam-

eter of the scatterers or the viscocity of the medium changes[125, 355]. Three different exposure

times (75 ms, 7.5 ms, and 0.75 ms) were employed for the measurement of each sample. The

combination of all these variables provides a large range ofx values (i.e.10−3 – 103). A polarizer

was used to change theβ value, which was measured as the average speckle contrast from a solid

phantom. Laser illumination was adjusted to maximize the image intensity while keeping the CCD

pixels from saturation.

One hundred frames were collected in a similar vein (Figure 8.7) for each sample and exposure

time combination. Dark images (laser off) were collected under the same conditions and subtracted
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Figure 8.8: Speckle noise as a function ofx andβ (β = 0.17 and 0.33,w=9). Dots, experimental
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from the sample data. Speckle contrast and noise were calculated via the top route in Figure 8.4 for

each sample measurement with a 9× 9 sliding window (w = 9). The averaged noise from the ho-

mogeneous sample was then calculated for each measurement and thex value was back-calculated

from the averaged contrast via Equation 8.6. The results from two sets of experiments (β = 0.17

and 0.33 respectively) are plotted in Figure 8.8 as dots. Solid lines in Figure 8.8 represent model

predictions from Equation 8.16 using the higher order expressions for diffusive dynamics (Equa-

tion 8.15). The random system noise information was obtained from the dark images (Equation

8.13) andv2n andv4n was found to be1 × 10−5 and3.8 × 10−11 respectively for our system. As

can be seen from the figure, the model predicts thex-dependence of the speckle contrast noise over

a large range ofx reasonably well, suggesting its validity. Results obtained for differentβ values

further strengthen this conclusion. The signal-to-noise ratio (SNR) of the speckle contrast from all

the samples is displayed in Figure 8.9 (dots) for the data setof β = 0.33. The estimated SNR from

the model (solid line) predicts the broad trend of the samplemeasurements.
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Figure 8.9: Signal-to-noise ratio of speckle contrast as a function ofx (w=9). Dots, experimental
data; Solid lines, model prediction.

With the analytical noise model in hand, we can further explore the optimization of laser

speckle imaging through numerical simulations. Figure 8.10 shows the contour plots of the cal-

culated SNR (normalized to maximum SNR to eliminate the window size dependency) under dif-

ferent system noise levels asx andβ vary. When the random system noise is low (Figure 8.10(a),

v2n = 1×10−5 andv4n = 3.8×10−11), optimal SNR can be achieved over a wide region (i.e. the

contour of 0.95), which is flat whenx is lower than 1 and is a diagonal strip asx increases. How-

ever, when the random system noise is high (Figure 8.10(b),v2n = 1×10−3 andv4n = 3.8×10−7),

optimal SNR can only be achieved over a narrow range as indicated in the figure. This suggests that

the optimal parameters, such as exposure time,β, etc., should be selected for different applications

(in-vivo, colloid, foam, etc.) based on the noise level of the imagingsystem.
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Figure 8.10: Contour plots of the simulated SNR (normalizedto maximum SNR, unitless) under
different system noise level (a)v2n = 1 × 10−5 andv4n = 3.8 × 10−11 and (b)v2n = 1 × 10−3

andv4n = 3.8× 10−7.
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8.2.5 Discussion

Figure 8.8 shows that the speckle noise is at a plateau when the exposure timeT is equal or less

than the correlation timeτc (x <= 1). The speckle contrast also slowly approaches a constant,

√
β, asx approaches 0, which is the case for the measurements on solidphantoms. As a result the

SNR stays relatively constant for smallx values (Figure 8.9). Asx increases from 1 to1 × 103,

the speckle contrast noise decreases an order of magnitude (Figure 8.8). The speckle contrast also

decreases asx increases (Equation 8.6). However, the decay rate of the speckle contrast is slower

than the rate of the contrast noise. As a result, the signal-to-noise ratio increases by∼ 50 % when

the exposure time is about one thousand times longer than thecorrelation time (Figure 8.9).

When the exposure time is longer than the correlation time ofthe sample (x > 1), the optimal

SNR is obtained in a diagonal region asx andβ varies (Figure 8.10). A decrease in speckle contrast

(low β or high x) is not equivalent to a decrease in the signal-to-noise ratio. In previous brain

studies, the exposure time is tens to hundred times longer than the tissue correlation time [110,113,

353]. Within such an exposure time, tens to hundred cycles offluctuations are accumulated before

the intensity is read out by the camera. However, the specklevisibility (contrast) is still higher than

the random system noise and thus enables the extraction of the motion information (blood flow)

of the scatterers. Although too much accumulation would diminish the speckle contrast, a certain

level of accumulations are necessary to improve statistical accuracy of the contrast calculation. In a

similar vein, a lowβ means one is detecting multiple speckles in one CCD pixel andis essentially

a spatial accumulation of the speckle fluctuations. Thus far, a shorter exposure time (temporal

average) is needed so that the speckle visibility would not drop to the random system noise level

too fast. This analysis also suggests that certain “rules” for laser speckle imaging, such as matching

the speckle size to the pixel size [63,110,113,336,353], donot need to be strictly followed.
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As shown in Equations 8.16 and 8.17, the speckle contrast noise and SNR do not depend on

the illumination intensity directly. However, the illumination intensity comes into play indirectly

through the random system noise terms (v2n andv2n). As can be seen from Equation 8.13, increas-

ing the illumination intensity helps minimize the influenceof the random system noise. However,

attention should be paid to avoid saturating the CCD pixels,which would also influence the accu-

racy of the speckle contrast calculations.

The signal-to-noise ratio of laser speckle contrast imaging is proportional to the sliding window

size (w). Increasing the sliding window size can improve the SNR. However, the spatial resolution

of the technique would decrease asw increases. Average of multiple (N ) speckle contrast images

can improve the SNR by a factor of
√

N at the sacrifice of temporal resolution [384]. Therefore,

there is a trade-off between spatial and temporal resolution. When high temporal resolution is

needed and low spatial resolution can be tolerated, a large sliding window can be used to improve

the SNR. When low temporal resolution can be tolerated whilehigh spatial resolution is desired,

a small sliding window should be used while multiple contrast images can be averaged to increase

the SNR.

In summary, I have developed a noise model for the laser speckle contrast imaging and tested

its accuracy within-vivoand phantom experiments. I show explicitly the dependence of the speckle

contrast noise on experimental parameters, such as the sliding window sizew, the coherence factor

β, the exposure timeT , the correlation timeτc of the sample and the random noise level of the

system.
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8.3 Laser Speckle Imaging of Functional Recovery of Acute Stroke

There has been considerable interest in the ability of the cerebrovasculature to respond to functional

stimulation following a period of transient cerebral ischemia [10, 105, 326, 327, 375], which may

provide a window into the eventual fate of the tissue. Following cardiac arrest, wherein cerebral

blood flow (CBF) is reduced to zero, magnetic resonance basedperfusion imaging shows a lack of

hemodynamic response to electrical forepaw stimulation one hour after resuscitation, and only a

minimal response after three hours [326]. Over the first 24 hours of reperfusion, MR based signals

of functional recovery return with the perfusion-weightedresponse to stimulation recovering more

slowly than does the blood-oxygen-level dependent (BOLD) measurement. If both vertebral and

carotid arteries are occluded for 30 minutes, also producing negligible blood flow in the somatosen-

sory cortex, the tissue loses its ability to respond to electrical forepaw stimulation even following

three hours of recirculation [375]. There are significant differences, however, between complete

and incomplete ischemia [30, 31, 104, 347]. During incomplete ischemia, such as during tempo-

rary middle cerebral artery occlusion (MCAO), the hemodynamic response in the somatosensory

cortex to electrical stimulation of the contralateral forepaw is significantly attenuated one day after

the occlusion and is not normalized until approximately twoweeks [105]. There is no information,

however, concerning the ability of the cerebrovasculatureto respond to functional stimulation very

acutely following incomplete ischemia, and in particular whether the spatial extent of the activation

is altered by the ischemic insult.

Due to its high spatial and temporal resolution, laser speckle imaging is a great tool for the in-

vestigation of functional brain activations [19,20,100,110,113,146,316,336,353,394]. Recently,

we have used LSI to investigate the near surface activation flow coupling (AFC) following elec-

trical somatosensory stimulation of forepaw and hindpaw inthe rat [113]. Using high-resolution
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temporal (5 Hz) and spatial sampling (32µm), the effects of stimulus amplitude and duration were

investigated. Basic functional mapping was demonstrated by separating the activation following

forepaw and hindpaw stimulation, and correlation coefficient images were used to characterize the

spatial extent of the activation. However, the regions of interest (ROIs) were determined from the

rescaled correlation coefficient images by setting an arbitrary threshold or by using a full-width at

half-maximum (FWHM) approach [112, 113, 394]. This makes itdifficult to compare the activa-

tion areas under different physiological conditions, suchas following cerebral ischemia, since the

maximum may also be a variable. On the other hand, statistical parametric mapping (SPM), which

is widely used in the functional MRI community [144, 145, 169, 229, 271, 407], enables statistical

comparison and interpretation of the activation under various physiological conditions.

