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57 ABSTRACT

A non-invasive method of detecting anomalous tissue, such
as cancerous or injured tissue, in a patient. At least two
hemoglobin signal components of hemoglobin levels in at
least one segment of tissue of the patient are non-invasively
measured over time. Time varying changes of at least a first
of the hemoglobin signal components are measured with
respect to at least time varying changes of a second of the
hemoglobin signal components. A co-varying coordinate
system of the time varying changes is generated. Any
anomalous tissue in the measured segment of tissue is
detected from a signature of the measured segment of tissue
in the co-varying coordinate system which differs from a
signature of non-anomalous tissue in the co-varying coor-
dinate system. Preferably, five hemoglobin signal compo-

Int. CL. nents are measured: oxyHb, deoxyHb, total Hb
A61B 5/00 (2006.01) (totalHb=oxyHb+deoxy Hb), Hb oxygen saturation
A61B 5/1455 (2006.01) (HbO,Sat=(oxyHb/totalHb)*100), and tissue-hemoglobin
A61B 5/145 (2006.01) oxygen exchange HbO,Exc (deoxyHb-oxyb).
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METHOD FOR REPRESENTATIONS OF
NETWORK-DEPENDENT FEATURES OF
THE HEMOGLOBIN SIGNAL IN LIVING
TISSUES FOR DETECTION OF BREAST
CANCER AND OTHER APPLICATIONS

RELATED APPLICATIONS

[0001] Priority is claimed from U.S. patent application
Ser. No. 15/783,723, filed Oct. 13, 2017, and entitled
“Method for representations of network-dependent features
of the hemoglobin signal in living tissues for detection of
breast cancer and other applications”, now U.S. Pat. No.
10,105,090 issued on Oct. 23, 2018, which in turn claims
priority from U.S. Provisional Patent Application No.
62/407,883, filed Oct. 13, 2016, and entitled “Systems and
Methods for Improved Examination of the Information
Content of Hb Signal Dynamics by Moment Analysis of
Co-varying Components”, the entireties of both of which are
incorporated by reference herein.

BACKGROUND OF THE INVENTION

Technical Field

[0002] The present invention employs near infrared opti-
cal sensing methods applied to living tissue for the purpose
of measuring the time-varying features of the hemoglobin
signal acquired from reemitted light that has been diffusely
transmitted or back-reflected and has been evaluated by a
finite-state representation of co-varying signals comprising
oxyhemoglobin, deoxyhemoglobin, total hemoglobin,
hemoglobin oxygen saturation and tissue-hemoglobin oxy-
gen exchange from measures acquired substantially under
the resting state, as a basis for disease detection and in
support of other applications.

Description of Related Art

I. Background

[0003] Molecular oxygen serves as the end-terminal elec-
tron acceptor in the mitochondrial cytochrome chain. This
process, which drives ATP formation with the reduction of
oxygen to form water, is the principal mechanism respon-
sible for cellular energy production in aerobic organisms.
Being highly reactive, oxygen, unlike other essential nutri-
ents, is not stored in the body in any appreciable quantity.
Instead, it is made continuously available to body tissues
through a tightly regulated process that involves its uptake
and binding to hemoglobin (Hb) in the lungs and its delivery
to tissue via the circulatory system. Delivery of oxygen to
cells is accomplished by diffusion from the vascular space at
the level of the microvascular bed.

[0004] The metabolic needs of tissue vary and can change
suddenly (e.g., in response to exercise), and in order to
maintain homeostasis it is essential that oxygen availability
be responsive to these varying demands. This need is met by
local and central feedback mechanisms that can adjust blood
flow at the level of the microvascular bed and hence oxygen
availability. Accompanying these changes are variations to
blood volume that includes the infusion of arterialized blood
causing a relative hyperemia (e.g., neurovascular coupling),
and hence changes in blood oxygenation.

[0005] These adjustments have the effect of producing
changes in the levels of the two principal forms of Hb,

Apr. 25,2019

oxyhemoglobin (oxyHb) and deoxyhemoglobin (deoxyHb).
Available from measures of these quantities are three other
computed quantities, namely total Hb, (totalHb=oxyHb+
deoxy Hb), Hb oxygen saturation (HbO,Sat=(oxyHb/to-
talHb)*100), and a related quantity referred to as tissue-
hemoglobin  oxygen exchange (HbO,Exc=deoxyHb-
oxyHb), which reflects the fact that separate from temporal
variations in oxygen delivery, the rate of oxygen utilization
by tissue can also vary due to modulatory influences of
feedback mechanisms on the vascular bed.

[0006] Factors Affecting Oxygen Delivery to Tissue:
[0007] Disruption of oxygen homeostasis can lead to
serious and life-threatening conditions, such as occurs dur-
ing a heart attack or stroke. Similarly, acute trauma, causing
either blood loss or crushing injury, can produce severe
disruptions in oxygen availability that can also be life
threatening. These understandings also extend to a host of
disease states and other manipulations in response to specific
maneuvers or actions of drugs that may adversely affect
oxygen delivery to tissue.

[0008] For instance, in many forms of cancer, commonly
seen is the phenotype of enhanced angiogenesis. However,
the vessels that are formed do not have a normal architec-
ture. Instead they are often distended, tortuous and are leaky,
leading to increased interstitial pressures. The combined
effect is that, despite the presence of abnormally high
vascular densities, oxygen availability is often insufficient,
leading to hypoxia. Also commonly seen in cancer is a
sustained inflammatory response. A recent report by Graber
et al. [H. L. Graber, R. M. Al abdi, Y. Xu, A. P. Asarian, P.
J. Pappas, L. Dresner, N. Patel, K. Jagarlamudi, W. B.
Solomon, and R. L. Barbour, “Enhanced resting-state
dynamics of the hemoglobin signal as a novel biomarker for
detection of breast cancer,” Medical Physics 42, 6406
(2015)] has shown evidence that this feature can be detected
using near infrared spectroscopy (NIRS), that it can serve as
a biomarker for the presence of cancer, and that it can be
identified under resting-state conditions, with good diagnos-
tic performance.

[0009] Similar outcomes are also seen in other forms of
chronic disease, although for different reasons. For instance,
vasculo-occlusive disease, such as occurs in late-stage dia-
betes, reduces oxygen availability as a consequence of
occlusion of small vessels, and also impedes vascular
endothelia cell function, thereby reducing the effectiveness
of the feedback mechanisms. The net effect is a generalized
state of hypoxia in affected tissues, with reduced organ
fanction.

[0010] Acting as a stressor, the state of hypoxia can trigger
compensatory mechanisms that themselves can lead to
added morbidity. Commonly seen is an inflammatory
response. While acute inflammatory responses, for example
to fight off a local infection, are normal and resolve without
lasting effects, chronic inflammation can trigger other dis-
orders. Among these are the secondary influences associated
with autoimmune diseases, such as occurs in multiple scle-
rosis. Sustained inflammation can also adversely affect the
delivery of pharmaceutical agents to tissue, making them
less effective due to increased diffusion lengths. It also can
lead to conditions of hypoxia as a consequence of increased
interstitial pressures. This has important implications for the
effectiveness of radiotherapy treatments.

[0011] Beyond concerns arising from disease that can
affect oxygen delivery to tissue, a variety of clinical inter-
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ventions can affect this process in ways that lead to added
morbidity, or that serves as evidence that the applied inter-
vention is not having the intended effect. For instance, a rare
but serious complication of carotid revascularization follow-
ing carotid endarterectomy or carotid stent placement is
hyperperfusion syndrome. Believed to result from either
baroreceptor reflex failure or impairment to microvascular
autoregulation, excessive reperfusion leads to severe head-
ache, seizures, and in some cases intracranial hemorrhage
[K. G. Moulakakis et al., “Hyperperfusion syndrome after
carotid revascularization, ” J. Vascular Surg. 49, 1060-1068
(2009)]. Also of general concern are the initial occult effects
that can lead to compartment syndrome following injury to
soft tissues. When present and untreated, the ensuing tissue
ischemia caused by excessive interstitial pressures can rap-
idly lead to non-viability of a limb requiring amputation and,
in some instances, renal failure and death.

[0012] Yet another commonly encountered concern is the
unintended side effects of drugs. Depending on the drug, the
concern presented can be excessive toxicity (e.g., chemo-
therapy treatments) resulting from induced metabolic imbal-
ances that affect liver, renal or lung function, unexpected
changes in blood pressure, or psychiatric effects, among
others. In many such instances, a secondary consequence of
these influences is disturbances in oxygen delivery or its
utilization in key organs. In other instances, the aim of the
drug can be to modify oxygen utilization, such as occurs
with Meldomium, a banned drug used to enhance athletic
performance, whose action is thought to favor carbohydrate
metabolism over the more oxygen-consuming effects of fat
metabolism.

[0013] Understandings gained from appreciation of the
importance that changes in oxygen delivery have on tissue
function have also played a key role in optimizing the
performance of neural implants and guiding diagnosis of
various neuropsychiatric disorders. A common strategy to
guide such efforts is measures of the hemodynamic response
that accompanies neuroactivation. Being strongly coupled
through the action of astrocytes, activation of neurons in
response to, for example, sensory inputs, motor activation or
cognition, leads to release of vasodilatory agents that trig-
gers a local and transient hyperemia. When measured using
magnetic resonance techniques (fMRI), this signal, known
as the Blood Oxygen Level Dependent (BOLD) response,
has been used to characterize the spatiotemporal behavior of
the brain to a wide range of stimuli. While such measures
have been applied to appreciate responses linked to psychi-
atric disorders [X. Zhan and R. Yu, “A window into the
brain: Advances in psychiatric {MRI,” BioMed Research
International 2015, Article 542567 (2015)] and to various
treatment interventions [M. Beauregard, “Functional neu-
roimaging studies of the effects of psychotherapy,” Dia-
logues in Clinical Neuroscience 16, 75-81 (2014); L. A.
Barquero, N. Davis, and L. E. Cutting, “Neuroimaging of
reading intervention: A systematic review and activation
likelihood estimate meta-analysis,” PLoS ONE 9, Article
e83668 (2014); S. Calderoni, L. Billeci, A. Narzisi, P.
Brambilla, A. Retico, and F. Muratori, “Rehabilitative Inter-
ventions and brain plasticity in autism spectrum disorders:
Focus on MM-based studies,” Frontiers in Neuroscience 10,
Article 139 (2016)], this method is generally considered
unsuitable for evaluation of neural implants. Instead,
expected event-related changes in oxygen utilization follow-
ing, for example, cochlear implantation can be assessed by
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noninvasive optical methods such as NIRS [J. Saliba, H.
Bortfeld, D. J. Levitin, and J. S. Oghalai, “Functional
near-infrared spectroscopy for neuroimaging in cochlear
implant recipients,” Hearing Research 338, 64-75 (2016)].
[0014] Still other classes of applications being developed
from measures sensitive to changes in oxygen utilization by
the brain are those based on biofeedback or responses to
neuromodulation [R. Sitaram, T. Ros, L. Stoeckel, S. Haller,
F. Scharnowski, J. Lewis-Peacock, N. Weiskopf, M. L.
Blefari, M. Rana, E. Oblak, N. Birbaumer, and J. Sulzer,
“Closed-loop brain training: The science of neurofeedback, ”
Nature Reviews: Neurosience 18, 86-100 (2017)]. One form
of neuromodulation is the changes produced to the short-
and long-term synaptic profiles of the brain in response to
neural activation caused by applied pulsed magnetic fields
[aka, transcranial magnetic stimulation (TMS)]. This strat-
egy is used in the clinical management of depression and
other psychiatric diseases, in recognition that these disorders
are causally affected by factors leading to aberrant synaptic
profiles. However, while such treatments can be effective,
there is a need for more individualized treatment protocols
because their effectiveness is sensitive to a host of details
intrinsic to an individual’s brain anatomy as well as the
unseen connectivity properties of the brain. To minimize the
impact of these uncertainties, measures of the TMS-induced
coupled hemodynamic response to neuroactivation seen
during treatment sessions, or shortly afterwards, have been
proposed as a guide to treatment protocols under the hypoth-
esis that the effectiveness of these treatments varies with the
amplitude of this induced response [A. Curtin, J. Sun, H.
Ayaz, 7. Qian, B. Onaral, J. Wang, and S. Tong, “Evaluation
of evoked responses to pulse-matched high frequency and
intermittent theta burst transcranial magnetic stimulation
using simultaneous functional near-infrared spectroscopy,”
Neurophotonics 4, Article 041405 (2017)]. Another form of
neuromodulation that can potentially benefit from guidance
to applied protocols is treatments involving electrical stimu-
lation of the brain, such as can be achieved by applying
transcranial direct-current stimulation (tDCS). Similar to the
TMS response, real-time access to induced responses pro-
vides a basis for implementing biofeedback-dependent pro-
tocols that support understandings of the effects being
produced by the applied treatments.

[0015] In summary, the critical interdependence of tissue
function and oxygen homeostasis predisposes tissues of
various types towards multiple forms of sensitivity to dis-
ease and to respond to a wide range of manipulations, some
of which may serve to guide treatments or to improve the
performance of assistive devices.

[0016] Technologies and their Uses for Evaluating Factors
Affecting Oxygen Delivery to Tissue:

[0017] Appreciation of the importance of oxygen delivery
to tissue in these varied situations and environments has
prompted the development of a variety of sensing methods
to serve as guides to the detection and monitoring of
conditions that warrant clinical attention. Among these are
the methods of positron emission tomography (PET) [J. I.
Vaquero and P. Kinahan, “Positron emission tomography:
Current challenges and opportunities for technological
advances in clinical and preclinical imaging systems,”
Annual Review of Biomedical Engineering 17, 385-414
(2015)], electron paramagnetic resonance (EPR) oximetry
[R. Ahmad and P. Kuppusamy, “Theory, instrumentation,
and applications of EPR oximetry,” Chemical Reviews 110,
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3212-3236 (2010)], and electrochemical electrode methods
[Y. Wang, H. Xu, J. Zhang, and G. Li, “Electrochemical
sensors for clinic analysis,” Sensors 8, 2043-2081 (2008)],
as well as the mentioned MM-BOLD technique and a
variety of optical methods, including oximetry-based tech-
niques (pulse oximetry and tissue oximetry) that may
include additional signal transduction, as occurs in lumines-
cence [T. Yoshihara, Y. Harakawa, M. Hosaka, and M.
Nangake, “Oxygen imaging of living cells and tissue using
luminescent molecular probes,” J. Photochem and Photo-
biol. C: Photochem. Rev. 30, 71-95 (2017)] or in the
photoacoustic effect [L. Wang and S. Hu, “Photoacoustic
tomography: In vivo imaging from organelles to organs,”
Science 335, 1458-1462 (2012)]. Separate from these are
techniques sensitive to blood flow. While these measures
often are useful in themselves, they do not, however, directly
support measures of oxygen delivery or its utilization. Also,
while understandings provided can aid in the interpretation
of measures that directly assess tissue oxygen levels or
features of the hemoglobin signal, their use can be affected
by added attenuation of acoustic signals from bone (cra-
nium), limited sensitivity to the microvascular bed, or the
added cost associated with the requirement for more com-
plex sensing resources (Diffuse Correlation Spectroscopy)
than those used by continuous-wave NIRS methods.