To this end, a modified general linear model (GLM) [407] was employed to construct robust

statistical parametric maps for spatially extended processes in the presence of temporal autocor-

relation. We used the SPM approach with LSI data, to examine the relative cerebral blood flow

(rCBF) response in the somatosensory cortex of the rat to controlled whisker stimulation follow-

ing temporary incomplete ischemia. We found that the activation area and the temporal response

to stimulation were altered acutely following incomplete cerebral ischemia, while the maximum

CBF response to functional stimulation was preserved. Thisstudy is conducted in collaboration

with Dr. Joel Greenberg’s group in the Department of Neurology. A manuscript is in preparation

for publication [435].
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8.3.1 Materials and Methods

8.3.1.1 Surgical Preparation

Animal procedures were in accordance with the guidelines established by the National Institutes of

Health and were approved by the Institutional Animal Care and Use Committee at the University

of Pennsylvania. Studies were undertaken in 10 male Sprague- Dawley rats (325 ± 39 g; Charles

River, USA) that had free access to food and water. They were anesthetized with halothane in a

bell jar, tracheally incubated, and mechanically ventilated with1.0% halothane in30% O2 balanced

with 70% N2O. One femoral artery was cannulated for blood pressure monitoring and blood gas

sampling, and a catheter was placed into the other femoral artery for blood withdrawal during the

production of hypotension. Body temperature was maintained at37.5± 0.2oC andPaCO2 levels

were kept between 35-45 mmHg by adjustment of the respiratorbased on periodic arterial blood

gas sampling. An 8 mm diameter region over the right whisker barrel somatosensory area centered

at 6 mm lateral and 2 mm posterior to the bregma was thinned using a saline-cooled dental drill.

Following surgical preparation, the animals were administered 60 mg/kg ofα-chloralose ip and

the halothane was discontinued. Hourly supplemental dosesof α-chloralose (30 mg/kg ip) were

given and the animals were maintained on30% O2 balanced with70% N2. All whiskers except for

B1-3, C1-3, and D1-3 on the left were cut at the level of the skin to prevent accidental stimulation.

Transient forebrain ischemia was produced by bilateral carotid arterial occlusion (2VO) with

controlled hypotension [274,341]. Loose snares were placed around both carotid arteries and mean

arterial blood pressure (MABP) was lowered to 45-50 mmHg by slowly withdrawing blood from

the femoral arterial catheter into a heparinized syringe. The snares were then tightened and MABP

was maintained at this level for 15 mins, at which time the snares were removed and the withdrawn
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Figure 8.11: Experiment Protocol: Transient forebrain ischemia (15 mins) was produced by bilat-
eral carotid arterial occlusion (2VO) with controlled hypotension (45-50 mmHg). Whisker stimu-
lation (and LSI data acquisitions) were performed prior to ischemia, and at 20 minutes, 30 minutes,
1 hour, 2 hours and 3 hours after the reperfusion. The animal was sacrificed and cytochrome oxi-
dize staining was employed to map the walls of the whisker barrels for the co-registration with the
LSI images.

blood was returned to the animal. An illustration of the experiment protocol is displayed in Figure

8.11.

8.3.1.2 Stimulus Presentation and Experiment Protocol

The experiment protocol consisted of 20 seconds of image acquisition: following a 5 second data

collection (no stimulus), the whiskers were stimulated for3 seconds, and data was taken post-

stimulus for 12 seconds. Stimulation consisted of mechanical stroking of the left vibrissa (B1-3,

C1-3, and D1-3) with a solenoid driven in a rostral-caudal direction at 5 Hz. This protocol was

repeated 10 times with 40 seconds of no data acquisition (or stimulation) between runs. Thus the
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whiskers were stimulated for only 3 seconds every minute. Whisker stimulation (and LSI data

acquisitions) were performed prior to ischemia, and at 20 minutes, 30 minutes, 1 hour, 2 hours

and 3 hours after the reperfusion. Animals were sacrificed after the 3 hour measurement with an

overdose of a barbiturate (150 mg/kg) and the brain removed from the skull. The cortices were

carefully removed from the remainder of the brain, flattenedbetween two silicone coated glass

slides separated by 4 mm spacers and frozen in isopentane cooled to -30oC. The right cortex

was mounted in a cryostat (Bright Instrument Company Ltd, Huntingdon, England) and, following

temperature equilibration, was sectioned tangential to the cortical surface. Sequential sections

were stained for cytochrome oxidize as described previously [342]. Images from the cytochrome

oxidize staining, which maps the walls of the whisker barrels, were co-registered with the LSI

images using a warping technique described by [55].

8.3.1.3 LSI Data Analysis

After the speckle contrast images were calculated, Equation (8.6) was used to extract1/τc on each

pixel as the index for CBF values. Here,β was assumed to be unity in the calculations. We have

noticed that1/τc is not zero when tissue perfusion is zero (post mortem), an observation also made

by other laboratories [19,353]. This “biological zero” mainly corresponds to the random motion of

scatters in the tissue and is extensively discussed in the laser Doppler literature [67,83,212,430]. In

a separate group of animals without ischemic insults (N = 6),laser speckle images were obtained

before sacrifice (baseline) and after sacrifice (dead) to quantify the values for biological zero. We

found that biological zero expressed in percentage (post mortem flow / baseline flow) showed more

consistent results across animals compared to the absolute1/τc values. An average of 11.7± 2.4%

(mean± SE) was obtained from the six animals and was used to correct for CBF values throughout
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the analysis in the ischemic group.

To reduce the data to be processed to a manageable size, the images were smoothed using a

bi-cubic interpolation method by5× 5, thus reducing the spatial resolution to 32.25µm. Relative

changes in CBF (rCBF) were obtained by dividing each image bythe average baseline image

obtained during the 5 seconds prior to the start of the stimulus. The data collected during the

repeat stimulation were collapsed by aligning time points and calculating the mean of the images.

Changes in blood flow during the ischemic and reperfusion periods were calculated by dividing

each image by the average of images obtained prior to the onset of ischemia.

8.3.1.4 Statistical Analysis

In collaboration with Drs. Daniel Kimberg and John Detre, a modified general linear model (GLM)

[407] was employed to estimate the spatial extent of the activation using a free software package,

VoxBo 2. The GLM treats a series of measurement dataX as the linear combination of a set of

independent covariates,

X = Gβ + e, (8.18)

where the columns of the design matrix (G) are the covariates, the parameter vectorβ repre-

sents the weights for each covariate, ande is the error term. The modified GLM makes it possible

to estimate the parameters and contrast them statisticallyin the presence of temporal autocorrela-

tion (due to high frequency noise and low frequency shifts inthe data).

In our study, the rCBF images from individual animals were spatially smoothed with a 5× 5

pixel spatial Gaussian filter before being imported into Voxbo. Covariates of interest represent the

2www.voxbo.org
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Figure 8.12: Illustration of GLM algorithm. (a) Covariatesof interest represent the contrast of
activity at each second after the onset of stimulation (up to7 seconds); (b)β values for each
covariates are fit from the rCBF response and are used to generate the statistical parametric maps
(SPM).

contrast of activity at each second after the onset of stimulation (up to 7 seconds), and covariates

of no interest were defined as the intercept of each trial (Figure 8.12). Statistical parametric maps

(t-statistics) contrast the rCBF response during the time period 2 to 5 seconds into stimulation (2,

3, 4 and 5 second) with baseline. A statistical significance was set to a threshold (e.g.,pth = 0.01

or 0.05), and the corresponding Bonferroni-corrected threshold t-values were calculated based on

the degree of freedom and the number of pixels in the image.

In order to investigate the spatio-temporal response simultaneously, a region of interest (ROI)
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was defined independently at each time point (before and after the ischemic insult) for each animal

as all pixels with t-value above the threshold. The number ofpixels within the ROI was used to

calculate an area of activation, which was used to quantify the spatial response to the ischemic

insult. The temporal changes were reduced to a curve by averaging rCBF over all pixels within

the ROI at each time point. Maximum∆rCBF and the time to reach maximum∆rCBF were

extracted from the curve for the quantification of the temporal responses after the ischemic insult

for each animal.

Results from ten animals were combined and expressed as mean± SE. Significant differences

between pre- and post-ischemia were determined with one wayrepeated measures ANOVA. When

significant differences were found, the t-test was used to find at which time point these differences

occurred.

8.3.2 Results

8.3.2.1 Physiological Variables

The blood gases were all within normal range (PaCO2: 42.7± 4.3, PaO2: 109± 9; pH: 7.39±

0.04), and were not significantly different during the ischemic and the reperfusion periods. Mean

arterial blood pressure was 118± 9 mmHg prior to production of the hypotension and was reduced

to 47.6± 3.6 mmHg during the bleeding phase. After release of the ligatures around the carotid

arteries and reinfusion of the shed blood, blood pressure increased to 122± 9 mmHg (Fig.8.13).

8.3.2.2 Cerebral Blood Flow During Ischemia

When the carotid arteries were ligated and the arterial blood pressure lowered, rCBF in the MCA

territory decreased rapidly, dropping to6.6±1.8% (N = 10) of baseline within a couple of minutes
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Figure 8.13: Average rCBF (integrated over the whole imagedbrain region) and mean arterial
blood pressure (MABP) measured during incomplete ischemia(N = 10).

and remaining at this level for 15 minutes (Fig.8.13). Upon release of the carotid ligatures and

reinfusion of the shed blood, rCBF increased well above the baseline value, peaking at538± 35%

9-10 minutes after the end of the ischemic period, before decreasing to close to the baseline level

approximately 17 minutes after the start of reperfusion.

8.3.2.3 Baseline CBF Variations Due To Incomplete Ischemia

The ischemic insult was found to have a significant effect on the baseline CBF (ANOVA, p =

0.004). Figure 8.14 shows the baseline variations pre- and post the ischemic insult. Data at different

time points were normalized to the baseline values right before ischemia (Fig.8.13, control). The

baseline measured during the whisker stimulation prior to the ischemia was found to be repeatable
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Figure 8.14: Baseline CBF changes pre- and post ischemic insults. Symbols indicate significant
difference from pre-ischemia values (p < 0.05).

compared to the control (102 ± 2%, p = 0.38). Twenty minutes after reperfusion, baseline CBF

was significantly lower than control (86 ± 4%, p = 0.01), while at 30 minutes, baseline CBF was

only marginally lower than control (83 ± 8%, p = 0.06). However, baseline CBF returned to pre-

ischemia level one hour after reperfusion (1 hr:105 ± 6%, p = 0.40; 2 hr:105 ± 4%, p = 0.21; 3

hr: 109± 7%, p = 0.23), which indicates a clear recovery of cerebral perfusion.

8.3.2.4 Functional Response After Ischemic Insult

Evaluation of Peak∆rCBF Images over Time

Figure 8.15 shows images of peak∆rCBF responses to the whisker stimulation from one repre-

sentative animal before the ischemic insult. Images withintwo seconds from the peak∆rCBF
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Figure 8.15: Blood flow response covers a larger region on thebrain compared to the whisker
barrels (black circles).

changes (Fig.8.20b) were averaged for the display at each time point. Outlines of whisker barrels

(B1 – D3) from stained brain slices were superimposed on the∆rCBF images. Good agreement

was found for the mapping of∆rCBF and whisker barrels. In general, blood flow response covers

a larger region on the brain compared to the whisker barrels.The changes in the blood flow acti-

vation in response to the whisker stimulation at different time point (before and after the ischemic

insult, Figure 8.16a) were quantified and are described below.

Variation of Activation Area

The amount of tissue that is considered activated by whiskerstimulation depends on what is used

for the threshold of activation. Figure 8.16b-c shows the activation area (pseudo-color) superim-

posed on the vasculature map (black-and-white) from the same animal described above (Fig.8.16a).
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Figure 8.16: Images from a representative animal showing functional activations pre- and post the
ischemic insult. (a) Peak∆rCBF images. (b) - (c), Statistical parametric maps from the GLM
analysis showing the activation area at different threshold levels [(b)pth = 0.05, (c) pth = 0.01].
Black-and-white background, vasculature map; Pseudo-color foreground, activation area.
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Images from two different threshold levels (pth = 0.05 andpth = 0.01) are displayed for the com-

parison. Pixels having a t-value greater than the corresponding Bonferroni-corrected t-threshold

are shown in color with the same threshold t-value used for the analysis at different time points

before and after ischemia. The activation region appears larger when the threshold is set to 0.05

(Fig.8.16b), compared to the threshold at 0.01 (Fig.8.16c). The size of the region is significantly

altered by the ischemic insult (ANOVA, p< 0.005 for both thresholds). Although the absolute val-

ues of the activation area depends on the threshold, the activation area changes similarly during the

reperfusion period (Fig.8.17). Because the temporal changes in activation area are similar for both

thresholds, observed also for other parameters (see Fig.8.20), we usepth = 0.01 as the threshold

for the selection of the ROIs for the rest of this paper. Usingthis threshold, the activation area was

found to be significantly reduced from the pre-ischemia level (8.5± 1.0mm2) during the recovery

from ischemia (20 min: 4.2± 1.0mm2, p = 0.009; 30 min: 3.0± 1.0mm2, p = 0.007; 1 hr: 3.7

± 1.1mm2, p = 0.02; 3 hr: 3.4± 0.8mm2, p = 0.002). There was no significant reduction in the

area of activation two hours after the end of ischemia, however (6.5± 1.5mm2, p = 0.36).

Time Curves of∆rCBF Response

Figure 8.18 shows the time curves of∆rCBF in response to whisker stimulation prior to is-

chemia, at 20 minutes and 2 hours post ischemia. The curves were obtained by averaging all the

pixels within the ROIs defined previously (pth = 0.01), and then collapsing over all animals (N =

10). Prior to ischemia, blood flow started increasing about 1second after the onset of the stimu-

lation and reached its maximum approximately 2.5 seconds into the stimulation. Twenty minutes

after the ischemic insult,∆rCBF responded more slowly to the whisker stimulation and the max-

imum∆rCBF appears smaller compared to the pre-ischemic response. By 2hours post ischemia,
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Figure 8.17: Activation area pre- and post the ischemic insult (N = 10). Activation area decreased
significantly at 20 minutes, 30 minutes, 1 hour and 3 hours after reperfusion (p < 0.05), but
no significant decreases were observed at the 2 hour time point. Symbols indicate significant
difference from pre-ischemia values (p < 0.05).

recovery in both amplitude and response time was observed (Fig.8.19).

Maximum ∆rCBF Changes over Time

Statistical analysis showed that the maximum∆rCBF response to the stimulation was not sig-

nificantly influenced by the ischemic insult (ANOVA, p = 0.14 and 0.18 forpth = 0.01 and

0.05 respectively). Prior to ischemia, the maximal∆rCBF response to whisker stimulation was

11.1 ± 0.9% (pth = 0.01, Fig.8.20a); maximum∆rCBF slightly decreased to9.4 ± 0.3% 20

minutes into reperfusion (p = 0.07), and stayed around the pre-ischemia level for the rest of the

three hours (30 min:9.9± 0.7%, p = 0.33; 1 hr:9.8± 0.7%, p = 0.22; 2 hr:11.1± 0.9%, p = 0.98;

3 hr: 11.9 ± 0.8%, p = 0.44).
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Figure 8.18: Average∆rCBF curves in response to stimulation pre- and post the ischemicinsult
from all animals (N = 10). ROIs were chosen for each time pointbased on the GLM analysis
(pth = 0.01).

Variation of Time To Maximum ∆rCBF

While maximum∆rCBF was largely unchanged, there was a significant delay in the response to

whisker stimulation after the incomplete ischemia (ANOVA,p < 0.0001 for both thresholds). As

shown in Fig.8.20b, the time to peak response increased from2.4± 0.2 seconds prior to forebrain

ischemia to 3.6± 0.1 seconds 20 minutes into reperfusion (p = 0.0006). The time delay slowly

recovered towards the pre-ischemia level, for example, 3.5± 0.1 seconds at 30 minutes (p =

0.0005), 3.1± 0.2 seconds at 1 hour (p = 0.04), and 3.1± 0.2 seconds at 2 hours (p = 0.03)

into the reperfusion. Even three hours after reperfusion, the time to peak remained significantly

elevated (2.9± 0.2 seconds,p = 0.04).
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Figure 8.19: Barplots for average∆rCBF change during activation (N = 10,pth = 0.01). The
x-axis indicates the time from ischemia, and the y-axis indicates the time from the onset of the
stimulation. Although the maximum∆rCBF change does not vary significantly (p = 0.14), the
time to reach maximum∆rCBF was significantly delayed after the ischemic insult (p < 0.0001).

8.3.3 Discussion

The phenomenon of hypoperfusion and post-ischemic hyperperfusion has been investigated ex-

tensively after incomplete ischemia in the rat [106, 127, 191, 206, 417]. CBF measured in the

cortex was found to be less than10% of pre-ischemia level after 10 to 15 mins incomplete is-

chemia [106,127,191,206], which is in line with our observations. After five minutes reperfusion,

a 250% to 300% hyperemia was usually seen [106, 127, 206], which is lower than the peak value

observed 9-10 minutes after the end of the ischemia in our study (538 ± 35%). These differences

might be related to differences in anaesthesia or duration of ischemia between the studies.

It is believed that functional impairment/recovery after stroke depends on the duration and
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Figure 8.20: (a) Peak∆rCBF response pre- and post the ischemic insult (N = 10). Peak∆rCBF
response to the stimulation was not significantly influencedby the ischemic insult (p = 0.14
and 0.18 forpth = 0.01 and 0.05 respectively). (b) Time to peak∆rCBF response increased
significantly after reperfusion (p < 0.0001 for both thresholds) and recovered slowly towards
pre-ischemic value (N = 10). Symbols indicate significant difference from pre-ischemia values
(p < 0.05).
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severity of cerebral ischemia. In rats with 30 min MCA occlusion, Onoet al [284] have observed

a prompt recovery inCO2 reactivity (within 30 min) after reperfusion using T2 weighted MRI.

Schmitzet al [326] have shown in rats with 10 min of cardiac arrest that BOLD and perfusion

responses to forepaw stimulation were impaired 1 hour afterthe cardiac arrest. BOLD eventually

recovered at 1 day, but at that time perfusion only recoveredto∼ 50%. In the same animal model,

Schmitzet al [327] also showed using laser Doppler and autoradiography thatCO2 reactivity was

reduced to∼ 30% of control at 1 hour of reperfusion, but recovered to near normal after 5 hours of

recirculation. Blood flow response to forepaw stimulation,however, was completely suppressed at

45 minutes. In some but not all animals, a weak response couldbe observed by 1.5 hours, followed

by a gradual improvement of 50% to 60% of control within 3 days. Using fMRI, Shenet al [333]

showed that with permanent focal ischemia (MCAO), the CBF response to the forepaw stimulation

in the primary somatosensory cortices was lost, although vascular coupling (CO2 reactivity) was

intact. Following transient (15 min) ischemia, the blood flow response to forepaw stimulation was

normalized by 30 minutes and remained unaltered through the24 hours of monitoring. It should

be noted, however that this model does not produce permanentdamage.