[0018] Among these methods, the MR-BOLD technique
and various forms of optical sensing methods have shown
the greatest promise. However, significantly limiting the
former are its high cost, unsuitability for examining vulner-
able populations (e.g., infants, individuals with embedded
metal, subjects who are claustrophobic), and sensitivity to
only a limited portion of the information that defines the
principal phenomenology responsible for modulation of
oxygen delivery. Being sensitive to only changes in deoxy-
hemoglobin, it is frequently unclear whether changes in the
BOLD signal are due to changes in blood volume or in blood
oxygenation. In contrast, optical-based oximetry methods,
which include various implementations of near-infrared
sensing techniques, are sensitive to the principal forms of
Hb, thus yielding a total of five components (i.e., oxyHb,
deoxyHb, totalHb, HbO,Sat and HbO,Exc).

[0019] Having the longest history of clinical experience is
the method of pulse oximetry. Diffuse transmission mea-
surements are acquired from small appendages (e.g., fingers,
toes), from which are reported measures of HbO,Sat. Typi-
cally employed are sources that emit two wavelengths of
light whose wavelengths are on either side of the 805 nm
isosbestic point in the hemoglobin spectrum. Conversion of
light intensity to measures of the relative change in hemo-
globin levels is achieved using a modified Beer-Lambert
equation that includes a differential pathlength factor to
account for pathlength increases caused by scattering. Alter-
natively, this conversion can be accomplished by computing
solutions to an inverse problem based on operators derived
from solutions to the radiative transport equation or suitable
approximations of it.

[0020] While pulse oximetry measures are typically
accomplished using continuous wave (CW) techniques,
equivalent measures can be accomplished using illumina-
tion-detection methods sensitive to expected time delays of
light propagation in tissue caused by scattering (achieved
using frequency-domain techniques), or to the time-depen-
dent intensity profile observable with ultrafast optical meth-
ods. The presence of other intrinsic factors in tissue that
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influence light attenuation in the NIR spectral region can
motivate use of additional wavelengths of light. These
factors include absorption by water, lipid, melanin and
mitochondrial cytochrome ¢ oxidase, and the scattering of
light by tissue.

[0021] Similar to the method of pulse oximetry are mea-
sures involving similar sensors but applied to bulk tissues,
for example, measures of relative changes in brain oxygen-
ation. An example here is the INVOS monitor offered by
Coviden, which samples back-reflected light. Its primary
difference from pulse oximeters is its incorporation of a
correction factor intended to account for contributions from
more superficial tissues.

[0022] In principle, roughly similar measures can also be
achieved from strategies that measure the fate of light
absorbed by tissue, which results in its conversion to heat,
thereby generating a propagating pressure wave that can be
measured using acoustic sensing methods. Referred to as the
photoacoustic effect, this technique supports similar types of
optical inspection of tissues, while offering the advantages
of deeper signal penetration and improved resolution, if
required, of recovered images. Also capable of assessing the
different forms of the hemoglobin signal are recently
described holographic methods that discriminate features of
diffused light [E. Strickland, “Why Mary Lou Jepsen left
Facebook: To transform health care and invent consumer
telepathy,” IEEFE Spectrum—The Human OS, posted 15 Mar.
2017. Available online at https://spectrum.ieee.org/the-hu-
man-os/biomedical/imaging/why-mary-lou-jepsen-left-fa-

cebook-to-transform-health-care-and-invent-consumer-te-

lepathy]. Likewise, the methods of the present invention
could be used for analysis of time-series data recorded in
dynamic optical coherence tomography applications [S.
Schuh, J. Holmes, M. Ulrich, L. Themstrup, G. B. E. Jemec,
N. De Carvalho, G. Pellacani, and J. Welzel, “Imaging blood
vessel morphology in skin: Dynamic optical coherence
tomography as a novel potential diagnostic tool in derma-
tology, ” Dermatologic Therapy 7, 187-202 (2017)], pro-
vided that the technique is modified to illuminate the target
tissue with two or more wavelengths of light (i.e., to permit
recovery of deoxyHb and oxyHb time series) instead of the
commonly employed single-wavelength approach [S. Schuh
et al., Dermatologic Therapy]. Provided that time-series data
are collected, the methods of the present invention also
could be applied to analyze data recorded in structured
illumination (aka, spatial frequency domain) measurements
[S. Belanger, M. Abran, X. Intes, C. Casanova, and F.
Lesage, “Real time diffuse optical tomography based on
structured illumination,” J. Biomedical Optics 15, Article
016006 (2010)], which has been shown to have promising
utility for clinical problems such as assessing the severity of
burn wounds [M. Jayachandran, S. Rodriguez, E. Solis, I.
Lei, and A. Godavarty, “Critical review of noninvasive
optical technologies for wound imaging,” Advances in
Wound Care 5, 349-359 (2016)]. Also considered by the
NIRS technique, but involving use of arrays of optical
sensors, are measures intended to explore the phenomenon
of neurovascular coupling and the connectivity properties of
the brain. These measures have captured growing attention
by the experimental psychology community, in part because
of their added promise to extend this class of measures to
include investigations in unconstrained environments [S. K.
Piper, A. Krueger, S. P. Koch, J. Mehnert, C. Habermehl, I.
Steinbrink, H. Obrig, and C. H. Schmitz, “A wearable
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multi-channel fNIRS system for brain imaging in freely
moving subjects,” Neurolmage 85, 64-71 (2014); J. B.
Balardin, G. A. Zimeo Morais, R. A. Furucho., L. Tram-
baiolli, P. Vanzella, C. Biazoli Jr., and J. R. Sato, “Imaging
brain function with functional near-infrared spectroscopy in
unconstrained environments,” Frontiers in Human Neuro-
science 11, Article 258 (2017)].

[0023] The capture of the time-evolving Hb response of
the brain to behavioral tasks, or of coordinated behaviors
that arise from its connectome properties, is typically
accomplished using an array of optical sources and detectors
that are configured in some defined alternating pattern and
are placed in direct contact with body tissues. Typically,
sensing hardware is introduced into a conforming fabric cap
that is mechanically supported by added stabilizers or by use
of more rigid support structures. Recognizing that the maxi-
mum penetration depth of light emerging from tissue varies
with distance from a source, often considered are back-
reflection measures wherein a detector is placed at a distance
of approximately 3-4 cm from a source. Additional short-
distance-detector measures intended to isolate contributions
from more superficial tissues (e.g., scalp) also can be con-
sidered.

[0024] Related measures that also involve the use of arrays
of optical sensors on bulk tissues are NIRS-based measures
of the breast and other peripheral tissues (e.g., skeletal
muscle, bladder). In such cases, the sensing arrays may
comprise a low-profile pad containing light emitters (e.g.,
LEDs, laser diodes or vertical cavity lasers) and receivers
[e.g., silicon photodiodes (SiPD), avalanche photodiodes
(APD) and photomultipler tubes (PMT)]. Because breast
tissue is, owing to its relatively low heme-protein content,
less absorbing to near infrared light than, for example,
skeletal muscle and the brain, full transmission and inter-
mediate illumination-detection arrangements are feasible.
Indeed, as shown by Al abdi et al. [R. Al abdi, H. L. Graber,
Y. Xu, and R. L. Barbour, “Optomechanical imaging system
for breast cancer detection,” J. Optical Society of America
A, 28, 2473-2493 (2011)], capture of full tomographic 3D
image time series measures are feasible.

[0025] To capture a time series measurement, sensing
arrays can be operated by employing schemes that range
from full source-multiplexing, in which each source location
is illuminated sequentially, to full frequency encoding,
which allows for simultaneous detection of light from mul-
tiple sources for each detector position. The driving elec-
tronics needed to support these arrays can be housed locally
in the form of a compact wireless amplifier, or be supported
by a tether that transmits and receives electrical and timing
signals from a desktop amplifier. Also feasible are non-
contact measures wherein the target tissue is illuminated by
a collimated source or with broad-area structured-illumina-
tion methods [A. Mazhar, D. J. Cuccia, S. Gioux, A. .
Durkin, J. V. Frangioni and B. J. Tromberg, “Structured
illumination enhances resolution and contrast in thick fluo-
rescence imaging,”’ J. Biomed. Opt. 15, Article 0150506
(2010)]. Non-contact, broad-area illumination methods can
also be applied with the aim of employing holographic
techniques [E. Strickland, IEEE Spectrum—The Human
OS)]. Non-contact optical sensors can include discrete sen-
sors (e.g., SiPD, ADP, PMT) or area arrays (e.g., CCD).
[0026] A principal focus of breast studies with NIRS has
been the exploration of its potential utility for early diag-
nosis of breast cancer [D. R. Busch, R. Choe, T. Durduran,
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and A. G. Yohd, “Towards non-invasive characterization of
breast cancer and cancer metabolism with diffuse optics,”
PET Clinics 8, 345-365 (2013)] or, alternatively, to serve as
a confirmatory method [P. Taroni, A. M. Paganoni, F. Ieva,
A. Pifferi, G. Quarto, F. Abbate, E. Cassano, and R.
Cubeddu, “Non-invasive optical estimate of tissue compo-
sition to differentiate malignant from benign breast lesions:
A pilot study, ” Scientific Reports 7, Article 40683 (2017)],
and to provide guidance in determining the effectiveness
neoadjuvant therapies [B. I. Tromberg, Z. Zhang, A. Lep-
roux, T. D. O’Sullivan, A. E. Cerussi, P. M. Carpenter, R. S.
Mehta, D. Roblyer, W. Yang, K. D. Paulsen, B. W. Pogue, S.
Jiang, P. A. Kaufman, A. G. Yodh, S. H. Chung, M. Schnall,
B. S. Snyder, N. Hylton, D. A. Boas, S. A. Carp, S. J. Isakoff,
and D. Mankofl, “Predicting responses to neoadjuvant che-
motherapy in breast cancer: ACRIN 6691 trial of diffuse
optical spectroscopic imaging, "’ Cancer Research 76, 5933-
5944 (2016)]. Experience has shown that while the optical
method is promising for detection of larger tumors, reliable
detection of small tumors is notably more challenging. In an
effort to overcome this, and recognizing that tumors are
often more stiff than surrounding tissue, one strategy con-
sidered has been to employ the Valsalva maneuver [C. H.
Schmitz et al., “Design and implementation of dynamic
near-infrared optical tomographic imaging instrumentation
for simultaneous dual-breast measurements,” Applied
Optics 44, 2140-2153 (2005)], or applied force [Al abdi et
al., JOSA-A], or applied force, with the expectation that the
response from affected tissue will differ in some discernible
way from that of healthy tissue.

[0027] In summary, techniques are available that are sen-
sitive either directly to tissue oxygen or to surrogate mea-
sures that include properties of hemoglobin and blood flow
measures. Several implementations of NIRS—in particular,
CW arrangements—have favorable flexibility, cost, and
form-factor features, and can be applied either to small
appendages or to bulk tissues of various types using sensing
arrays.

[0028] Analysis Methods and Experimental Techniques
Applied to Evaluate Features Linked to Oxygen Delivery to
Tissue:

[0029] Independent of the details of the sensing techniques
used to explore features of the Hb signal is the various
analysis methods employed to isolate features of interest.
Motivating a particular strategy is the expectation that
selected features are recoverable with sufficient fidelity to
allow for their useful detection, often with the goal of
monitoring how values may change in response to treatment
or whether measured values exceed expected limits. How-
ever, in many instances, target features can be obscured by
the impact of artifact or by the presence of other signals that
can ovetlap with the features of interest but are not consid-
ered to originate from the tissue target of interest. The origin
of these overlapping signals can be traced to contributions
from spatial features of tissue, or from intrinsic dynamic
behaviors that overlap with the target feature.

[0030] An example of the former is the use of near-
distance detector measures, employed in cerebral oximetry
studies, that preferentially sample light confined to the
superficial elements of tissue (e.g., scalp), thereby allowing
for regression of these signals from those sampled by
detectors positioned at longer distances, which unavoidably
include contributions from near-surface and deeper-lying
tissues. Roughly equivalent outcomes can be achieved in the
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cases where high-density arrangements of sensors are
applied and acquired measures are processed using tomo-
graphic reconstruction methods. The advantage of these is
their ability to spatially resolve signal features that have
been spatially convolved.

[0031] In situations where signal convolution is due to
overlapping temporal features, target features may be
resolvable if background signals exhibit different frequency
structure, or if the temporal profile of background signals is
substantially uncorrelated with or independent of target
behaviors. Recognizing that neither of these conditions is
prominent in the cases where the aim is to detect neuroac-
tivation in response to stimuli, attention to details of the
experimental protocol has shown that effective strategies can
be found. Because the timing of stimuli can be made mainly
independent of the roughly periodic intrinsic vascular sig-
nals, use of simple event averaging serves to suppress these
contributions. Also, because the details of the protocol are
known, its timing information can be used to synchronize
response measures to applied regression methods. A com-
mon strategy is the method known as statistical parametric
mapping (SPM), which employs the general linear model to
determine whether goodness of fits of a defined function
(usually a form of a gamma variate function) to the mea-
sured response exceeds statistical expectations.