These prior studies investigated the impairment/recoveryof the amplitude in response to func-

tional challenges (CO2, electrical forepaw stimulations, etc.). However, less isknown about the

spatial and temporal recovery of the brain with transient ischemia in response to functional chal-

lenges, due to the limited spatial and temporal resolution of most of the imaging techniques (MRI,

PET). In the current study, we exploited the superior spatial and temporal resolution of laser speckle

imaging to address this problem. We also used the SPM approach to analyze our laser speckle

data, which enabled the comparison of brain activation under different physiological conditions.

The time period (2 to 5 seconds into stimulation) used for thecontrasting was chosen to cover
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the peak activations. We also tried contrasting different time periods (i.e. 1 to 5 seconds, 2 to 6

seconds into stimulation) with baseline. Similar trends were observed for the changes in activation

area, maximum∆rCBF , and time to maximum∆rCBF . In GLM analysis, the hemodynamic

response function can also be modeled in a variety of ways to examine significant changes between

conditions [169,406], and it would also be possible to test complex models with various contrasts

and covariates, including covariates for ischemic states,so as to generate maps showing regions

of significant change at different states. These approacheswill be explored in future laser speckle

studies.

In the non-ischemic rat, the spatial extent of hemodynamic changes (oxy-, deoxy-, total hemoglobin

concentrations and CBF) in response to whisker stimulationis usually larger than the size of the

whisker barrels [100,112,394]. In the current study, the activation area observed prior to ischemia

agrees well with the literature, considering that the distance between adjacent whisker barrels is

about 400 to 500µm [75, 258], and the CBF response is less localized compared tohemoglobin

changes [111] and oxidative metabolism [394]. One of our principle findings is that the activation

area in response to functional stimulation is significantlyreduced after the ischemic insult. How-

ever, baseline blood flow was found to recover 30 minutes after the reperfusion, and we observed

a sign of recovery in activation area at the 2-hour time point. This phenomena was quite robust

and was consistent among all animals, which may suggest the existence of a window for func-

tional recovery. Further studies are necessary to confirm this finding, and other modalities, such as

electrophysiological mapping, may be needed to correlate neuronal activity with hemodynamics.

Another major effect of the ischemic insult was the variations in the temporal profile of rCBF

in response to stimulation. Prior to ischemia, rCBF startedincreasing about 1 s after the onset of

the stimulation and took 2.4± 0.2 seconds to peak, in line with previous observed hemodynamic
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changes during both forepaw [11,112,113] and whisker [111,112,205,242,394] stimulation in the

rat. Note that the temporal profile of the rCBF response was averaged over the whole activation

area, with the maximum∆rCBF response reflecting an average change of the activated region.

The peak response of11.1 ± 0.9% from the 9-whisker stimulation is thus comparable with the

results from single whisker stimulations [111,112,394], although less than what was seen in layer

IV of the cortex using autoradiography [162]. After the ischemic insult, significant delay of the

time to peak∆rCBF was observed and this delay gradually returned towards normal (Fig.8.20b).

It is interesting to note that the peak∆rCBF was not significantly influenced by the ischemic

insult. To the extent that CBF changes reflect underlying neural metabolism, this may suggest

that early in the reperfusion the somatosensory cortex “worked as hard as” before ischemia, but

responded more slowly to the stimulation. We previously observed a prolonged time to peak after

unilateral carotid occlusion, and attributed the delay to the uses of a circuitous recruitment of

collateral supply [10]. However, in the present study the carotids were reopened, suggesting that

the observed delay may represent an alteration in activation flow coupling after the ischemic insult.

8.3.4 Conclusions

We have incorporated the SPM method into laser speckle imaging to investigate functional spatial

and temporal responses of cerebral blood flow following temporary incomplete cerebral ischemia

in the rat. SPM and the modified GLM offer robust statistical parametric maps and enable compar-

ison of the activation under various physiological conditions. Our results show that the ischemic

insult significantly alters CBF, the area of activation, andthe temporal response to stimulation.

The magnitude of the CBF response to functional stimulation, however, was preserved in the early

hours following transient incomplete ischemia insult.
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8.4 APPENDIX I: Derivation of the Noise Model for Laser Speckle

Contrast Imaging

As defined in Section 8.1, the contrast of the laser speckle imaging is:

C =
σ

〈Î〉
, (8.19)

whereσ and and〈Î〉 are the standard deviation and the mean of the speckle intensity within a

square window respectively. Note that here〈Î〉 is used to represent the measured intensity average,

while the “true” average of the intensity is represented as〈I〉. We take a square of Equation 8.19,

C2 =
σ2

〈Î〉2
. (8.20)

Then, the variance ofC2 can be expressed as,

var(C2) = C4(
var(σ2)

σ4
+

var(〈Î〉2)
〈Î〉4

)

=
var(σ2)

〈Î〉4
+

σ4var(〈Î〉2)
〈Î〉8

, (8.21)

which means the variance ofC2 can be calculated from the variance ofσ2 and〈Î〉2. Let’s look

at the variance ofσ2 first. As defined,
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σ2 = 〈Î2〉 − 〈Î〉2

=
1

N

N∑

i=1

I2
i − 〈Î〉2, (8.22)

whereN = w2 is the number of pixels in the sliding window,w is the size of window andi

indicates theith pixel in the window. Since the difference between〈Î〉 and〈I〉 is small, we have

〈Î〉2 = [(〈Î〉 − 〈I〉) + 〈I〉]2

≈ 〈I〉2 − 2〈I〉(〈Î〉 − 〈I〉)

= 〈I〉(2〈Î〉 − 〈I〉). (8.23)

Then,

σ2 =
1

N

N∑

i=1

I2
i − 2〈I〉 1

N

N∑

i=1

Ii + 〈I〉2, (8.24)

And

var(σ2) = var(
1

N

N∑

i=1

Ii(Ii − 2〈I〉), (8.25)

since the variance of〈I〉2 is zero. Letx = Ii(Ii − 2〈I〉), according to [92,219],
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var(σ2) =
1

N2

∑

i,j

〈xixj〉 −
1

N2
(
∑

i

〈xi〉)2

=
1

N
var(x) + 2

1

N

N−1∑

k=1

(〈x0xk〉 − 〈x〉2)(1 −
k

N
)

=
1

N
[〈x2〉 − 〈x〉2]

︸ ︷︷ ︸
A

+ 2
1

N

N−1∑

k=1

(〈x0xk〉 − 〈x〉2)(1−
k

N
)

︸ ︷︷ ︸
B

. (8.26)

We can find that

〈x〉 = 〈I2〉 − 2〈I〉2

= 〈I〉2(v2 − 1), (8.27)

and

〈x2〉 = 〈I2
i (Ii − 2〈I〉)2〉

= 〈I2
i (I2

i − 4Ii〈I〉+ 4〈I〉2)〉

= 〈I4
i − 4I3

i 〈I〉+ 4I2
i 〈I〉2〉

= 〈I〉4[(v4 + 1)− 4(v3 + 1) + 4(v2 + 1)]

= 〈I〉4(4v2 − 4v3 + v4 + 1). (8.28)
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wherev2 = C2 = σ2

〈I〉2 = 〈Î2〉−〈I〉2
〈I〉2 , v3 = 〈Î3〉−〈I〉3

〈I〉3 andv4 = 〈Î4〉−〈I〉4
〈I〉4 are the higher order

moments of the intensity. Therefore, we have

A =
1

N
〈I〉4(6v2 − 4v3 + v4 − v2

2). (8.29)

If xi andxj are independent, then the average〈x0xk〉 = 〈xk〉2 so thatB = 0. As a result,

var(σ2) =
1

N
〈I〉4(6v2 − 4v3 + v4 − v2

2). (8.30)

Now, let’s look at the variance in〈Î〉2. From Equation 8.23, we can calculate

var(〈Î〉2) = var(〈I〉2〈Î〉)

= 4〈I〉2var(
1

N

N∑

i=1

Ii). (8.31)

Let x = Ii (Note the definition ofx is different from above), then

var(〈Î〉2) = 4〈I〉2{ 1

N
[〈x2〉 − 〈x〉2]

︸ ︷︷ ︸
D

+ 2
1

N

N−1∑

k=1

(〈x0xk〉 − 〈x〉2)(1 −
k

N
)

︸ ︷︷ ︸
E

}. (8.32)

The first term (D) can be calculated as

D =
1

N
var(I) =

1

N
〈I〉2v2. (8.33)

And if xi andxj are independent, we will haveE = 0. Therefore,
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var(〈Î〉2) =
4

N
〈I〉4v2. (8.34)

If we plug Equations 8.30 and 8.34 into Equations 8.21, we will get

var(C2) =
1

N
(6v2 − 4v3 + v4 − v2

2) +
4

N
v3
2 . (8.35)

The noise in the speckle contrast,C, will be

σC =
σ(C2)

2C
=

1

2w

√
6v2 − 4v3 + v4 − v2

2 + 4v3
2

v2
. (8.36)

As discussed in Section 8.2.3, random system noise should betaken into consideration for the

noise model. Therefore, the dark-corrected image intensity consists of two components,