[0032] Other methods have the aim of appreciating
whether intrinsic temporal features may be correlated with
others, but are spatially distinct. Simply applied are com-
putations of time correlation, which reveal the correlation
value as a function of the time lag. Recognizing that the
propagation of neural signals produces a network of signal-
ing whose features are spatially distinct and often directed,
other methods can be applied that are sensitive to this
property. Notable here is the method of Granger Causality,
which can reveal these features in instances where that are
directly observable, and the method of Dynamic Causal
Modeling, which can additionally recognize these in cases
where some network features are hidden.

[0033] Another experimental method used to appreciate
properties of the hemoglobin in tissue is the use of pertur-
bation methods. When employed, the aim of these tech-
niques typically is to extract some measure(s) of system
response that serves to differentiate behaviors attributable to
different subject groups or types or details of applied per-
turbation. The form of the perturbation can vary significantly
and includes exploring the response to actions of drugs, to
various stimuli or to physical maneuvers such as inflation of
a pressure cuff, and respiratory challenges, among others.
This class of maneuvers can be applied over a wide range of
tissue types. For instance, because diabetes affects the
vascular endothelium, hyperemia in response to cuff infla-
tion is often attenuated. In the case of behavioral studies
intended to explore brain function, perturbations methods
frequently involve measuring responses to specific stimuli.

[0034] A particular advantage of this approach is the
expectation that often it is not necessary to have prior
knowledge of the details governing system behavior;
instead, it is sufficient to consider only the response. In many
instances the expected response is some change in signal
amplitude tied to the applied perturbation, which often can
be easily discerned. In other situations, where the effect seen
is either not acute or is more subtle, detection of response
can be more challenging. Useful strategies here include the
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above-mentioned methods for resolving overlapping tem-
poral behaviors, in particular those that may be uncorrelated
and independent.

[0035] In practice, the hypothesis that observed responses
can aid in classifying and quantifying features that may
support, for example, disease detection or discrimination,
can be complicated should the response itself depend on
other factors such as the presence of common subclinical
factors such as arterial vascular disease. Yet another concern
is that, while perturbation methods offer flexibility in how
they can be imposed, the details of discerning which ampli-
tude, duration, and type should be applied to isolate useful
features can require invoking systematic exploration and
refinement of methods, and these efforts can require signifi-
cant computational support. Still another confound is the
influence of expected variability in subject compliance
should the protocol require this, or in the details of how a
target tissue (e.g., breast, arm, leg) may respond owing to
inter-subject variability in boundary conditions resulting
from varying tissue dimensions.

[0036] While perturbation methods are used in many
contexts, including in clinical medicine for disease diagnosis
(e.g., cardiac stress test), experience shows that there are
many circumstances where they are not easily employed, or
are otherwise contraindicated, or are simply infeasible.
Examples include hospitalized patients who may be immo-
bilized or unconscious, and patients whose participation in
a specified maneuver is deemed unsafe (e.g., subjects with
severe heart disease), among others. The form of these
restrictions does not necessarily depend on invoking pertur-
bations that may require extreme exertions or are potentially
otherwise hazardous. For instance, it is obviously challeng-
ing to acquire measures of event-related neuroactivation to
a mental task from someone whose is unconscious. Never-
theless, there are circumstances in which the state of con-
sciousness can be ambiguous. This is the case in subjects
who are minimally conscious due to effects of various
diseases.

[0037] Separate from perturbation methods are methods
intended to explore expected functional relationships that
can be defined via physiological models [S. Fantini,
“Dynamic model for the tissue concentration and oxygen
saturation of hemoglobin in relation to blood volume, flow
velocity, and oxygen consumption: Implications for func-
tional neuroimaging and coherent hemodynamics spectros-
copy (CHS),” Neurolmage 85, 202-221 (2014)]. While the
performance of these methods in some cases has shown
good promise, it is difficult to quantify the expected influ-
ence of disease on the reliability of computed quantities,
many of which are not directly observable. Also presenting
a challenge for this class of methods is the mismatch in
dimensions (several orders of magnitude) between the spa-
tial scale explored by MR-based and optical methods and the
spatial scale corresponding to the features of interest involv-
ing the microvascular bed.

[0038] In summary, while Hb features-of-interest for vari-
ous tissues can be identified from spatial and temporal
regression methods, physiological models, and from appli-
cation of perturbation methods, a mainly unsolved confound
are situations where the latter methods are considered
unsuitable.
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[0039] Solution to Problem of Evaluating Complex
Response of Hemoglobin Signal

[0040] In cases where adoption of perturbation methods is
not feasible, remaining are measures of the resting state or
at least those that closely approximate a resting state. A clear
advantage of this approach is that it is often easiest to
invoke, is well suited for vulnerable populations, and is the
most adaptable to different clinical and experimental envi-
ronments. Indeed, such types of investigation are common,
as evidenced by the many forms of continuous monitoring
that are employed in hospital settings (e.g., ECG, pulse
oximetry, respiratory measures). In addition, this capacity
currently extends to assessment of functional features of the
brain, including measures of connectivity that can be deter-
mined from the resting state, and well as measures of
neuroactivation that, while not strictly resting-state proto-
cols, nevertheless are frequently acquired under conditions
that constitute substantially low activity.

[0041] However, while these capabilities are available,
extension of resting-state measures to other tissue classes,
such as the breast, initially would seem less appealing
because, unlike the brain, the breast and other tissues lack
the distinctive anatomical elements that can drive special-
ized functional responses (e.g., connectivity, localized
responses of neurovascular coupling). Nevertheless, the
considerable feasibility advantages supported by this class
of measures warrant a more thorough consideration of
precisely how useful implementations might be achieved.
[0042] The principal understanding we considered has
been to recognize that closely tied to the influence of a
disease is its impact on network behaviors. Simply stated,
true networks reflect behaviors that in some way are causally
linked. While the strengths of these linkages can vary,
disturbances in one part of the network are expected to
produce disturbances in other areas. Often viewed as having
network properties are feedback mechanisms that modulate
various biological functions that exist on cellular, tissue,
whole organ and system-wide levels [C. H. Schilling and B.
O. Palsson, “The underlying pathway structure of biochemi-
cal reaction networks, ” Proc. Natl. Acad. Sci. 95,4193-4198
(1998); P. R. Somvanshi and K. V. Venkatesh, “A conceptual
review on systems biology in health and diseases: From
biological networks to modern therapeutics,” Systems and
Synthetic Biology 8, 99-116 (2014)]. Network behaviors can
be strongly influenced by functional or structural properties
that are in some way linked. Principal examples of structural
networks include the peripheral nervous system, the vascu-
lar tree, and the elements of brain anatomy that have distinct
anatomical neural pathways, mainly through features of
white matter. Functional networks involve coordinated
behaviors that do not require a fixed pathway to exert their
effects, and often have the property of action-at-a-distance.
A prime example is the myriad of behaviors produced by the
endocrine system. In practice, networks behaviors operating
on various spatial scales are influenced by both classes.
[0043] Biological networks also exhibit distinct temporal
behaviors that operate on different time scales. Rhythmic
behaviors include the rapid events of synaptic transmission
[K. B. Hengen, A. T. Pacheco, J. N. McGregor, S. D. Van
Hooser, and G. G. Turrigiano, “Neuronal firing rate homeo-
stasis is inhibited by sleep and promoted by wake,” Cell
165, 180-191 (2016)] and even more rapid electrical signal-
ing mechanisms [A. E. Pereda, S. Curti, G. Hoge, R.
Cachope, C. E. Flores, and J. E. Rash, “Gap junction-
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mediated electrical transmission: Regulatory mechanisms
and plasticity,” Biochim. Biophys. Acta 1828, 134-146
(2013)], as well as other behaviors that range from the
cardiac and respiratory rhythms to circadian and hormonal
(menstrual) cycles.

[0044] Being confined to the vascular space, network
influences that affect that vascular tree can be expected to
also influence behaviors of the hemoglobin signal. Thus, for
instance, it is well appreciated that vasodilation is accom-
panied by an increase in totalHb levels. Because this
response leads to an influx of more highly oxygenated blood
from arterial sources, changes in blood oxygenation fre-
quently accompany the changes in blood volume. These
adjustments are the principal actions produced by vascular
and tissue feedback mechanisms in response to varying
metabolic needs of tissue. As mentioned, this phenomenol-
ogy, generally referred to as tissue-vascular coupling, of
which neurovascular coupling is a special case, is believed
to occur in all tissues to varying degrees.

[0045] While the preceding is well understood, the com-
mon practice of exploring elements of the hemoglobin signal
separately overlooks the principal phenomenology of net-
work behaviors, which as mentioned is expected to cause
multiple elements of a network to co-vary. That network
features are not easily discerned from independent inspec-
tion of the individual elements follows because the principal
behavior in one part of a network often can be quite different
than that of another. Also recognized is that the factors
responsible for promoting causative interactions within a
network are often not simply a linear sum of behaviors that
might be discerned from its individual components.

[0046] Another feature closely tied to the time-varying
behaviors of networks is their sensitivity to nonlinear influ-
ences. One consequence of this, and a common behavior of
many time-varying systems (physical and biological), is that
these influences can have the effect of driving system
behaviors from one preferred state to another. While these
transitions arise as a consequence of continuous interactions
among state variables, discrete representations of'this behav-
ior is easily adopted by simply collapsing details of the time
domain. The effect is to represent what otherwise can be
complex system behaviors as, instead, a system of discrete
states that undergo transitions from one state to another in
accordance with an assignable set of probabilities. Putting
aside for the moment the details of how such states should
best be defined and at what level of granularity, what is
achieved by this representation is an explicit description of
a network of interconnected states from which, as will be
shown, a wide range of coeflicients can be determined.
While elements of the vascular tree do form a structural
network, the properties we consider do not directly follow
from this. Instead, the network we consider is a functional
one that arises from the actions of feedback mechanisms
whose effects can be spatially and temporally distributed in
tissue, but share a common dependence on particular fea-
tures of the Hb signal.

[0047] Being responsive to feedback mechanisms, behav-
iors observed in the resting state modulate about a temporal
mean, which in the case of NIRS measures produces five
co-varying quantities. Categorical representations of these
(FIG. 1, Table 1), based on their algebraic signs relative to
their respective temporal mean values, leads to the assign-
ment of ten distinct classes, each of which contains elements
from the five different components of the Hb signal.



US 2019/0117146 Al

Referred to hereafter as Hb-states, distinguishing one state
from another is a unique combination of the algebraic
assignments of the mentioned classes. Also, because the
instantaneous amplitude of each Hb-component varies with
time, state assignments that follow from their algebraic-sign
assignments also will vary. This leads to a description of
state transitions wherein a transition from any one state to
any other can occur.

[0048] Examination of co-varying features of Hb has been
considered by our research group [G. W. Wylie, H. L.
Graber, G. T. Voelbel, A. D. Kohl, J. DelLuca, Y. Pei, Y. Xu,
and R. L. Barbour, “Using co-variations in the Hb signal to
detect visual activation: A near infrared spectroscopic imag-
ing study, ” Neurolmage 47, 473-481 (2009)] and others [K.
Yoshino and T. Kato, “Vector-based phase classification of
initial dips during word listening using near-infrared spec-
troscopy ", NeuroReport 23,947-951 (2012); K. S. Hong and
N. Naseer, “Reduction of delay in detecting initial dips from
functional near-infrared spectroscopy signals using vector-
based phase analysis ”, Int. J. Neur. Sys. 26, 1650012 (2016)]
in different contexts. Not recognized by either is the network
formalism employed here. The prior art differs from the
invention described here in terms of the temporal span of the
measures from which coeflicient values are determined, and
in the underlying theory applied to generate them. In the
cited reports (and related work), coeflicient values are based
on instantaneous measures of a time-evolving process [T.
Kato, “Apparatus for evaluating biological function, a
method for evaluating biological function, a living body
probe, a living body probe mounting device, a living body
probe support device and a living body probe mounting
accessory,” U.S. Pat. No. 8,406,838 B2]. In contrast,
because we believe that the underlying processes that drive
feedback mechanisms operate as a network with a spatially
and temporally varying matrix of transition time-constants,
the coefficient values that we compute are based on pro-
cesses that exhibit varying dwell times. Also different is the
fundamental theory governing feature generation. Our meth-
odology is motivated from an understanding of stochastic
networks, in recognition that feedback behaviors affect not
one, but many factors that interact. Recognizing that instan-
taneous values of co-varying measures trace a trajectory in
(deoxyHb, oxyHb)-space (FIG. 1, or its equivalent in the
cited reports), the authors of the prior work have sought to
apply principles of the physics of moving bodies as a
strategy to explore features of these trajectories. While it is
not necessary for applied mathematical formulations to have
a strong biological correspondence, arbitrary adoption of
laws that are relevant to one field but not applicable to
another risks production of reification fallacies.

[0049] While the noted understandings support apprecia-
tion of how network measures might be accomplished,
explicit definition of coeflicient values requires invocation
of two other strategies. One of these is the method by which
state transitions are defined. While the methods considered
were motivated by understandings of finite Markov chains
(FMC), modifications have been made to this approach. For
instance, rather than considering transitions that occur on a
fixed-time basis, methods outlined in the preferred embodi-
ment compute them from measures that have variable dwell
times, in recognition that feedback mechanisms in bulk
tissues likely operate with different time constants. Also
important is to appreciate the various classes of coefficients
that can be derived. In addition to computing the matrix of
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transition probabilities among the defined states, as follows
from methods based on FMC analysis, we recognize that
also available are measures of state transition rates and of
flux measures assignable to each individual component in a
given state. Also considered are several associated coefli-
cient arrays that appreciate qualitative and quantitative
dependences among these features, as well as associated
asymmetries that depend on the direction of the transition
(e.g., A—B vs. B—A). It is further understood that methods
of analysis of network behaviors constitute a broad activity
space, for which a wide range of additional coeflicient
classes can be derived.