Î = Is + In, (8.37)

whereIs is the intensity contribution from the speckle, whileIn is the contribution from the

random system noise. We assumeIn fluctuates around zero randomly, so that〈Ik
n〉 = 0 whenk is

odd. As a result,

〈Î〉 = 〈Is〉,

〈Î2〉 = 〈I2
s 〉+ 〈I2

n〉,

〈Î3〉 = 〈I3
s 〉+ 3〈Is〉〈I2

n〉,

〈Î4〉 = 〈I4
s 〉+ 6〈I2

s 〉〈I2
n〉+ 〈I4

n〉. (8.38)
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Therefore,

v2 = v2s + v2n,

v3 = v3s + 3v2n,

v4 = v4s + 6(v2s + 1)v2n + v4n, (8.39)

wherev2s, v3s and v4s are the higher order moments of the speckle intensity. For back-

scattering from a sample with ballistic dynamics,v2s, v3s andv4s can be calculated as [23,236],

v2s = β
e−2x − 1 + 2x

2x2
,

v3s = 3v2s + 6β2 (1 + x)e−2x − 1 + x

2x3
,

v4s = 6v2s + 3v2
2s + 4(v3s − 3v2s) + K,

K = 18β3 e−2x(2x2 + 4x + 3) + 2x− 3

2x4
. (8.40)

Here,x is defined as the ratio of the CCD exposure time to the correlation time of the sample

(x = T
τc

), andβ is the coherence factor which depends on the detection optics. v2n andv4n are the

normalized second and fourth order moments of the random system noise, which can be calculated

asv2n = 〈I2
n〉

〈Î〉2 andv4n = 〈I4
n〉

〈Î〉4 . Therefore, putting Equation 8.39 into Equation 8.36, we will find,
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σC =
1

2w

√
2v2

2s + 4v3
2s + K + Q

v2s + v2n
,

Q = (4v2s + 12v2
2s)v2n + (12v2s − 1)v2

2n + v3
2n + v4n. (8.41)

And, the signal-to-noise ratio (SNR) of the speckle contrast can be expressed as

SNR =

√
v2s

σC
= 2w

√
v2s(v2s + v2n)

2v2
2s + 4v3

2s + K + Q
. (8.42)
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Chapter 9

Summary and Perspectives

In this work, I have described the development of functionaloptical imaging techniques (diffuse

optical imaging and spectroscopy and laser speckle imaging) and their variousin-vivo applica-

tions on tissue hemodynamics (mainly cerebral hemodynamics). My contributions include, 1)

developing analytical noise models for diffuse correlation spectroscopy (DCS, Section 2.2.3) and

laser speckle imaging (LSI, Section 8.2) systems and testing their accuracy with experiments; 2)

optimizing 3D blood flow image reconstruction with diffuse correlation tomography (DCT, Sec-

tion 2.2.5); 3) validating the blood flow measured with DCS with ASL-MRI in human calf muscle

(Section 3.2); and 4) applying the functional optical imaging techniques from bench-top (computer

simulation, Section 2.2.5.3) to small animals (rats, Chapter 4 and Section 8.3; piglets, Chapter 5)

to clinical applications (human patients, Chapter 6 and Chapter 7). I will briefly summarize the

main findings and suggest some future directions.

I have shown in Section 2.2.3 that the signal-to-noise ratioin the DCS measurements is mainly

dependent on the detected light intensity, the averaging measurement time and the settings of the
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correlator. Using a few-mode fiber for DCS detection increases the amount of light detected, how-

ever, it does not increase the SNR of the measurements. The DCS noise can be calculated and used

for improving DCS data fit or DCT image reconstructions (Section 2.2.5.3). Based on the noise

information, the data point where the DCS curve decreases to1/e of its initial value can be used

to achieve optimal 3D blood flow tomography with DCT (Section2.2.5). The image quality can

be further improved by employing a spatial variant regularization, for which the optimal regular-

ization parameter is obtained with an L-curve analysis (Section 2.2.5). Using these conclusions,

in-vivo 3D cerebral blood flow tomography of cortical spreading depression (CSD) was obtained

for the first time in the rat (Chapter 4).

Blood flow measured with DCS was validated with ASL-MRI in human skeleton muscle (Sec-

tion 3.2). I have shown that DCS and ASL-MRI quantify the sametemporal dynamics of tissue

microvascular flow. And both DCS relative blood flow and absolute flow-index (αDB) are strongly

correlated with the ASL-MRI measurements. In Section 5.1, Ihave demonstrated using a piglet

traumatic brain injury model that non-invasive diffuse optical techniques (DRS and DCS) have

the long-termstability and short-termsensitivityneeded for bedside patient monitoring. Cerebral

autoregulation can also be assessed non-invasively with the continuous optical CBF measurements

(Section 5.2). We further extended the application of DCS into neuro-intensive care unit (NICU)

for ischemic stroke management in adult human patients (Chapter 6). Significant difference of

blood flow responses to head-of-bead maneuvers were found between the peri- and contra-infarct

hemispheres. Paradoxical CBF responses were observed from25 % of the patients, indicating the

importance of individual patient management. DCS and DRS also showed promises for monitor-

ing hemodynamic changes after the neoadjuvant chemotherapy treatment in human breast cancer

patients (Chapter 7).

258



The diffuse optical techniques have demonstrated great promises for laboratory and clinical ap-

plications in brain and other tissues. However, further validation in human brain are needed before

the techniques (especially DCS) can be widely accepted by neuroscientist and doctor. Concur-

rent measurements and validations with established techniques, such as MRI, PET, laser Doppler

or Doppler ultrasound, on various human organs would bring invaluable information to pinpoint

the strength and weakness of the optical techniques. Anatomic structures obtained from MRI or

ultrasound may also be implemented for the data analysis to improve the quantification accuracy

of the optical techniques. On the other hand, absolute bloodflow measurements with DCS are

much desired. To achieve this goal, further exploration andinsights are needed to understand the

origin of the Brownian-motion-like DCS signals (Section 2.2.1). The Monte Carlo simulation re-

sults with vascular structures (Section 2.2.6) showed somepromise, however, this approach needs

further exploration. Also, realistic tissue phantom experiments using micro-dialysis tubes and real

or artificial blood may also give useful information to understand the DCS signals.

For laser speckle imaging, an analytical noise model was derived and its accuracy tested with

in-vivoand phantom experiments (Section 8.2). For the first time, I show explicitly the dependence

of speckle contrast noise on experimental parameters, suchas the sliding window size, the coher-

ence factor of the optics, the exposure time, the correlation time of the sample and the random

noise level of the system. This theoretical framework helpsadvance our understanding of the LSI

technique and optimize the measurement SNR in future applications. In Section 8.3, I presented

an in-vivo application of LSI on the acute functional recovery of the rat brain following transient

brain ischemia. A novel statistical parametric mapping (SPM) method is incorporated into the laser

speckle imaging data analysis. We have taken the technical advantages of LSI (high spatial and
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temporal resolution) and found out the ischemic insult significantly alters CBF, the area of activa-

tion, and the temporal response to stimulation. The magnitude of the CBF response to functional

stimulation, however, was preserved in the early hours following transient incomplete ischemia

insult. In the future, LSI can be applied for monitoring CBF changes in human during open skull

surgery. LSI can also be combined with other imaging technique, such as optical intrinsic imaging,

which maps high resolution hemoglobin concentrations and oxygen saturation, to obtain cerebral

oxygen metabolism maps.

I believe, with further development, the optical techniques described in this thesis would have

a significant impact on basic neuroscience research and treatment monitoring and patient cares in

clinic. I am looking forward to that day.
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Glossary

—— SYMBOLS ——

∆rCBF Change of Relative Cerebral Blood Flow.

λ Wavelength of Light usually in nano-meters (nm).

µa Absorption Coefficient.

µ′s Reduced Scattering Coefficient,µ′s = µs(1− g).

ω Laser Modulation Frequency.

—— A ——

A/C Adriamycin.

ACA anterior cerebral artery.

AFC Activation Flow Coupling.

ANOVA Analysis of Variance.

APD Avalanche Photodiode.

ASL Arterial Spin Labelling MRI.

261



—— B ——

BOLD Blood Oxygen Level Dependent.

BPM Beats per Minute.

—— C ——

CBF Cerebral Blood Flow.

CCD Charge Coupled Device.

cHb Deoxy-hemoglobin concentration.

cHbO2 Oxy-hemoglobin concentration.

CMRO2 Cerebral Metabolic Rate of Oxygen.

CNR Contrast-to-Noise Ratio.

CPP Cerebral Perfusion Pressure.

CPR Cardiopulmonary Resuscitation.

CSD Cortical-Spreading Depression.

CSF Cerebral Spinal Fluid.

CT Computed Tomography.

CVR Cerebral Vascular Resistance.

CW Continuous Wave.
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—— D ——

DCS Diffuse Correlation Spectroscopy.

DCT Diffuse Correlation Tomography.

DLS Dynamic Light Scattering.

DOS Diffuse Optical Spectroscopy.

DOT Diffuse Optical Tomography.

DPDW Diffuse Photon Density Wave.

DPF Differential Pathlength Factor.

DRS Diffuse Reflectance Spectroscopy.

DWS Diffuse Wave Spectroscopy.

—— E ——

EtCO2 End-tidalCO2.

—— F ——

FCS Fluorescence Correlation Spectroscopy.

FD Frequency Domain.

FPI Fluid Percussion Injury.

FWHM Full-Width at Half-Maximum.
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—— G ——

GLM General Linear Model.

—— H ——

HbO2 Oxy Hemoglobin Concentration.

Hb De-oxy Hemoglobin Concentration.

HOB Head-of-Bead.

HR Heart Rate.

—— I ——

ICP Intracranial Pressure.

I/Q In-phase/Quadrature Demodulator.

—— L ——

LDF Laser Doppler Flowmetry.

LSI Laser Speckle Imaging.

—— M ——

MAP Mean Arterial Blood Pressure.

MCA Middle Cerebral Artery.

MCAO Middle Cerebral Artery Occlusion.
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MMRO2 Mammary Metabolic Rate of Oxygen.

MRI Magnetic Resonance Imaging.

—— N ——

NICU Neuro-Intensive Care Unit.

NIHSS National Institute of Health Stroke Scale.

NIR Near Infrared.

NIRS Near Infrared Spectroscopy.

—— P ——

PET Positron Emission Tomography.

PMT Photo Multiplier Tube.

PSF Point Spread Function.

—— R ——

rCBF Relative Cerebral Blood Flow.

RF Radio Frequency.

ROI Region of Interest.

—— S ——

SaO2 Arterial Oxygen Saturation.
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SDH Subdural Hematoma.

SNR Signal-to-Noise Ratio.

SPECT Single Photon Emission Computed Tomography.

SPM Statistical Parametric Mapping.

StO2 Tissue Oxygen Saturation.

SVD Singular Value Decomposition.

—— T ——

TCD Transcranial Doppler.

TD Time Domain.

THC Total Hemoglobin Concentration.

TRS Time Domain Spectroscopy.
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[274] C. H. Nordström and B. K. Siesjö. Effects of phenobarbital in cerebral ischemia. part i:

cerebral energy metabolism during pronounced incomplete ischemia. Stroke 9(4), 327–

335 (1978).

[275] V. Ntziachristos, X. H. Ma, and B. Chance. Time-correlated single photon counting imager

for simultaneous magnetic resonance and near-infrared mammography. Rev. Sci. Instru.

69, 4221–4233 (1998).

[276] V. Ntziachristos, A. G. Yodh, M. Schnall, and B. Chance. Concurrent MRI and diffuse

optical tomography of breast after indocyanine green enhancement.Proc. Natl. Acad. Sci.

U. S. A. 97(6), 2767–2772 (2000).

[277] V. Ntziachristos, A. G. Yodh, M. D. Schnall, and B. Chance. MRI-guided diffuse optical

spectroscopy of malignant and benign breast lesions.Neoplasia4, 347–354 (2002).

[278] J. Nunn.Applied Respiratory Physiology. Butterworth-Heinemann Ltd (1993).

[279] P. Oberg, G. Nilsson, T. Tenland, A. Holmstrom, and D. Lewis. Use of a new laser doppler

flowmeter for measurements of capillary blood flow in skeletal muscle after bullet wound-

ing. Acta Chir Scand Suppl.489, 145–150 (1979).

303



[280] H. Obrig, C. Hirth, J. Junge-Hulsing, C. Doge, T. Wolf,U. Dirnagl, and A. Villringer. Cere-

bral oxygenation changes in response to motor stimulation.J. Appl. Physiol.81(3), 1174–

1183 (1996).

[281] F. Okada, Y. Tokumitsu, Y. Hoshi, and M. Tamura. Gender- and handedness-related differ-

ences of forebrain oxygenation and hemodynamics.Brain Res.601, 337–342 (1993).

[282] M. A. O’Leary. Imaging with diffuse photon density waves. Ph.D. University of Pennsylva-

nia (1996).

[283] M. A. Oleary, D. A. Boas, B. Chance, and A. G. Yodh. Refraction of diffuse photon density

waves.Phys. Rev. Lett.69, 2658–2661 (1992).

[284] Y. Ono, S. Morikawa, T. Inubushi, H. Shimizu, and T. Yoshimoto. T2*-weighted magnetic

resonance imaging of cerebrovascular reactivity in rat reversible focal cerebral ischemia.

Brain Research744(2), 207–215 (1997).

[285] J. Overgaard and W. A. Tweed. Cerebral circulation after head injury. 1. cerebral blood

flow and its regulation after closed head injury with emphasis on clinical correlations.J

Neurosurg41(5), 531–541 (1974).

[286] Y. Painchaud, A. Mailloux, E. Harvey, S. Verreault, J.Frechette, C. Gilbert, M. Vernon,

and P. Beaudry. Multi-port time-domain laser mammography:results on solid phantom and

volunteers.International Symposium of Biomedical Optics3597, 548–555 (1999).

[287] R. B. Panerai. Assessment of cerebral pressure autoregulation in humans - a review of

measurement methods.Physiol. Meas.19, 305–338 (1998).

304



[288] L. M. Parkes, W. Rashid, D. T. Chard, and P. S. Tofts. Normal cerebral perfusion mea-

surements using arterial spin labeling: reproducibility,stability, and age and gender effects.

Magn Reson Med51(4), 736–743 (2004).

[289] C. Pask and A. W. Snyder. The Van Cittert-Zernike theorem for optical fibres. Optics

Communications9, 95–97 (1973).

[290] M. S. Patterson, B. Chance, and B. C. Wilson. Time resolved reflectance and transmittance

for the non-invasive measurement of tissue optical properties. Appl. Opt. 28, 2331–2336

(1989).

[291] M. S. Patterson, J. D. Moulton, B. C. Wilson, K. W. Berndt, and J. R. Lakowicz. Frequency-

domain reflectance for the determination of the scattering and absorption properties of tis-

sue.Appl. Opt. 30, 4474–4476 (1991).

[292] W. K. Paula. Heads down: flat positioning improves blood flow velocity in acute ischemic

stroke.Neurology 65(9), 1514–1514 (2005).

[293] G. S. Pell, M. D. King, E. Proctor, D. L. Thomas, M. F. Lythgoe, D. G. Gadian, and R. J. Or-

didge. Comparative study of the fair technique of perfusionquantification with the hydrogen

clearance method.J Cereb Blood Flow Metab23(6), 689–699 (2003).

[294] E. T. Petersen, I. Zimine, Y. C. Ho, and X. Golay. Non-invasive measurement of perfusion:

a critical review of arterial spin labelling techniques.Br J Radiol 79(944), 688–701 (2006).

[295] M. E. Phelps. Positron emission tomography provides molecular imaging of biological

processes.Proc Natl Acad Sci U S A97(16), 9226–9233 (2000).

305



[296] S. K. Piechnik, X. Yang, M. Czosnyka, P. Smielewski, S.H. Fletcher, A. L. Jones, and

J. D. Pickard. The continuous assessment of cerebrovascular reactivity: a validation of the

method in healthy volunteers.Anesth Analg89(4), 944–949 (1999).

[297] R. R. Pindzola, J. R. Balzer, E. M. Nemoto, S. Goldstein, and H. Yonas. Cerebrovascu-

lar reserve in patients with carotid occlusive disease assessed by stable xenon-enhanced ct

cerebral blood flow and transcranial Doppler.Stroke 32(8), 1811–1817 (2001).

[298] D. J. Pine, Weitz, D. A., J. X. Zhu, and E. Herbolzheimer. Diffusing-wave spectroscopy:

Dynamic light scattering in the multiple scattering limit.J. Phys. France51, 2101–2127

(1990).

[299] D. Pine, D. Weitz, P. Chaikin, and Herbolzheimer. Diffusing-wave spectroscopy.Phys. Rev.

Lett. 60, 1134–1137 (1988).

[300] J. Pinheiro and D. Bates.Mixed-effects models in S and S-Plus. New York: Springer (2000).

[301] B. W. Pogue, T. O. McBride, J. Prewitt, U. L. Osterberg,and K. D. Paulsen. Spatially

variant regularization improves diffuse optical tomography. Appl. Optics 38(13), 2950–

2961 (1999).

[302] B. W. Pogue and M. S. Patterson. Frequency-domain optical absorption spectroscopy of

finite tissue volumes using diffusion theory.Phys Med Biol39(7), 1157–1180 (1994).

[303] B. W. Pogue and K. D. Paulsen. High-resolution near-infrared tomographic imaging simula-

tions of the rat cranium by use of apriori magnetic resonanceimaging structural information.

Opt. Lett. 23(21), 1716–1718 (1998).

306



[304] B. W. Pogue, S. P. Poplack, T. O. McBride, W. A. Wells, K.S. Osterman, U. L. Oster-

berg, and K. D. Paulsen. Quantitative hemoglobin tomography with diffuse near-infrared

spectroscopy: Pilot results in the breast.Radiology 218(1), 261–266 (2001).

[305] B. W. Pogue, S. Poplack, T. McBride, S. Jiang, U. Osterberg, and K. Paulsen. Breast tis-

sue and tumor hemoglobin and oxygen saturation imaging withmulti-spectral near infrared

computed tomography. InAdvances in Experimental Medicine and Biology Series. Plenum

Press New York (2001).

[306] A. Polito, Z. Ricci, L. Di Chiara, C. Giorni, C. Iacoella, S. P. Sanders, and S. Picardo.

Cerebral blood flow during cardiopulmonary bypass in pediatric cardiac surgery: the role of

transcranial doppler–a systematic review of the literature. Cardiovasc Ultrasound4, 47–47

(2006).