[0050] In practice, what constitutes suitable conditions for
the suggested measures can likely be expanded beyond a
strict resting state. While preferred measures involve sub-
jects in the seated or supine position and substantially at rest,
it would seem feasible to impose dynamic low-amplitude
Trendelenburg maneuvers as a stimulus to the autonomic
response. Also feasible should be static repositioning
maneuvers having higher amplitudes. Still other protocols
could involve slow-speed walking on a treadmill, with target
measures involving tissues in the head or upper torso.
Alternatively, if cuff inflations are considered, they could be
limited to the lower extremities, with target measures
involving tissues in the head or upper torso. Other protocols
could consider inspiration of different respiratory gas mix-
tures that could include elevated levels of CO,, or elevated
or reduced levels of oxygen. Also having value could be
instances where to aim is to appreciate the influences of new
drugs or drug interactions. In all of these cases the target
tissue response can include, but are not limited to, measures
of the head (brain), skeletal muscle, limbs, breast foot or
other peripheral tissues, as well as those accessible in
endoscopic procedures. In these cases, the preferred measure
is CW NIRS arrays. Also considered are the noted instances
of disease in the form of cancer, diabetes, autoimmune
disorders, and others that are known to influence oxygen
homeostasis, as well as the exemplary neuromodulation
methods applied to brain, and identified neuroimplants. In
cases where it is suspected that the affected tissue has a
unilateral presentation, still another strategy would be to
acquire substantially bilateral measures (e.g., simultaneous
bilateral breast measures), with one region serving as a
reference for the other.

[0051] In summary, resting state measures are easily
applied, suitable to vulnerable populations, and highly
adaptable to clinical or subject constraints. This invention
introduces the first understanding that co-varying features of
the hemoglobin signal can be interpreted as a functional
network, which is accessible from such measures.

[0052] Alternative Methods to Achieve Solution to Mea-
sures Evaluating Representations of Network Dependent
Features of the Hemoglobin Signal in Living Tissues
[0053] Descriptions of network behaviors involving con-
nectivity among the nodes constitute representations that
have been adopted by a large number of communities. More
formally, such descriptions are an aspect of the field known
as Discrete Mathematics, whose methods have touched
applications in systems-level biology, multiple areas in
computer science, linguistics, economics, chemistry, phys-
ics, and other fields. The understanding that network behav-
iors can be reduced to various graphical representations
emphasizes that Graph Theory is a relevant sub-field of
discrete mathematics. When system behavior is principally
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governed by stochastic processes, teachings from the field of
Stochastic Network Theory can be informative. Other
descriptions are also available. For example, it is understood
that in some instances details of network behaviors can be
shown to follow defined rules. Basic teachings from the field
of linguistics have shown that such rules can be organized in
a hierarchy and that rule-based hierarchies provide a formal
structure to information transduction. These understandings
come from the field of Formal Language Theory (FLT) and
were introduced by the distinguished linguist, Noam Chom-
sky, in the 1950s. Applications of FLT have been advanced
in many fields, in particular in the development of computer
languages and efforts to decode rules that govern the mul-
tiple forms of macromolecular structures (e.g., DNA, RNA,
proteins) that provide the molecular templates for transcrip-
tion of the principal elements of cells.

[0054] Experience gained from these fields of study has
revealed that information accessible from the applied meth-
ods can extend beyond feature descriptions that are directly
observable. For instance, methods derived from FLT have
aided in the design of new drugs [H. Ikebata, K. Hongo, T.
Isomura, R. Maezono, and R. Yoshida, “Bayesian molecular
design with a chemical language model,” J. Computer Aided
Molecular Design31,379-391 (2017)] based on understand-
ings of languages developed to allow rigorous chemical
structure specification by means of a very small and natural
grammar (i.e., set of rules) [D. Weininger, “SMILES, a
chemical language and information system. 1. Introduction
to methodology and encoding rules,” J. Chemical Informa-
tion and Computer Sciences 28, 31-36 (1988)]. Also appre-
ciated from understanding of methods used to evaluate
Hidden Markov Chains is the potential to discover features
that are not directly observable. Listed herein are exemplary
strategies wherein the identified feature spaces can be
extended in accordance with these understandings.

[0055] A principal outcome from the developed approach
has been the demonstration that a finite-state network rep-
resentation of the co-varying elements of the hemoglobin
signal provides access to a previously unrecognized dense
feature space whose coefficient values appear mainly inde-
pendent of each other. Potentially representing information
having many degrees of freedom, this outcome holds sig-
nificance for a wide range of applications whose aims can
include distinguishing one class of features from another. As
outlined more fully below, and previously noted, this can
include impact of disease or other injuries, as well as the
documenting of desired or undesired responses of tissue to
various stimuli or treatments.

[0056] Fostering this potential is the experience gained
from methods applied to evaluate data generated from other
information-rich measures of biological systems. Of note are
the strategies applied to the growing class of genomic,
proteomic, metabolomic and other information classes (e.g.,
RNA), generally referred to as “-omics” technologies,
which, owing to its discriminatory potential, is the leading
approach in the Precision Medicine Initiative. Yielding, in
some cases, thousands of coefficient measures, various
classes of machine-learning methods (e.g., supervised, unsu-
pervised and reinforcement learning methods), as well as the
growing class of deep-learning methods, appear well-posi-
tioned for distinguishing features assignable to different
diseases, or different responses to treatments, including
undesired responses to drugs, and for fostering improved
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NIRS-based brain-computer applications (e.g., thought-
based communication), biofeedback and many other uses.
[0057] Compared to the currently available methods
employed to explore NIRS measures, most of which are
perturbation-based, the new methods described in this appli-
cation are well-suited for exploring substantially resting-
state measures while yielding access to a dense and infor-
mation-rich feature space. Exploitation of the resting state
overcomes intuitive barriers that have hampered develop-
ment of NIRS-based methods for studying the many disease
processes that are known to affect peripheral tissues (e.g,,
breast cancer). Additionally, by providing access to features
that are responsive to a common pathway (i.e., actions of
feedback mechanisms through tissue-vascular coupling), the
described methodology leverages basic understanding of
biological behaviors (i.e., network properties) that have
resisted consideration by the NIRS community. In contrast,
although perturbation-based methods do offer a level of
flexibility, when they are employed the observed responses
are likely to prove sensitive to boundary conditions (e.g.,
small differences in applied force, influence of different
body shapes, size, etc.), among other concerns.

[0058] Still another advantage of the methods described
here, in comparison to existing methods appreciated in the
prior art, is that the domain of information considered allows
access to multiple well-developed analysis frameworks
(e.g., Graph Theory, FLT, Stochastic Network Theory) that
are likely to allow access to additional features that are
currently unobservable. It is further recognized that, because
the described methodology is based on evaluation of the
hemoglobin signal, the described methods are expected to
apply to other sensing strategies that may be used to capture
this information, such as photoacoustic measures [“Photoa-
coustic Tomography,” Chapter 12 in L.-V. Wang and H. Wu,
Biomedical Optics: Principles and Imaging (Wiley-Inter-
science, 2007), pp. 283-317], and recently described holo-
graphic techniques [E. Strickland, IEEE Spectrum—The
Human 05].

[0059] In summary, by representing co-varying features of
Hb signal as a functional network, several well-developed,
alternative methods can be applied to evaluate network
features in the resting state, in addition to those considered
by the preferred embodiment. Generated from these is a
dense feature space with many degrees of freedom, empha-
sizing the likely value of machine learning and related
techniques to support specific application development.
[0060] Investigative Uses of Network Properties of the Hb
Signal in the Resting State:

[0061] While various tools have been developed that sup-
port measures sensitive to oxygen delivery to tissue, the
environment and clinical status that patients encounter as a
consequence of the applied treatments or of effects of
disease limits the utility of protocols and technologies that
otherwise might prove informative for investigative pur-
poses. Contributing to these restrictions are limitations aris-
ing from system form factors, technical limits imposed by
the likely need for long-duration monitoring, cost, and limits
on the class of information currently accessible. What is
currently not available, would have significant value, and
can be accomplished by the disclosed invention is an easily
applied and economical investigative resource for which the
uncertainties in its utility are limited to the testing of
hypotheses, such as whether the accessible information can
serve to yield new understandings regarding the impact that
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disease and treatment regimens have on tissue function as a
consequence of factors affecting oxygen delivery to tissue
and its use.

[0062] As an example, commonly encountered in clinical
situations are variations in blood pressure. Normally, com-
pensatory effects caused by autoregulation in the brain serve
to offset the impact that an ensuing decline in blood flow
would have absent of this response. While the general
features of the autoregulatory response are well appreciated,
its details, which are likely situation-dependent, are largely
unknown. The understanding that autoregulatory failures
can produce states of either hypo—or hyperperfusion,
argues for the need to detect such instances and to have
effective countermeasures. Having general utility are mea-
sures sensitive to blood flow and to the hemoglobin signal.
While various methods are available that supply elements of
this need including, for example, fMRI, Doppler Ultrasound,
Diffuse Correlation Spectroscopy, Photoacoustic Imaging
and NIRS measures, in their current forms, all are limited by
one of more the above noted restrictions. However, as
disclosed in the current invention, the NIRS technique,
which is easily adopted to acute-care settings, stands to yield
maximum benefit for this exemplary problem.

[0063] Separately, the considered novel resource would
also have significant value for preclinical uses. Of interest
here are the many classes of manipulations intentionally
imposed on animal models in pursuit of development of new
drugs or other disease treatments, or to extend basic undet-
standings of the systemic dependences that accompany these
manipulations. For instance, much effort is devoted to
establishing animal models that have specific disturbances in
gene expression, immune response, or properties of the
microbiome. While a range of toxicity measures and func-
tional measures of principal organ function is currently
established, mainly lacking are tools that can evaluate the
impacts of these manipulations on the information domain
of oxygen delivery to tissue in the intact animal, especially
in the form of a non-invasive, high throughput screening
method. Appreciation of the importance of this information
domain with regard to overall health, and the observation
that many classes of drugs that have met the criteria for
human trials go on to fail because of unanticipated side
effects, suggest that added attention to this basic feature of
tissue function is likely warranted. This goal can readily be
accomplished with methods described herein, by trans-
illuminating nude animals in a confined space that provides
easy access and egress while allowing for observations of
the animals while they are in the resting state.

[0064] In summary, investigative studies, especially those
in preclinical stage, stand to gain significantly from novel
understandings that are easily generated by methods
described herein.

SUMMARY OF THE INVENTION

[0065] Described as a first representation are methods and
alternatives that cast co-varying features of the Hb signal as
a functional network from measures that substantially com-
prise a resting state. Explored more fully in the preferred
embodiment are clinical findings from CW NIRS array
measures that explore a representative disease process
(breast cancer) and document recovery of a previously
unrecognized dense feature space that has many degrees of
freedom and promising diagnostic potential, even when
limited to univariate measures. Also demonstrated are quan-
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titative understanding consistent with basic chemical theo-
ries that give high confidence in the fidelity of described
methods.

[0066] In one aspect of the invention, the invention is a
non-invasive method of detecting breast cancer in a patient.
At least two hemoglobin signal components of hemoglobin
levels are non-invasively measured in at least one breast of
the patient over time. First time varying changes of at least
a first of the hemoglobin signal components are measured
with respect to at least second time varying changes of a
second of the hemoglobin signal components. A co-varying
coordinate system of the plurality of time varying changes is
generated. Any cancerous tissue in the measured breast is
detected from a signature of the measured breast in the
co-varying coordinate system which differs from a signature
of non-cancerous tissue in the co-varying coordinate system.
[0067] Preferably, transitions of the hemoglobin signal
components from at least one hemoglobin state to another
hemoglobin state are detected. Rates of the transitions are
determined. Values of the rates of the transitions are mapped.
Patterns are discerned in the values indicative of presence or
absence of cancerous tissue. Preferably, five hemoglobin
signal components are measured: oxyHb, deoxyHb, total Hb
(totalHb=oxyHb+deoxy Hb), Hb oxygen saturation
(HbO,Sat=(oxyHb/totalHb)*100), and tissue-hemoglobin
oxygen exchange (HbO,Exc=deoxyHb-oxyHb).

[0068] Optionally, the tissue is measured optically.
Optionally, the breast is illuminated with light, and at least
one of diffusely transmitted or back-reflected light from the
breast is/are measured.

[0069] In another aspect of the invention, the invention is
a non-invasive method of detecting anomalous tissue in a
patient. At least two hemoglobin signal components of
hemoglobin levels are non-invasively measured in at least
one segment of tissue of the patient over time. First time
varying changes of at least a first of the hemoglobin signal
components are measured with respect to at least second
time varying changes of a second of the hemoglobin signal
components. A co-varying coordinate system of the plurality
of time varying changes is generated. Any anomalous tissue
in the measured segment of tissue is detected from a
signature of the measured segment of tissue in the co-
varying coordinate system which differs from a signature of
non-anomalous tissue in the co-varying coordinate system.
[0070] Preferably, transitions of the hemoglobin signal
components from at least one hemoglobin state to another
hemoglobin state are detected. Rates of the transitions are
determined. Values of the rates of the transitions are mapped.
Patterns are discerned in the values indicative of presence or
absence of anomalous tissue. Preferably, five hemoglobin
signal components are measured: oxyHb, deoxyHb, total Hb
(totalHb=oxyHb+deoxy Hb), Hb oxygen saturation
(HbO,Sat=(oxyHb/totalHb)*100), and tissue-hemoglobin
oxygen exchange (HbO,Exc=deoxyHb-oxyHb).

[0071] Optionally, the tissue is measured optically.
Optionally, the segment of tissue is illuminated with light,
and at least one of diffusely transmitted or back-reflected
light from the segment of tissue is/are measured. The
anomalous tissue to be detected includes at least one of
cancerous tissue or injured tissue.

BRIEF DESCRIPTION OF THE DRAWINGS

[0072] The patent or application file contains at least one
drawing executed in color. Copies of this patent or patent
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application publication with color drawings will be provided
by the Office upon request and payment of the necessary fee.
[0073] FIG. 1 is a graphic representation depicting
Regions in (AdeoxyHb, AoxyHb) space that correspond to
increasing or decreasing values, with respect to temporal
mean, for each commonly considered component of the Hb
signal, in accordance with the invention.