[307] P. Pusey and J. Vaughan. Light scattering and intensity fluctuation spectroscopy.Dielectric

and Related Molecular Processes(1975).

[308] V. Quaresima, M. Ferrari, M. A. Franceschini, M. L. Hoimes, and S. Fantini. Spatial distri-

bution of vastus lateralis blood flow and oxyhemoglobin saturation measured at the end of

isometric quadriceps contraction by multichannel near-infrared spectroscopy.J Biomed Opt

9(2), 413–420 (2004).

[309] R. Raghupathi and S. S. Margulies. Traumatic axonal injury after closed head injury in the

neonatal pig.J Neurotrauma19(7), 843–853 (2002).

[310] J. S. Raynaud, S. Duteil, J. T. Vaughan, F. Hennel, C. Wary, A. Leroy-Willig, and P. G. Car-

lier. Determination of skeletal muscle perfusion using arterial spin labeling nmri: validation

307



by comparison with venous occlusion plethysmography.Magn Reson Med46(2), 305–311

(2001).

[311] S. Rice. Mathematical analysis of random noise. In N. Wax, editor,Noise and Stochastic

Processespage 133. Dover New York (1954).

[312] C. Riva, B. Ross, and G. Benedek. Laser doppler measurements of blood flow in capillary

tubes and retinal arteries.Invest. Ophthalmol.11, 936–944 (1972).

[313] C. Robertson, S. Gopinath, and B. Chance. A new application for near-infrared spec-

troscopy: Detection of delayed intracranial hematomas after head injury.J. Neurotrauma

12, 591–600 (1995).

[314] A. H. Ropper. What is the ideal head position for patients with large strokes?Journal Watch

Neurology (2002).

[315] C. Rousseau, A. Devillers, C. Sagan, L. Ferrer, B. Bridji, L. Campion, M. Ricaud,

E. Bourbouloux, I. Doutriaux, M. Clouet, D. Berton-Rigaud,C. Bouriel, V. Delecroix,

E. Garin, S. Rouquette, I. Resche, P. Kerbrat, J. F. Chatal, and M. Campone. Monitor-

ing of early response to neoadjuvant chemotherapy in stage ii and iii breast cancer by

[18f]fluorodeoxyglucose positron emission tomography.J Clin Oncol 24(34), 5366–5372

(2006).

[316] G. Royl, C. Leithner, H. Sellien, J. P. Müller, D. Megow, N. Offenhauser, J. Steinbrink,

M. Kohl-Bareis, U. Dirnagl, and U. Lindauer. Functional imaging with laser speckle contrast

analysis: vascular compartment analysis and correlation with laser Doppler flowmetry and

somatosensory evoked potentials.Brain Res1121(1), 95–103 (2006).

308



[317] J. Ruben, R. Wenzel, H. Obrig, K. Villringer, J. Bernarding, C. Hirth, H. Heekeren,

U. Dirnagl, and A. Villringer. Haemoglobin oxygenation changes during visual stimula-

tion in the occipital cortex.Adv Exp Med Biol428, 181–187 (1997).

[318] B. Ruth. Measuring the steady-state value and the dynamics of the skin blood-flow using the

noncontact laser speckle method.Medical Engineering & Physics16(2), 105–111 (1994).

[319] K. Sakatani, S. Chen, W. Lichty, H. Zuo, and Y. Wang. Cerebral blood oxygenation changes

induced by auditory stimulation in newborn infants measured by near infrared spectroscopy.

Early Hum Dev55, 229–236 (1999).

[320] H. Sato, T. Takeuchi, and K. Sakai. Temporal cortex activation during speech recognition:

an optical topography study.Cognition 73, B55–66 (1999).

[321] K. Schatzel. Noise in photon-correlation and photon structure functions. Optica ACTA

30(2), 155–166 (1983).

[322] K. Schatzel, M. Drewel, and S. Stimac. Photon-correlation measurements at large lag times

- improving statistical accuracy.J. Mod. Opt. 35(4), 711–718 (1988).

[323] F. E. W. Schmit, M. E. Fry, E. M. C. Hillman, J. C. Hebden,and D. T. Delpy. A 32-channel

time-resolved instrument for medical optical tomography.Rev. Sci. Instru.71, 256–265

(2000).

[324] J. M. Schmitt, A. Knüttel, and J. R. Knutson. Interference of diffusive light waves.J Opt

Soc Am A9(10), 1832–1843 (1992).

[325] J. M. Schmitt and G. Kumar. Optical scattering properties of soft tissue: A discrete particle

model.Appl. Optics 37(13), 2788–2797 (1998).

309



[326] B. Schmitz, C. Bock, M. Hoehn-Berlage, C. M. Kerskens,B. W. Böttiger, and K. A. Hoss-
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studying long-term recovery following forebrain ischemiain the rat. 2. a 2-vessel occlusion

model.Acta Neurol Scand69(6), 385–401 (1984).

[342] N. W. Sohn, J. H. Greenberg, and P. J. Hand. Chronic inhibition of nos does not prevent

plasticity of rat somatosensory (s1) cortex following deafferentation.Brain Res816, 396–

404 (1999).

[343] G. G. Somjen. Mechanisms of spreading depression and hypoxic spreading depression-like

depolarization.Physiol. Rev.81(3), 1065–1096 (2001).

[344] X. M. Song, B. W. Pogue, S. D. Jiang, M. M. Doyley, H. Dehghani, T. D. Tosteson, and K. D.

Paulsen. Automated region detection based on the contrast-to-noise ratio in near-infrared

tomography.Appl. Optics 43(5), 1053–1062 (2004).

[345] J. Sonn and A. Mayevsky. Effects of brain oxygenation on metabolic, hemodynamic, ionic

and electrical responses to spreading depression in the rat. Brain Res. 882(1-2), 212–216

(2000).

[346] L. Spinelli, A. Torricelli, A. Pifferi, P. Taroni, G. Danesini, and R. Cubeddu. Characteriza-

tion of female breast lesions from multi-wavelength time-resolved optical mammography.

Phys. Med. Biol.50(11), 2489–2502 (2005).

312



[347] P. A. Steen, J. D. Michenfelder, and J. H. Milde. Incomplete versus complete cerebral

ischemia: improved outcome with a minimal blood flow.Ann Neurol6(5), 389–398 (1979).

[348] M. Stephen. Temporal fluctuations in wave propagationin random media.Phys. Rev. B

37, 1–5 (1988).

[349] M. Stern. In vivo evaluation of microcirculation by coherent light scattering. Nature

254, 56–58 (1975).

[350] M. Stern, P. Bowen, R. Parma, R. Osgood, R. Bowman, and J. Stein. Measurements of renal

cortical and medullary blood flow by laser-doppler spectroscopy in the rat.Am. J. Physiol.

236, F80–F87 (1979).

[351] M. Stern, D. Lappe, P. Bowen, and J. Chimosky. Continuous measurements of tissue blood

flow by laser-doppler spectroscopy.Am. J. Physiol.232, H441–H448 (1977).

[352] G. Strangman, M. A. Franceschini, and D. A. Boas. Factors affecting the accuracy of near-

infrared spectroscopy concentration calculations for focal changes in oxygenation parame-

ters.NeuroImage18, 865–79 (2003).

[353] A. Strong, E. Bezzina, P. Anderson, M. Boutelle, S. Hopwood, and A. Dunn. Evaluation

of laser speckle flowmetry for imaging cortical perfusion inexperimental stroke studies:

quantitation of perfusion and detection of peri-infarct depolarisations.J Cereb Blood Flow

Metab 26(5), 645–653 (2006).

[354] U. Sunar, H. Quon, T. Durduran, J. Zhang, J. Du, C. Zhou,G. Q. Yu, R. Choe, A. Kilger,

R. Lustig, L. Loevner, S. Nioka, B. Chance, and A. G. Yodh. Noninvasive diffuse opti-

cal measurement of blood flow and blood oxygenation for monitoring radiation therapy in

313



patients with head and neck tumors: a pilot study.J. Biomed. Opt.11, 064021 (2006).

[355] W. Sutherland. A dynamical theory of diffusion for non-electrolytes and the molecular mass

of albumin.Philosophical Magazine9, 781 (1905).

[356] K. Suzuki, Y. Yamashita, K. Ohta, and B. Chance. Quantitative measurement of optical-

parameters in the breast using time-resolved spectroscopy- phantom and preliminary in-

vivo results.Investigative Radiology29(4), 410–414 (1994).

[357] D. Szczerba and G. Szekely.Macroscopic modeling of vascular systemsvolume 2489.

(2002).

[358] D. Szczerba and G. Szekely. Computational model of flow-tissue interactions in intussus-

ceptive angiogenesis.Journal of Theoretical Biology234(1), 87–97 (2005).

[359] D. Szczerba and G. Szekely.A Computational Model of Micro-vascular Growth. (2005).

[360] D. Szczerba and G. Szekely.Simulating Vascular Systems in Arbitrary Anatomies. (2005).

[361] D. Szczerba, G. Szekely, and H. Kurz.A Multiphysics Model of Capillary Growth and

Remodeling. (2006).

[362] Y. Tamaki, M. Araie, E. Kawamoto, S. Eguchi, and H. Fujii. Noncontact, 2-dimensional

measurement of retinal microcirculation using laser speckle phenomenon. Investigative

Ophthalmology & Visual Science35(11), 3825–3834 (1994).