[0074] FIG. 2 is a graphical representation of the identi-
fication of the relation between algebraic signs of pre- and
post-transition AHb values, for each component of the Hb
signal, in accordance with the invention. Numbering along
figure edges reflects the periodicity of the Hb-state sequence
(see FIG. 1). Numbers along edges of colored bounding
boxes indicate the pre- and post-transition states (along the
horizontal and vertical axes, respectively), for each compo-
nent: red=AoxyHb  (‘0’), blue=AdeoxyHb (‘d’),
green=AtotalHb (‘r), cyan=AHbO,Exc (e",
magenta=AHbO,Sat (‘s’). Solid-block colors indicate:
cyan=(-)(-) transitions, blue=(+)—(-), olive=(+)—(+), yel-
low=(=)—=(+).

[0075] FIG. 3 is a block diagram of the breast imager as
used in accordance with the invention. System operates by
driving two sensing head simultaneously, each effecting a
32-sourcex64-detector array per breast. DAQ=Data acqui-
sition board, DPS=Digital Phase Shifter, LD=Laser diode,
SGSC=Strain gauge semiconductor, TECD=Thermo-elec-
tric cooler driver.

[0076] FIGS. 4(a) and 4(b) are plots of temporally coin-
cident resting-state AoxyHb and AdeoxyHb (‘0” and ‘d’)
values obtained from time-series tomographic image values,
for FIG. 4(a) unaffected and 4(b) cancerous breasts of a
representative clinical-study subject, respectively, in accor-
dance with the invention.

[0077] FIGS. 5(a), 5(b), and 5(c) are graphical represen-
tations of transition rate constants (units are s''), for subjects
with unilateral breast cancer; computed using Eq. (3), in
accordance with the invention. FIG. 5(a): data for tumor-
bearing breast; FIG. 5(b): difference between tumor-bearing
and contralateral, unaffected breast; FIG. 5(c): p-values for
(unpaired) t-tests comparing the inter-breast differences for
subjects with and without breast cancer, all in accordance
with the invention.

[0078] FIGS. 6(a), 6(&), and 6(c) are graphical represen-
tations of transition probabilities (units are percent), for
subjects with unilateral breast cancer; computed using Eq.
(1), in accordance with the invention. FIG. 6(a): data for
tumor-bearing breast; FIG. 6(b): difference between tumor-
bearing and contralateral, unaffected breast; FIG. 6(c):
p-values for (unpaired) t-tests comparing the inter-breast
differences for subjects with and without breast cancer, all in
accordance with the invention.

[0079] FIG. 7 is a plot of Concentration of AoxyHb vs.
AdeoxyHb concentration, in each of the ten Hb-states,
averaged across all time frames in each subject’s volumetric
image time series and across all subjects in the breast-cancer
group. T=tumor-bearing breast; U=contralateral, unaffected
breast, in accordance with the invention.

[0080] FIGS. 8(a) and 8(b) are Replots of group-mean
AoxyHb vs. AdeoxyHb data (see FIG. 7) for the T and U
breasts of the subjects with breast cancer, in accordance with
the invention. FIG. 8(a): each (AdeoxyHb,AoxyHb) data
point (units are moles-I,™!) is joined to the origin by a line
segment, to emphasize the angular discrepancies between T
(red) and U (blue) values. FIG. 8(b) plot of the ratio
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(dimensionless) of each of FIG. 8(«) data point’s projections
onto the AHbO,Exc and AtotalHb axes (see FIG. 1), show-
ing the tendency of the T breast to mount a relatively smaller
blood-volume response to changes in tissue oxygen demand,
in accordance with the invention.

[0081] FIG. 9 is a graph depicting percentage of image
volume in each of the ten Hb-states, averaged across all time
frames in each subject’s volumetric image time series and
across all subjects in the indicated groups. Annotations are
t-test p-values for comparisons of mean values for the left
(L) and right (R) breasts (non-cancer subjects) and of the
tumor (T) and unaffected (U) breasts (breast-cancer sub-
jects), in accordance with the invention.

[0082] FIG. 10 is a series of graphs depicting intrinsic
transition flux [i.e., average change, per transition, in con-
centration (units are moles-I.™") or saturation (units are %);
computed using Eq. (6)] results for the control-group sub-
jects. Graphed data are averages over the left and right
breasts. Letters ‘0’, ‘d’, ‘t’, ‘e’, ‘s’ denote the Hb compo-
nents as indicated in Table 1. Thin solid lines separate
regions according to the algebraic signs of the pre- and
post-transition Hb-component values (see FIG. 2), in accor-
dance with the invention.

[0083] FIGS. 11(a) and 11(b) are two series of graphs
depicting, in FIG. 11(a), average AHb amplitude in the
pre-transition State encoded by the column index, given that
the transition that ultimately occurs is to the State encoded
by the row index; and, in F1G. 11(b), average AHb amplitude
in the post-transition State encoded by the row index, given
that the transition that ultimately occurs is from the State
encoded by the column index. Letters ‘o’, *d’, ‘¢’, ‘s’ denote
the Hb components as indicated in Table 1; units are percent
for *s”and moles-L™" for all others. Thin solid lines separate
regions according to the algebraic signs of the pre- and
post-transition Hb-component values (see FIG. 2), in accor-
dance with the invention.

[0084] FIG. 12 is a pair of graphical representations
depicting relative percent difference (dimensionless)
between the (left) pre-transition and (right) post-transition
AHbO,Sat amplitudes, comparing the tumor-bearing and
unaffected breasts of subjects in the breast-cancer group, in
accordance with the invention.

[0085] FIG. 13 is a series of plots of intrinsic transition-
flux data [computed using Eq. (6)], for the affected breasts
of the breast-cancer subject group, formatted as bar graphs
to facilitate quantitative comparison, in accordance with the
invention. A common vertical scale (dimensionless) is
achieved by multiplying ‘0’, *d’, “t” and ‘e’ fluxes by 10%,
and ‘s’ by 10%. Each panel corresponds to one row (explicitly
identified by a number in the lower left corner) from the set
of five maps analogous to those in FIG. 10 (control group),
all in accordance with the invention.

[0086] FIGS. 14(a) and 14(b) are a pair of plots of
AoxyHb transition flux vs. AdeoxyHb transition flux, for the
(FIG. 14(a)) tumor-bearing and (FIG. 14(b)) unaffected
breast of the breast-cancer subjects, in accordance with the
invention. Fach closed curve contains data for transitions
into one of the ten Hb-states, in accordance with the inven-
tion. For the solid curves and symbols: red=transitions into
State 1, blue=State 2, green=State 3, cyan=State 4,
magenta=State 5. For the dashed curves with open symbols:
red=transitions into State 6, blue=State 7, green=State 8,
cyan=>State 9, magenta=State 10. Gray curves: Average
difference between post- and pre-transition AoxyHb vs.
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average difference between post- and pre-transition
AdeoxyHb, for each of the ten states, all in accordance with
the invention.

[0087] FIGS. 15(a)-15(d) are graphical representations of
some of the methods in accordance with the invention.
FIGS. 15(a) and 15(c): transition mass of AtotalHb and
AHbO,Sat (units are moles-L. ™! and percent, respectively),
for the tumor-bearing breast of the breast-cancer subjects;
computed using Eq. (7). FIGS. 15(b) and 15(d): relative
percent difference (dimensionless) between the transition
masses for AtotalHb and AHbO,Sat, respectively, compar-
ing the affected and unaffected breasts of the same subjects,
all in accordance with the invention.

[0088] FIGS. 16(e) and 16(h) are plots of area-under-
curve values from ROC analyses (units are percent) com-
paring the inter-breast differences for subjects in the non-
cancer and breast-cancer groups, in accordance with the
invention. The transition-based coefficients used as input to
the ROC analysis computations are the product of intrinsic
flux and either transition rate constant as shown in FIG.
16(a) or transition probability as shown in FIG. 16(b), all in
accordance with the invention.

DETAILED DESCRIPTION OF THE
INVENTION AND DRAWINGS

[0089] Description will now be given with reference to the
attached FIGS. 1-16. Tt should be understood that these
figures are exemplary in nature and in no way serve to limit
the scope of the invention, which is defined by the claims
appearing hereinbelow.

[0090] Method of Procedure for Acquiring Time-Series
Measures of Hb Signal.

[0091] Step 1. Target tissue(s), which can include, but are
not limited to the breast, limbs, wrist, finger, head, neck,
torso, shoulders or feet, is illuminated using either contact or
non-contact methods comprising at least one source, and
diffusely transmitted or back-reflected light is measured
using either contact or non-contact optical sensing elements
comprising at least one receiver. When using arrays of
discrete sources, source encoding can be accomplished
using methods that vary from full time-multiplexing to full
frequency encoding methods. [llumination from a given
source is achieved using at least two wavelengths of light,
which can include discrete or broad area illumination tech-
niques. Optical detection of reemitted light is achieved using
receivers operated to recognize the intensity, amplitude and
phase, temporal or corresponding structured-spatial proper-
ties (e.g., as is employed in spatial frequency domain
imaging) of the applied illumination. When appropriate,
system gain values are adjusted to the individual to ensure
acquired signal values are within the system’s operating
range.

[0092] For contact-based measures, applied sensors (emit-
ters and receivers) can be stabilized with added mechanical
supports that can include use of flexible links to form an
interconnected lattice which can be made to conform to
nonuniform tissue boundaries. Alternatively, these can be
introduced within a fabric cap to conform to head geom-
etries of varying sizes (Easycap). Also available are sensing
arrays that can be housed within a low-profile pad whose
driving electronics can be accomplished through a nearby
wireless amplifier or by use of an electronic ribbon cable that
serves to fransmit power and timing signals. Also, light
transmission and collection of reemitted light can be accom-
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plished by use of optical fibers whose contact with the body
is stabilized by suitable support structures. Also, the ease by
with optical measures can be introduced into an endoscopic
format, indicates that tissues accessible by this class of
techniques could also be examined.

[0093] Step 2. Data collected in (1) is performed on
subjects who are either in the seated, supine or prone
position, or other body orientation(s) for which the tissue(s)
under investigation are substantially stabilized. Should the
data-collection protocol impose perturbations, these are
employed in ways that do not overtly render target tissue
measures unstable.

[0094] Step 3. Data collection involves capturing a time-
series of measures.

[0095] Step 4. Collected wavelength data is transformed to
Hb values by applying a modified Beer-Lambert transform
to vield values of oxyHb and deoxyHb which are subse-
quently normalized to their respective temporal mean val-
ues. If required, these measures can be further processed to
yield computed values of totalHb, HbO,Sat and HbO,Exc.
Also, if desired, acquired wavelength-dependent time series
measures can be additionally transformed to form a wave-
length-dependent tomographic absorption image time series
by applying suitable inverse transforms, followed by sub-
sequent conversions that equate changes in Hb concentration
to the product of the wavelength-dependent extinction coef-
ficient and computed change in the position-dependent
absorption coeflicient.

[0096] Method of Procedure for Transforming Time-Vary-
ing Measures of Hb Signal to Yield Coefficients of Network-
Dependent Features of the Hemoglobin Signal.

[0097] 1. Time series of deoxyHb, HbO,Exc, HbO,Sat,
oxyHb and totalHb, computed via the steps outlined in the
preceding section, are loaded into computer memory for
post-processing.

[0098] 2. The Hb-state corresponding to each image voxel
(or source-detector channel) and time frame is computed as
follows.

[0099] a. A three-dimensional temporary data-storage
array is created, having the same number of rows (i.e.,
time frames) and columns (i.e., voxels or channels) as
the data arrays loaded in Step 1, and having five layers
that correspond to the five components of the Hb signal.
The initial value of every array element is 0.

[0100] b. Every element of the array created in Step 2.a
is assigned a value of either -1 or +1, depending on
whether the value for the Hb-signal component corre-
sponding to the layer-index value, at the time frame
corresponding to the row-index value, is less than or
greater than that same component’s mean value at the
voxel or channel location corresponding to the column-
index value. Ten distinct permutations of ‘x1” values
are logically possible and physiologically plausible. A
lookup table, assigning each of these permutations to
an integer in the 1-10 range, is generated.

[0101] c. A two-dimensional permanent data-storage
array is created, having the same number of rows and
columns as the data arrays loaded in Step 1. The initial
value of every array element is 0. Every element of this
array is then assigned an integer value in the range of
1 to 10, by consulting the lookup table described in
Step 2.b.
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[0102] 3. Transition-count information is computed as
follows.
[0103] a. A three-dimensional data-storage array is cre-

ated, having ten rows, ten columns and a number of
layers greater than the expected (based on prior expe-
rience) maximum persistence of a channel or voxel in
any one Hb-state (e.g., 60 were used for exemplary
computations). The initial value of every array element
is 0.

[0104] b. The Hb-state array generated in Step 2 is
scanned, starting from the first row and first column;
proceeding through each succeeding row of the first
column until the last row is reached; then to the first
row and second column; the last row of the first
column, then through each succeeding row of the
second column until the last row is reached; then to the
first row and third column; and continuing in this
manner until the last row, final column is reached.

[0105] c. At the start of each transition-count operation,
the Hb-state value at the current row-and-column posi-
tion (by definition, row i and column j) is compared to
the Hb-state value in row i+1, column j. If the two
Hb-state values are different, then (by definition) a
transition has occurred. If not, the row i+1, column j
Hb-state value is compared to the row i+2, column j
value, then to the row 143, column j value, etc., until
either a transition is observed or the end of the row is
reached.

[0106] d.If, in Step 3.c, a transition is observed between
the row i+1, column j and row 1+1, column j+k Hb-state
values, the value of an element in the k” layer of the
array created in Step 3.a is increased by 1. The column
coordinate of the selected array element is equal to the
Hb-state value at the pre-transition time frame, and the
row coordinate is equal to the Hb-state value at the
post-transition time frame.

[0107] e. After the entire array of Hb-state values is
scanned, transition probabilities are computed by
applying Eq. (1) of the preferred embodiment to the
transition-count array. Mean time-lag values and aver-
age transition rates are likewise computed by applying
Egs. (2) and (3) of the preferred embodiment to the
transition-count array.

[0108] 4. Transition-flux information is computed as fol-
lows.
[0109] a. At the same time that the array described in

Step 3.a is created, an additional five arrays with the
same dimensions as it has, and having initial values of
0 in every element, also are created.