[363] T. Tanaka and G. Benedek. Measurement of the velocity of blood flow (in vivo) using a fiber

optic catheter and optical mixing spectroscopy.Applied Optics14, 189–196 (1975).

314



[364] T. Tanaka, C. Riva, and I. Ben-Sira. Blood velocity measurements in human retinal vessels.

Science186, 830–831 (1974).

[365] P. Taroni, A. Torricelli, L. Spinelli, A. Pifferi, F. Arpaia, G. Danesini, and R. Cubeddu. Time-

resolved optical mammography between 637 and 985 nm: clinical study on the detection and

identification of breast lesions.Phys. Med. Biol.50(11), 2469–2488 (2005).

[366] R. Thies and K. W. Barron.Physiology. Springer (1995).

[367] K. M. Tichauer, J. A. Hadway, T. Y. Lee, and K. S. Lawrence. Measurement of cerebral

oxidative metabolism with near-infrared spectroscopy: a validation study. J Cereb Blood

Flow Metab 27(4), 873–873 (2007).

[368] P. Tong, W. Goldburg, C. Chan, and A. Sirivat. Turbulent transition by photon-correlation

spectroscopy.Phys. Rev. A37, 2125–2133 (1988).

[369] J. F. Toussaint, K. K. Kwong, F. M’Kparu, R. M. Weisskoff, P. J. LaRaia, and H. L. Kan-

tor. Interrelationship of oxidative metabolism and local perfusion demonstrated by nmr in

human skeletal muscle.J Appl Physiol81(5), 2221–2228 (1996).

[370] J. F. Toussaint, K. K. Kwong, F. O. Mkparu, R. M. Weisskoff, P. J. LaRaia, H. L. Kantor,

and F. M’Kparu. Perfusion changes in human skeletal muscle during reactive hyperemia

measured by echo-planar imaging.Magn Reson Med35(1), 62–69 (1996).

[371] B. Tromberg, O. Coquoz, J. Fishkin, T. Pham, E. Anderson, J. Butler, M. Cahn, J. Gross,

V. Venugopalan, and D. Pham. Non-invasive measurements of breast tissue optical proper-

ties using frequency-domain photon migration.Phil. Trans. R. Soc. Lond. B.352, 661–668

(1997).

315



[372] B. J. Tromberg, A. Cerussi, N. Shah, M. Compton, A. Durkin, D. Hsiang, J. Butler, and

R. Mehta. Imaging in breast cancer - diffuse optics in breastcancer: detecting tumors in pre-

menopausal women and monitoring neoadjuvant chemotherapy. Breast Cancer Research

7(6), 279–285 (2005).

[373] B. J. Tromberg, L. O. Svaasand, T. Tsay, and R. C. Haskell. Properties of photon density

waves in multiple-scattering media.Appl. Opt. 32, 607–616 (1993).

[374] J. Tseng, L. K. Dunnwald, E. K. Schubert, J. M. Link, S. Minoshima, M. Muzi, and D. A.

Mankoff. F18-fdg kinetics in locally advanced breast cancer: Correlation with tumor blood

flow and changes in response to neoadjuvant chemotherapy.J. Nucl. Med. 45(11), 1829–

1837 (2003).

[375] M. Ueki, F. Linn, and K. A. Hossmann. Functional activation of cerebral blood flow and

metabolism before and after global ischemia of rat brain.J Cereb Blood Flow Metab

8(4), 486–494 (1988).

[376] A. Valkov and V. Romanov. Characteristics of propagation and scattering of light in nematic

liquid crystals.Sov. Phys. JETP63, 737–743 (1986).

[377] van Albada MP, de Boer JF, and A. Lagendijk. Observation of long-range intensity cor-

relation in the transport of coherent light through a randommedium. Phys Rev Lett

64(23), 2787–2790 (1990).

[378] P. H. van Cittert. Die wahrscheinliche schwingungsverteilung in einer von einer lichtquelle

direkt oder mittels einer linse beleuchteten ebene.Physica 1, 201–210 (1934).

316



[379] P. Van der Zee.Measurement and Modelling of the Optical Properties of Human Tissue in

the Near Infrared. Ph.D. University College London (1992).

[380] P. Vaupel and M. Hockel. Blood supply, oxygenation status and metabolic micromilieu

of breast cancers: Characterization and therapeutic relevance (review). Int. J. Oncology

17(5), 869–879 (2000).

[381] P. Vaupel, F. Kallinowski, and P. Okunieff. Blood flow,oxygen and nutrient supply, and

metabolic microenvironment of human tumors: a review.Cancer Res.49(23), 64496465

(1989).

[382] A. Villringer and B. Chance. Non-invasive optical spectroscopy and imaging of human brain

function. Trends Neurosci.20, 435–442 (1997).

[383] A. Villringer, J. Planck, C. Hock, L. Schleinkofer, and U. Dirnagl. Near infrared spec-

troscopy (nirs): a new tool to study hemodynamic changes during activation of brain func-

tion in human adults.Neuroscience Letters154, 101–104 (1993).

[384] A. C. Völker, P. Zakharov, B. Weber, F. Buck, and F. Scheffold. Laser speckle imaging with

an active noise reduction scheme.Opt. Express13(24), 9782–9787 (2005).

[385] R. L. Wahl, K. R. Zasadny, G. D. Hytchins, M. Helvie, andR. Cody. Metabolic monitoring

of breast cancer chemohormonotherapy using positron emission tomography (PET): Initial

evaluation.J. Clin. Oncol. 11, 2101–2111 (1993).

[386] E. G. Walsh, K. Minematsu, J. Leppo, and S. C. Moore. Radioactive microsphere validation

of a volume localized continuous saturation perfusion measurement. Magn Reson Med

31(2), 147–153 (1994).

317



[387] J. Wang, G. K. Aguirre, D. Y. Kimberg, A. C. Roc, L. Li, and J. A. Detre. Arterial spin

labeling perfusion fMRI with very low task frequency.Magn Reson Med49(5), 796–802

(2003).

[388] J. Wang, D. J. Licht, G. H. Jahng, C. S. Liu, J. T. Rubin, J. Haselgrove, R. A. Zimmerman,

and J. A. Detre. Pediatric perfusion imaging using pulsed arterial spin labeling.J Magn

Reson Imaging18(4), 404–413 (2003).

[389] J. Wang, D. J. Licht, D. W. Silvestre, and J. A. Detre. Why perfusion in neonates with

congenital heart defects is negative–technical issues related to pulsed arterial spin labeling.

Magn Reson Imaging24(3), 249–254 (2006).

[390] J. Wang, Y. Zhang, R. L. Wolf, A. C. Roc, D. C. Alsop, and J. A. Detre. Amplitude-

modulated continuous arterial spin-labeling 3.0-t perfusion mr imaging with a single coil:

feasibility study.Radiology 235(1), 218–228 (2005).

[391] L. Wang, S. L. Jacques, and L. Zheng. MCML–Monte Carlo modeling of light transport in

multi-layered tissues.Comput Methods Programs Biomed47(2), 131–146 (1995).

[392] X. Wang, Y. Pang, G. Ku, X. Xie, G. Stoica, and L. V. Wang.Noninvasive laser-induced

photoacoustic tomography for structural and functional invivo imaging of the brain.Nat

Biotechnol 21(7), 803–6 (2003).

[393] Z. Wang, S. Hughes, S. Dayasundara, and R. Menon. Theoretical and experimental opti-

mization of laser speckle contrast imaging for high specificity to brain microcirculation.J

Cereb Blood Flow Metab27(2), 258–269 (2007).

318



[394] B. Weber, C. Burger, M. T. Wyss, G. K. von Schulthess, F.Scheffold, and A. Buck. Optical

imaging of the spatiotemporal dynamics of cerebral blood flow and oxidative metabolism in

the rat barrel cortex.Eur J Neurosci20(10), 2664–2670 (2004).

[395] M. A. Weber, M. Günther, M. P. Lichy, S. Delorme, A. Bongers, C. Thilmann, M. Essig,

I. Zuna, L. R. Schad, J. Debus, and H. P. Schlemmer. Comparison of arterial spin-labeling

techniques and dynamic susceptibility-weighted contrast-enhanced MRI in perfusion imag-

ing of normal brain tissue.Invest Radiol38(11), 712–718 (2003).

[396] T. Wilcox, H. Bortfeld, R. Woods, E. Wruck, and D. A. Boas. Using near-infrared spec-

troscopy to assess neural activation during object processing in infants. J. Biomed. Opt.

10(1), 011010 (2005).

[397] D. S. Williams, J. A. Detre, J. S. Leigh, and A. P. Koretsky. Magnetic resonance imaging of

perfusion using spin inversion of arterial water.Proc Natl Acad Sci U S A89(1), 212–216

(1992).

[398] D. S. Williams, D. J. Grandis, W. Zhang, and A. P. Koretsky. Magnetic resonance imaging

of perfusion in the isolated rat heart using spin inversion of arterial water.Magn Reson Med

30(3), 361–365 (1993).

[399] P. Williams, M. Stern, P. Bowen, R. Brooks, M. Hammock,R. Bowman, and G. Chiro.

Mapping of cerebral cortical strokes in rhesus monkeys by laser doppler spectroscopy.Med.

Res. Eng.13, 3–5 (1980).

[400] M. Wintermark, M. Sesay, E. Barbier, K. Borbély, W. P.Dillon, J. D. Eastwood, T. C.
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