[0110] b. Every time the value of an element of the
transition-count array is incremented, as described in
Step 3.d, the corresponding elements of the arrays
created in Step 4.a also have their values modified. The
changes in the current array-element values are com-
puted via Eq. (5) of the preferred embodiment.

[0111] c. After the entire array of Hb-state values is
scanned, transition fluxes are computed by applying
Eq. (6) of the preferred embodiment to the arrays
created in Steps 3.a and 4.a.

[0112] 5. After the entire array of Hb-state values is
scanned (Step 3), transition masses are computed by apply-
ing Eq. (7) of the preferred embodiment to the arrays created
in Steps 3.a and 4.a.

Apr. 25,2019

[0113] 6. After the entire array of Hb-state values is
scanned (Step 3), transition-rate-weighted transition fluxes
and transition-rate-weighted transition masses are computed
by applying Egs. (8) and (9) of the preferred embodiment to
the arrays created in Steps 3.a and 4.a.

Effects of the Invention

[0114] Having the goal of appreciating abnormal or nor-
mal tissue states under a wide range of environmental
situations and subject status conditions for which prior art
uses of perturbation methods are likely to prove impractical
or even harmful, and in recognition that the physiology of
feedback mechanisms that sustain oxygen homeostasis in
tissue can impart features that are not observable from
application of feature extraction methods to the individual
components of the Hb signal, the inventive methods
described herein, which are favorably applied under a sub-
stantially resting state condition, serve to greatly expand the
environments and subject status conditions wherein nonin-
vasive Hb time-series of tissues can be acquired and from
which a previously unrecognized dense feature space of
coeflicients can accessed from use of methods disclosed
herein that apply understandings of Stochastic Network
Theory and related capabilities described herein to the
co-varying components of the Hb signal. As is documented
by measures described in the Preferred Embodiment, and
applied to a representative tissue class (breast) and repre-
sentative disease type (cancer), derived coeflicients have the
character of substantial independence across a wide range of
coeflicient types whose amplitudes appear strongly sensitive
to the presence of cancer.

[0115] Also, having recognized that disturbances in oxy-
gen homeostasis affect a wide range of disease types as well
as tissue responses to differing classes of stimulation
imposed by external stimuli, drugs, and interaction with
tissue implants, the methods described here are deemed to
significantly facilitate assessment of these behaviors and in
doing so can support the following capabilities:

[0116] 1. Improved detection of breast cancer without the
need for exposure to ionizing sources or painful breast
compression. Prior art techniques are limited in one or more
of the following: dependence of applied force or Valsalva
maneuvers; reliance on static sensing methods that signifi-
cantly reduce the range of features that could be determined,
employment of methods that explore individual hemoglobin
components from a time series measure, which also has the
effect of limiting the range of features that can be identified
by methods motivated from understandings of tumor fea-
tures. Also, the demonstration that multiple substantially
independent features are accessible makes it likely that
extension of applied univariate statistical measures for dis-
ease detection will have improved performance when mul-
tivariate techniques that can include machine learning or
deep learning methods are used for the evaluation.

[0117] These capabilities also make it likely that the
disclosed methods can serve to improve assessment of
treatment responses, for example, the effectiveness of neo-
adjuvant chemotherapy. These are facilitated by the ease and
improved patient conpliance that accompanies a resting
state measure and from the expectation that positive
responses to chemotherapy will modify oxygen homeostasis
as a consequence of reducing tumor load.

[0118] Itis further recognized that the mechanical support
members shown in FIG. 3, employed as an investigative tool
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to acquire Hb time series measures from the breast, can be
replaced by soft contact sensors positioned within a bras-
siere-like housing, which will likely further extend patient
acceptance of optical sensing methods. Such formats, which
can allow for measures while subjects are comfortably
seated, also are deemed to improve patient compliance that
likely facilitates more frequent screening, thereby enabling
earlier disease detection.

[0119] 2. Improved detection of other forms of cancer that
are accessible within the limits of optical penetration.
Included in this class are head and neck cancers, skin
cancers including malignant melanomas, and tumors in
tissues accessible from endoscopic formats. Because
enhanced tumor angiogenesis is commonly seen in many
forms of cancer, the methods and coefficient classes identi-
fied herein are expected to translate to these disease states as
well.

[0120] 3. Improved monitoring of wound-healing. Current
methods, which can employ the techniques of hyperspectral
imaging, NIRS, OCT, laser Doppler imaging, laser speckle
imaging, spatial frequency domain imaging and digital
camera imaging [M. Jayachandran et al., Adv. Wound Care]
all share the common goal of producing information of
individual features (e.g., individual Hb components, wound
size and area, burn depth, burn scar perfusion, and collagen
denaturation) and not from co-varying properties common to
functional networks that modulate the bulk of physiological
phenomena in living beings. The presence of an expected
inflammatory response, reduced perfusion in affected
regions and neovascuarization as a consequence of wound
recovery, strongly indicate that the normal oxygen homeo-
stasis supply-demands present in healthy, unaffected tissues
should be strongly affected. As a consequence, we anticipate
that several of the identified coefficient classes listed in the
preferred embodiment will likely be affected. As each of
these constitutes a dense array of mainly independent behav-
iors, the likely discriminatory power accessible from these
measures as a basis for clinical guidance and characteriza-
tion is significantly improved compared to existing assess-
ments. Also recognized is that because several of the listed
methods can be adapted to provide time-series measures of
the Hb signal, it is expected that more than one class of
system capabilities are likely to benefit from the inventive
matter disclosed herein.

[0121] 4. Improved monitoring of the progression, or of
the response to therapeutic interventions, of chronic patholo-
gies that have vascular manifestations. This class would
include peripheral artery disease (PAD) and diabetic vascu-
lopathy. The methods of the invention allow for greater
ability to acquire relevant data with minimal disruption to
subjects’ activities of daily living.

[0122] 5. Improved monitoring of the progression, or of
the response to therapeutic interventions, of pathologies that
produce skin ulcers or other dermatological lesions. This
class includes the mentioned cases of PAD and diabetes, and
also some cases of autoimmune diseases such as lupus and
psoriasis. A related class of applications is detection of
incipient bedsores, in individuals who are comatose or are
conscious but bedridden.

[0123] 6. The methods of the invention are potentially
applicable for clinical or research environment in which the
target population consists of or includes individuals who are
unconscious or paralyzed. The latter category would include
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cases of temporary (e.g., because the subject is immobilized
by a cast) as well as permanent (e.g., owing to spinal-cord
injury) paralysis.

[0124] 7. Recording of hemodynamic data, of the brain,
peripheral tissue structures, or both, during sleep studies.
These applications have the potential to yield improved
insight into the physiological stresses induced by conditions
such as sleep apnea, as well as the effectiveness of inter-
ventions such as positive airway pressure.

[0125] 8. Earlier and more reliable detection of inflam-
matory states, in tissues lying within the limits of optical
penetration, whether these states are of acute (e.g., bacterial
infection, medication side effects) or chronic (e.g., incipient
arthritis, autoimmune disease, arteriosclerosis) origin.
[0126] 9. Improved ability to include infants and children
and other vulnerable subject classes within the population of
subjects that can be evaluated using NIRS-based technolo-
gies. These are individuals for who some perturbation-based
strategies may be physically impossible (e.g., Valsalva
maneuver for neonatal subjects), while others may be
deemed to pose unacceptable risk or would be likely to meet
with poor compliance (e.g., 12-hour fasting for pediatric
subjects).

[0127] 10. Improved ability to monitoring the mental
status, or the peripheral-tissue oxygenation status, of people
engaged in activities that involve relatively low levels of
physical activity, although frequently over an extended time
period, coupled with high levels of mental effort. Examples
of applications in this area would include examining long-
haul truck drivers, operators of commercial or military
aircraft or ships or members of surgical teams (or airplane,
ship, or submarine crews), for early indications of fatigue.
[0128] 11. Better performance and extended range of
capabilities, for brain-computer interface (BCI) applica-
tions. These are likely consequences of the invention making
a set of previously unappreciated hemodynamic features
available for analysis. Some or many of the latter may prove
to correlate better, or more consistently or reliably, with
subject intent than do the perturbation-based responses that
are the current focus of most BCI effort. Alternatively, in
recognition that the goal of BCT is to infer information on a
relative short time scale, and in recognition that coordinated
behaviors of the brain are not static, the considered measures
may serve to identify which of several likely functional
states is operational. Tt follows that applied training methods
can be fine-tuned to recognize when these are present
thereby improving the interpretation of individual subject
responses.

[0129] 12. For of the mentioned capabilities and those
related as a consequence of their impacting oxygen homeo-
stasis, it is also appreciated that the metrics outlined by Egs.
1-3, 6-9, 12, 13, others listed in the section on Description
of Alternative Embodiments and those described, but not
expressly listed (e.g., measures of asymmetry), including the
goal to determine various “hidden” coeflicients that are
normally accessible from solutions to inverse problems that
follow from methods suitable to explore network problems
and their associated rules (e.g., use of FLT), as well as
features identified from findings listed in the included Fig-
ures, can be expressed to appreciate trends in these measures
from repeat measures that, when compared to group-level
measures of healthy subjects, or to themselves, can serve to
indicate the presence of anomalous behaviors. It is also
recognized that these trends can be acquired from wireless
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wearable devices equipped to perform time-series Hb mea-
sures that are linked to cloud computing environments. This
arrangement can serve to identify if detected anomalous
trends warrant immediate attention (e.g., call to emergency
services) or additional follow-up.

Method of Implementing Preferred Embodiment

[0130] 1. Relationships Among Co-Varying Elements of
the Hb Signal
[0131] Covariation among state variables in a dynamical

system can be appreciated by examining state-space plots.
This may be accomplished in the case of Hb time series
measures by plotting the time-varying changes in oxyHb
against concurrent variations in deoxyHb (i.e., AoxyHb vs.
AdeoxyHb). For simplicity, here we limit our attention to the
quasi steady-state changes in component values relative to
their respective temporal means.

[0132] We can additionally represent relative changes in
the dependent Hb-signal components (i.e., totalHb,
HbO,Sat, HbO,Exc) within the AHb state-space plot, by
introducing associated axes whose orientations with respect
to the primary axes follows directly from their definitions.
Thus, concurrent changes in totalHb levels (i.e., AtotalHb)
can be appreciated by introducing an axis rotated 45 degrees
counterclockwise about the origin with respect to the
AdeoxyHb axis. Appreciation of co-variations in AHbO,Exc
can be gained by introducing a fourth axis orthogonal to the
AtotalHb axis. By adding a line demarcating (AdeoxyHb,
AoxyHb) pairs that correspond to hemoglobin oxygen satu-
rations above and below the temporal mean value,
AHbO,Sat values can also be determined from the plot.

[0133] The resulting co-varying coordinate system is
depicted in FIG. 1 and Table 1. The regions of the plane
corresponding to positive and negative changes relative to
the temporal mean value for each signal component are
indicated in FIG. 1, while Table 1 lists the specific permu-
tations of algebraic signs present in each sector of the plane,
leading to the assignment of ten distinct ‘states’. [It can be
shown that the correct inclination angle for the AHbO,Sat
demarcation line with respect to the AdeoxyHb axis is
tan™'($/(100-S)), where S is the temporal mean value (in
percentage) of HbO,Sat. The inclination angle depicted in
FIG. 1 corresponds to S=85% [P. Taroni, G. Quarto, A.
Pifferi, F. Abbate, N. Balestreri, S. Menna, E. Cassano, R.
Cubeddu, “Breast tissue composition and its dependence on
demographic risk factors for breast cancer: Non-invasive
assessment by time domain diffuse optical spectroscopy,”
PLoS ONE 10, €0128941 (2015)]].] The identified coordi-
nate system represents an extension of the 6-state co-varying
system originally considered by our group [G. W. Wylie et
al., Neurolmage; R. L. Barbour, Y. Pei, M. Farber, H. L.
Graber, Y. Xu, and D. Sreedharan, “Functional imaging of
autoregulation,” Poster No. 219 M-AM at Human Brain
Mapping 2007 (Chicago, Ill., June 10-14, 2007). Available
online at http://otg.downstate.edu/Publication/Bar-
bourHBMO7.pdf]. It also represents an extension of subse-
quent reports that recognized added information accessible
from a co-varying representation of the hemoglobin com-
ponents [K. Yoshino and T. Kato, NeuroReport, K. S. Hong
and N. Naseer, Int. J. Neur. Sys.].
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TABLE 1

Definitions of the ten co-variational states, in terms of the algebraic
signs of the five Hb signal components in comparison to their
respective temporal mean values.

Algebraic sign of Additional
State Component® o dtes Constraints®
1 -—-—+ e: ol <IdI
s: lol/O < Itl/T
2 - -+ + e: ol > IdI
s: lol/O < Itl/T
3 ———+- e: ol > IdI
s: lol/O > Itl/T
4 -+ -+- s: lol/O > Itl/T
t lol > Idl
5 -+ 4+ - t: lol < Idl
6 ++ 4+ - e: ol <IdI
s: lol/O < Itl/T
7 +++ - = e: ol > IdI
s: lol/O < Itl/T
8 +++ -+ e: ol > IdI
s: lol/O > Itl/T
9 +-+ -+ s: lol/O > ItWVT
t: lol > Idl
10 +-- -+ t: lol < Idl

(“Upper-case letters denote the temporal mean mean value; lower-case letters denote
differences with respect to the temporal mean value. ‘O’, ‘o’ = oxyHb; *d’ = deoxyHb; ‘T°,
‘t’ = totalHb; ‘e’ = HbO»Exc; ‘s’ = HbO,Sat.

®1n addition to the algebraic-sign constraints inherent in the state definitions: when ‘d” and
‘0’ have the same sign, the sign of *e’ supplies a constraint; when *d’ and ‘o’ have opposite
signs, the sign of “t’ supplies a constraint; and, when ‘o’ and ‘t’ have the same sign, the
sign of ‘s’ supplies a constraint.

[0134] 2. Quantification of Inter-State Hb-Transition
Coeflicients
[0135] Every image voxel occupies exactly one of the ten

Hb-states at each measurement time frame. Using v and t for
the space and time variables, respectively, and At for the
reciprocal of the data sampling rate, s(v,t) denotes the state
of the v voxel in the t* time frame and s(v,t+nAt) is the state
of the same voxel n time frames later. The approach we take
counts only the direct transitions from one state into a
different one, and exclude all instances of s(v,t)—>s(v,t+nAt)
that have intervening transitions within the n-time-frame
lag. Thus, we count all one-step transitions of a specified
type, irrespective of the time interval over which those
transitions occur. Also excluded is any consideration of
distance from the origin of the (AdeoxyHb, AoxyHb) coor-
dinate system, even though we recognize the possibility that,
for example, the portion of the State-1 sector (FIG. 1)
preferentially transitioned into could be a function of which
of the other states was the predecessor. This postulated
history dependence would distinguish the network dynamics
from those of a true FMC.

[0136] a. Computation of State Transition Probability
[0137] At the start of a transition-probability computation,
a 10x10xN array of integer variables, where N is the largest
value of the time lag that will be considered, is initialized to
all zeros. Each element of the three-dimensional array will
accumulate a count of the number of transitions of a given
type: position in the first dimension (“row”) encodes the
Hb-states that voxels transition into, in the second dimen-
sion (“column”) the state that they transition from, and in the
third dimension (“layer”) the time lag for the transitions.
[0138] Starting with v=t=n=1, the values of s(v,t) and
s(v,t+nAt) are ascertained. If s(v,t+nAt)=s(v,t) the value in
the [s(v,t+nAt),s(v,t).n]” element of the accumulator array is
increased by 1; otherwise, n is incremented until the inequal-
ity criterion is met. Each time the inequality criterion is met
(thereby indicating that a transition to a different state has
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occurred), the current value of t is increased to t+nAt (i.e.,
the previous post-transition time frame becomes the new
pre-transition time frame), and the procedure described in
the previous paragraph is repeated. The process of accumu-
lating and incrementing t continues until the end of the time
series is reached, at which point the value of v is incre-
mented, t and n reset to 1, and the preceding sequence of
operations is repeated until the maximum values of v and t
are reached.

[0139] We use the symbol A to denote the accumulator
array, and f (for “final state”) and i (“initial state™) for the
row and column indices, respectively. For f=i, (the f=
elements are superfluous in this analysis) the sum 2, VA,
(n) is the total number of transitions directly from state i to
state firrespective of the number of intervening time frames.
The sum of accumulated values in every layer of the array
is proportional to the subject-specific time-series duration
and voxel count. Accordingly, to allow for computation of
average transition matrices across subjects, we normalize
the sum of transition counts to 100, including only the 90 i
elements in the normalization. Thus

N (D
1002Aﬁ(n)
o}
PA="Th 10 ’
N
55 o

f=1 =l

[0140] where 3, is the Kronecker delta.

[0141] b. Computation of State Transition Rate

[0142] The approach taken here also allows for extraction
of a mean time-lag value for each transition type:

[0143] For fxi, the computed T, value is the average
number of time frames associated with transitions from state
i into state f. The mean time can be transformed to an
equivalent rate constant for transitions (f 1 case) where

1
kﬁ:T—ﬁ.

[0144] In Eq. (3), k, has nominal units of (time frame) ™!
which is easily converted to seconds™ by multiplying by the
data sampling rate.

[0145] 3. Quantification of Transition-Linked Hemoglo-
bin-Concentration and -Saturation Changes

[0146] A small modification to the accumulation scheme
allows us to determine the average amounts by which levels
of the five components of the Hb signal change during each
of the 90 (f i) transition types. In place of the single
previously considered accumulator array, we now define six
such arrays,

AredpdgAodsds (©)
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[0147] each having the dimensionality and size as the
accumulator considered in the preceding section and each
initialized to all-zeros, and where the subscripts denote:
TC=transition  count, D=AdeoxyHb, E=AHbO,Exc,
O=AoxyHb, S=AHbO,Sat, T=AtotalHb. For each transition,
values stored in appropriate elements of the accumulators
are incremented as follows:

Arcls(v, t+nAn, siv, 1), n) > Apc(s(y, t+nAr), s(v, 1), ) + 1, ®
Ap(s(v, 1+ BAD), s(v, 1), n) =
Ap(s(v, 1+ nAD), s(v, 1), 1) + deoxyHb (v,  + nAD) — deoxyHb (v, 1),
Ag(s(v, 1+ nAD), s(v, t), n) > Ag(s(v, t +nAr), s(v, 1), n) +
HbO »Exc (v, 1 + nAt) — HbO yExc (v, 1),
Ao, 1+ nAD), s(v, 1), n) =
Apls(v, t +nAr), s(v, 1), n) + oxyHb (v, t + nAt) — oxyHb (v, 1),
As(s(v, 1+ RAD, s(v, 1), 1) > As(s(v, 1+ nAD, s(v, 1), n) +
HbO Sat (v, t + A — HbQ 2 Sat (v, 1),
Ar(s(v, t + nAt), s(v, 1), n) >

Ar(s(v, 1+ RAD, s(v, 1, 1) + totaHb (v, 1 +nAr) — TotalHb(v, 1).

[0148]

[0149] The transition flux for a given hemodynamic-signal
component is equal to the average change in concentration
or saturation, per transition of a specified type. Mathemati-
cally, the flux for transitions from state 1 to state f is equal
to

a. Transition “Flux” Computation

N (6)
D Ax(foim)

dx(f i) = .
2 Arc(f, i)

n=1

[0150] where the generic symbol X is used to denote any
of the five hemoglobin-signal components D, E, O, S or T.

[0151] b. Computation of Weighted Transition Fluxes

[0152] Inspection of the coeflicient array maps for Py, k,
and ¢ (f,i) reveal qualitative differences among their depen-
dences on the transition type (i.e., on which Hb-states
correspond to fand i in Eqgs. (1), (3) and (6)). This suggests
the possibility that additional information (e.g., greater
discriminatory power between healthy and diseased tissues)
might be obtained by considering two-parameter products.
Thus, combinations that includes a transition flux (¢) as one
of the factors can be conceptualized as a ‘weighted flux’,
with the remaining factor (k or P) constituting the weighting
term.

[0153] The P¢.(f;i) product for a given hemodynamic-
signal component is a quantity that we call the transition
“mass” [m,{f,1)] and is equal to the average concentration or
saturation change that actually occurs during the time
required for a set number of transitions to happen. Proceed-
ing from Egs. (1) and (6), we see that the mass for transitions
from state 1 to state { for signal component X, is
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my(f, i) = M
N N
100" Arc(f, i.m) D ax(fiin
Pedx(f. D= - Y;I =
N A ;
DD =L artsoim BT
=1 =l "
N
Do Axf i)
100 =
10 10 N
(L=60) 3, Arclf-i.m)
o1 Al "
[0154] The quantity m.{f,i) defined in Eq. (7) can be

conceptualized as the average quantity of material that is
transferred from State 1 to State f whenever 100 transitions
overall (i.e., including all types) occur. Multiplying either
¢x(L1) or my(f.i) by k; produces a quantity in which the
concentration or saturation changes are given per unit time
rather than on a per-transition basis. The corresponding
mathematical formulations are

kagx(f, D= (3
N N N
DAl D Ax(fim Y AX(f,in)
n=1 n=1 n=1
N N =N and
ZI”'ATC(fa in) 2‘1 Arc(f, i) Zlﬂ'Arc(f, i, n)
kpmy(f, D= 9
N N
D Arclfy i) Do Ax(fim)
100 n=1 . n=1
N X 10 10 W
Ape(f, i, .
Zrhreld b (=60 % Arclf i)
=1 A "
[0155] To distinguish the influence of this rescaling pro-

cess, going forward we refer to unweight coeflicients [i.e.,
Eq. (6)] as intrinsic coeflicient values, while those listed in
Egs. (7)-(9) are called weighted coeflicient values.

[0156] 4. Influence of Algebraic Sign of Hb-Component
on Transition Flux Amplitude.

[0157] In Eq. (5), the increments for all of the A arrays
except A, are defined as a difference between the concen-
tration or saturation values at two identified time frames.
From the way the Hb-states are defined (see F1G. 1, Table 1),
it follows that for each component of the Hb signal some
transition types produce only positive increments, others
only negative ones, and others a mixture of positive and
negative increments. This mixture produces different feature
characteristics whose interpretation is aided by the following
understandings.

[0158] The algebraic signs associated with different tran-
sition types are coded as colored regions in FIG. 2. The
navy-blue color indicates transitions from a positive (i.e.,
greater than the temporal mean value) to a negative value, in
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which case the concentration or saturation must decrease;
while yellow indicates transitions from negative to positive
values, so that concentration or saturation must increase.
The light-blue color corresponds to transitions from one
negative value to another, in which case the Hb-component
value will increase in some transitions and decrease in
others; and the same is true for the olive-colored regions,
which correspond to transitions from one positive value to
another. The color-coded boundary squares in FI1G. 2 show
which portions of the checkerboard pattern correspond to the
algebraic-sign distributions for each Hb component. Note
that the region inside each colored boundary square has the
same row and column assignments. Thus, the cell in the
upper right corner of each bounded square corresponds to
State 10—1 transitions. As is shown in Results, there are
features in the associated coeflicient-flux maps that are
spatially correlated with those in FIG. 2.

[0159] Separate from these feature characteristics, it is
helpful to appreciate the influence that changes in state-
dependent flux amplitudes for the various Hb components
will have on the appearance of transition-parameter maps.
For instance, transitions that must entail a change in alge-
braic sign will identify the net amplitude of the concentra-
tion or saturation change, but not the magnitude of the
hemoglobin signal relative to its temporal mean value. In
contrast, transitions in which the algebraic sign does not
change will produce net values that constitute the sum of
cancelations. As a result, these values may be either positive
or negative, and the observed algebraic sign will indicate
whether the pre- or post-transition value is farther from the
temporal mean.

[0160] While the mathematical treatments described in
previous sections do not require assignment of any given
sequence to the defined state numbering system, we never-
theless have arranged these to reflect a gradient of succes-
sively greater degrees of metabolic demand in relation to
blood supply with vascular compensation. Depicting
extreme examples of this response are the transitions
between states 5 and 10 and between 3 and 8. For instance,
the 10—5 transition identifies a hyperemic response, but one
that is insufficient to meet demand, causing the levels of
AoxyHb and AHbO,Sat to fall below their temporal mean
values while the levels of AHbO,Eff and AdeoxyHb rise.
Conversely, the 3—8 transition principally reflects a similar
response, but one that more than meets metabolic demand,
causing AHbO,Sat and AHbO,Exc values to fall while
AoxyHb, AdeoxyHb and AtotalHb levels rise. The associated
reciprocal transitions reflect responses in compensation
from hyperemia. As noted, not specifically reflected in this
representation are explicit sensitivities of these parameters
to changes in blood flow separate from variations in tissue
metabolic oxygen demand [S. Fantini, Neurolmage].
[0161] Exemplary Data for the Preferred Embodiment
[0162] Here we report group-average findings obtained
from subject groups, comprising women who are and are not
affected with unilateral breast cancer, that identify the coef-
ficient types defined above. To assist comprehension of these
data, we begin by describing subject-preparation and data-
collection and—processing methods used, although these
are not essential parts of the invention.

[0163] 1. Diffuse Optical Tomography:

[0164] Optical time series measures of the breast were
acquired using a custom-made, high density tomography
system [R. Al abdi et al. JOSA-A], shown in FIG. 3. Notable
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capabilities of this unit include the capacity to examine both
breasts simultaneously while, if desired, exposing the breast
to concurrent defined viscoelastic deformations. Illumina-
tion was achieved by employing a dual-wavelength laser
source (760, 830 nm) that is time-multiplexed to allow for
simultaneous recording of light intensities from all elements
of the sensing array. In all, each sensing head contains 64
dual-wavelength sources and 32 detector elements that are
evenly divided within a two-stage arrangement.

[0165] 2. Subject Preparation:

[0166] System operation supports examination of the
breast while the subject is comfortably seated. Having a
hinged arrangement, the top portion of the sensing array can
be adjusted to allow for controlled contact in an anatomi-
cally conforming manner. In all, sensing elements are
arranged to support essentially a full circumferential mea-
surement. Prior to enrollment, inform consent was obtained
from all subjects in accordance with SUNY IRB #99-093. In
all, data from 63 subjects were explored, 18 with confirmed
breast cancer (6-right breast, 12-left breast, average tumor
size ~2.7 cm, range 0.5-6 cm) and 45 non-cancer subjects,
23 of whom had evidence of various types of non-malignant
pathologies in either breast. A more detailed description of
enrolled subjects is given in [H. L. Graber et al., Medical
Physics]. Tt deserves mention that findings reported here
involve the same subject groups as in [H. L. Graber et al.,
Medical Physics] and exploration of the same data. Different
are the methodologies applied for data analysis.

[0167] 3. Data Collection:

[0168] Following initial setup, automated system calibra-
tion was performed to identify optimal gain settings. Sub-
sequently, resting-state measures were acquired for a period
lasting ~5-10 minutes.

[0169] 4. Data Preprocessing:

[0170] Data were screened for evidence of degradation of
signal quality caused by excessive signal attenuation by very
large breasts or by poor skin-contact for very small breasts,
using methods previously described [H. L. Graber et al,
Medical Physics]. To avoid introducing bilateral signal bias,
channels excluded from one breast were also excluded from
the other, resulting in symmetric data sets. Also, to avoid
biases from undersampling, only measures from women that
included at least 60% of all data channels were considered.
Experience showed that operating limits are breasts having
cup sizes varying from B to DD.

[0171] 5. 3D Image Reconstruction:

[0172] Tomographic reconstructions were achieved by
first normalizing measured signal intensities to the respec-
tive temporal mean values of each data channel, then solving
a system of linear equations using a modified perturbation
formulation based on solutions to the diffusion equation [H.
L. Graber, Y. Pei, and R. L. Barbour, “Imaging of spatiotem-
poral coincident states by DC optical tomography, ” IEFE
Transactions on Medical Imaging 21, 852-866 (2002); Y.
Pei, H. L. Graber, and R. L. Barbour, “Influence of system-
atic errors in reference states on image quality and on
stability of derived information for DC optical imaging,”
Applied Optics 40, 5755-5769 (2001)]. Computed wave-
length-dependent absorption coefficient values were subse-
quently transformed to yield spatial maps of the time-
varying components of the hemoglobin signal. This
produced five sets of maps for each breast, corresponding to
spatiotemporal variations in the independent and dependent
Hb components.
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[0173] 1InFIG. 4 we plot representative measures acquired
from an affected and unaffected breast, of a woman in the
breast-cancer subject group, represented in the FIG. 1 coor-
dinate system. Inspection reveals a cloud of points, with the
frequency of occurrence of each paired AdeoxyHb, AoxyHb
combination indicated by the color scale. Inspection also
reveals distinct ellipsoidal distributions whose details
strongly suggests sensitivity to the presence of disease.
While the overall patterns seen might suggest ways to
quantify the shape of the distribution, our focus is instead
directed to the expectation that temporal variability in the
actions of the feedback mechanisms will serve to drive
Hb-component values from one functional state to another.
Accordingly, our attention is directed to quantifying features
associated with such transitions.

[0174] 6. Evaluation of Diagnostic Potential of Transition-
Associated Parameters:

[0175] Here we use the generic symbol Y, to denote any
of the transition-related quantities—Pp, k;, ¢(T,1), my(f,i),
ot the related products k¢ (f,i), k;m(f,i)—that are subse-
quently evaluated as diagnostic indicators for breast cancer.
For any transition type. each study subject has distinct
values of Y, for the left and right breast (i.e., Yﬁl and Y,
respectively). To minimize contributions to inter-subject
variability by factors unrelated to the presence of disease, we
consider the relative percent differences between YﬁI andY,"
as diagnostic-metric candidates.

[0176] In view of the demonstrational nature of the diag-
nostic-potential computations reported here, and the small
number of subjects in the breast-cancer group (N=18), we do
not consider multiple-category or multiple-factor analyses
such as would be appropriate for a large clinical trial.
Instead, data for all breast-cancer subjects are combined to
form one group. Because the 18 subjects with cancer com-
prise 12 with a tumor of the left breast and 6 who have it in
the right, combining them necessitates performing an adjust-
ment to minimize confounding of tumor effects with any
intrinsic left-right asymmetries that may be present. Accord-
ingly, the diagnostic metrics are generated in the following
manner. For subjects known to have left-breast tumors (and
for subjects in the non-cancer group):

Y5() - Ye() 10
Zs(H)=100———,
a(f) i
[0177] where j is the subject index. For subjects known to

have right-breast tumors,

ron _YF iz o T v 11
[Yﬁ(])_)ﬁNC+YﬁNC]_[YJ[’7(1)_YJ€7NC+YﬁNC] an

Z(j) = 100

)

Yk(/.) - le’th + ﬁNC

[0178] where W and W denote quantities averaged
over all subjects in the non-cancer group. The linear adjust-
ment operations in Eq. (11) have the effect of correcting the
difference between parameter values in the tumor-bearing
and unaffected breasts for lefi-right biases that are not
related to the presence of disease. As such, they are based on
a plausible assumption that, to first order, the net inter-breast
difference is the linear sum of background-asymmetry and
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tumor-related contributions, and that the magnitude of the
former is not itself strongly disease-dependent.

[0179] For each combination of transition-related param-
eter and transition type, the sets of Z; values for breast-
cancer and non-cancer subjects were the input to a receiver
operator characteristic (ROC) analysis [H. L. Graber et al.,
Medical Physics), with the area-under-curve (AUC) param-
eter taken as our index of overall diagnostic accuracy [C. E.
Metz, “Basic principles of ROC analysis,” Semin. Nucl.
Med. 8, 283-298 (1978)].

[0180] 7. Organization of Exemplary Data: These are
divided into two sections: findings from analysis of State-
transitions and those from Hb-dependent component transi-
tions. Finally, we report selected findings from ROC analy-
sis, which support the conclusion that the derived
coeflicients may serve as useful markers for disease.

[0181] 8. Hb State-Transition Coefficients
[0182] a. Coefficient Maps of State Transition Rate Values
[0183] FIG. 5 shows the group-mean values of the rate

constants for inter-state transitions [Eq. (3)] for women with
breast cancer. Each square cell’s column assignment iden-
tifies the Hb-state that is transitioned from while the row
assignment denotes the state that is transitioned to. FIG. 5(a)
shows the rate-constant values obtained from tumor-bearing
breasts (1), 5(b) the difference in values between affected
and unaffected (U) breasts (T-U) and 5(c) p-values obtained
from Student t-tests comparing the 5(b) data to the corre-
sponding inter-breast differences (left-minus-right (L-R))
for the subjects without breast cancer (i.e.. unpaired tests
comparing [-R vs. T-U). As indicated by the color contrast,
FIG. 5(a) shows that transition rate constants for affected
breasts vary over a range of ~1.20-1.75 second", depending
on the transition pair. Closer examination reveals that the
rate constants are preferentially elevated for transitions
originating from States 3 and 8, and preferentially sup-
pressed for those originating from States 4 and 9. Also seen
is the apparent absence of an equivalent bias involving
transitions into a given state (i.e., row features), indicating
that rate constants involving reciprocal pairs of transitions
are asymmetric.

[0184] A more careful inspection of FIG. 5(a) reveals a
distinct influence of the presence or absence of hyperemia
on transition rate constants. The largest values are transitions
from State 3 into States 5-9, and from State 8 into States 10
and 1-4. Common to these state transitions is a change in the
level of AtotalHb, suggesting sensitivity to hyperemia. Dif-
ferent from this are transitions from States 4 and 9. Here we
find that those which do not involve an associated hyperemia
(i.e., from State 4 into States 10 and 1-4, and from State 9
into States 5-8), have the smallest rate constant values
overall.

[0185] Shown in FIG. 5(5) are the differences between rate
constant values for affected and unaffected breasts. Inspec-
tion reveals coeflicient values that are preferentially elevated
by the presence of disease and others that are suppressed.
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Among the former, and most evident, are all transitions from
States 2 and 7 into the others. Transition rates that are
reduced in affected breasts principally include those origi-
nating from States 5 and 10. In FIG. 5(c), which identifies
the transitions for which the inter-breast rate-constant dif-
ference is significantly different between the two subject
groups, we see that group differences are mainly clustered
among transitions from States 1-3 and from States 6-8.
[0186] Taken together, these findings reveal two principal
disease-dependent contrast features. First is the finding of
elevated overall transition rates in affected breasts. We
interpret that as consistent with the general observation that
metabolic rates in a tumor bearing breast are also elevated.
Second, this behavior appears preferentially biased towards
specific classes of transitions, in a manner suggestive of a
compensatory response. In support of the latter is the finding
that whereas transitions from States 3 and 8 have the largest
values for either T or U breasts, the impact of disease
appears greatest on either side of these transitions (i.e.,
largest positive and negative bias for transitions from States
2 and 7 and from 5 and 10, respectively). We also recognize
that because measures were obtained under substantially
steady-state conditions, a bias in one direction requires an
opposing bias to not disturb the temporal mean value.
However, given the many degrees of freedom associated
with a ten-state model, it would seem evident that there are
multiple ways that such a balance could be achieved, sug-
gesting that a ‘salt-and-pepper’ pattern might be preferred in
the absence of specific driving factors. The finding of
distinctive patterns suggests that the disease-dependent
influences are present.

[0187] The transition-rate patterns for the L, R and U
breast groupings are not explicitly shown, owing to space
limitations and to their qualitative similarity to FIG. 5(a). As
an alternative, in Table 2 below, we have computed two
quantitative indices of dissimilarity and have applied these
to highlight group-level differences among the overall
amplitudes and patterns of the measured coefficients. The
first is a normalized root mean squared difference (nRMSD;
a value of 0 indicates exact equality) between the coeflicient
amplitudes in the transition rate-constant maps (excluding
the main diagonal), comparing either T and U or various
pairings of unaffected breasts (i.e., Land R, L. and U, R and
U). The second is a measure of the spatial correlation of
patterns observed between the rate-constant maps for the
same pairings. To obtain a quantitative measure of the
overall impact of breast cancer on rate constants, we have
compared the mean value of the nRMSD and correlation for
the three control group pairings (i.e., L and R, L and U, R
and U) to the corresponding indices for T-U, in both cases
using the t-score as a convenient indicator of group differ-
ence. This is intended to aid interpretation by presenting the
contrast between tumor-unaffected and unaffected-unaf-
fected values in terms of a familiar dimensionless unit, and
not for the purpose of statistical testing.

TABLE 2

Normalized root mean squared difference (nRMSD) and Pearson correlation
coeflicient, between transition-parameter data for different subject-breast pairings. Exact
equality would produce nRMSD = 0 and correlation = 1. nRMSD is defined as:
nRMSD(a, pj = 2((1—[5)2/[(@4— \/2[52)/2], where ‘a’ and ‘B’ are the sets of 90
coefficient values in the (main-diagonal-excluded) 10 x 10 maps for two selected

subject-breast groups.

Dissimilarity Transition v: mean (L, R; z: SD (L, R;
Index Parameter xT,U L,U; R, U) L, U;R U x - y)/z“
1RMSD 0.063 0.029 0012 2.81

0.630 0.264 0.123 2.96
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TABLE 2-continued
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Normalized root mean squared difference (nRMSD) and Pearson correlation
coefficient, between transition-parameter data for different subject-breast pairings. Exact

equality would produce nRMSD =

0 and correlation = 1. nRMSD is defined as:

nRMSD(a, p) = YS(a-p)Y[(Y=a’+ ‘/2[32)/2}, where ‘a’ and ‘B’ are the sets of 90
coeflicient values in the (main-diagonal-excluded) 10 x 10 maps for two selected

subject-breast groups.

Dissimilarity Transition y: mean (L, R; z: SD (L, R;
Index Parameter x T, U L, U;R,U) L, U;R,U) (% - y)iz“
[ 0.479-0.710  0.187-0.316 0.098-0.148 2.61-2.96
m 0.778-0.924  0.343-0.438 0.166-0.210 2.28-2.62
Correlation  k 0.853 0.965 0.026 -4.27
P 0.897 0.978 0.018 -4.46
[ 0.988-0.996  0.997-0.999  0.00086-0.0028  -2.78--5.81
m 0.952-0.975  0.983-0.993 0.0050-0.012 -2.61--4.29

@This dimensionless index is the t-score of the nRMSD or correlation value for the T, U pairing, in comparison

to the mean and standard deviaticn of all the pairings of non-tumor breasts.

[0188] The correlation values obtained for measures of k
are r=0.853 for the T-U comparison, and r=0.965 for the
mean of the control pairings (SD=0.026). While the former
is notably reduced compared to the latter, indicating disease
sensitivity, the amplitude patterns of transition rates over all
state pairings among the breasts in either subject group is,
nevertheless, strongly correlated. This is not overly surpris-
ing as in these instances the tabulated values are derived
from data that was concurrently acquired from both breasts
of the same subjects. Consequently, it is noteworthy that the
L-U and R-U comparisons, involving data for two separate
groups of subjects, also vield higher correlations than does
the T-U case. The same pattern of results was found in the
nRMSD values, which is larger (i.e., farther from zero,
indicating less similarity) for the T-U case than for any of the
control pairings, whether these involved comparisons of
data from the same subjects (L-R) or from two distinct
subject groups (L-U and R-U). The t-score values for
nRMSD and correlation are 2.81 and —4.27, respectively,
indicating that the impact of breast tumors is several times
larger than the other sources of variance.

[0189] b. Coeflicient Maps of State Transition Probability
Values
[0190] Shown in FIG. 6 are findings having the same

format as identified in FIG. 5, but for measures of State
transition probability [Eq. (1)]. A brief comparison of these
to the corresponding parameter maps in FIG. 5 reveals that
the transition-probability and transition rate-constant pat-
terns seen are weakly correlated and hence substantially
independent. This finding is not surprising, as the prevalence
and rate of change of behavior are independent in many
systems. While many feature particulars are present, here we
limit our consideration to only a few.

[0191] Most striking is evidence of substantial symmetry
among reciprocal pairs of transitions, over a larger range of
values than is observed for the fransition rate constants.
Regions having the lowest probabilities correspond to tran-
sitions to and from States 1-3 and 6-8. Also seen is evidence
of biases in the probabilities of transitions between Hb-
states. For example, transitions either to or from States 3 and
8 are uniformly less probable than those involving adjacent
states on either side (2 and 4, 7 and 9), producing a striped
appearance. Having significantly higher, but also less uni-
form, probabilities are transitions to or from States 4, 5 and
9, 10. The net result of these biases is to produce a transition
probability map that bears some similarity to the pattern of

algebraic signs for transition-associated changes in
AdeoxyHb concentration depicted in FIG. 2. More specifi-
cally, it is seen that those transitions having the largest and
smallest amplitudes mainly coincide with the regions that
undergo a change in their algebraic sign of AdeoxyHb
(vellow and navy-blue regions of FIG. 2).

[0192] Similar to the difference between State-transition
rate constants for affected and unaffected breasts (FIG. 5(5),
results in FIG. 6(b) shows that the probabilities of particular
transitions can be either elevated or reduced in the T breast
in comparison to U. One interesting difference between the
rate and probability T-U maps is that the pattern of the latter
appears clustered about three groups of transitions. Having
reduced amplitudes are transitions involving State 2 with
either 1 or 3 and those involving State 7 with either 6 or 8,
while those having elevated amplitudes involve the transi-
tion between either State 4 or 5 and either 9 or 10, as well
as directly between 4 and 5 or 9 and 10.

[0193] Included in Table 2 are values for the two inter-
group similarity metrics described in the preceding section,
computed for the transition-probability maps. The overall
trends in these findings are similar to those for the rate
constant measures. That only modest reductions in these
quantities are observed for either k or P is not surprising,
given that the average partial volume of tumor in affected
breasts is on the order of 3% or less. Even so, the T-U
nRMSD is appreciably larger than the mean value for the
unaffected-breast pairings (t=2.96 (P) and 2.81 (k)), and the
correlation substantially lower (t=—4.46 (P) and -4.27 (k)
for both types of coeflicients.

[0194] While these findings indicate that the presence of
disease does not grossly distort the mentioned coeflicient
values, evidence obtained from group difference measures
for the T-U pairings (FIGS. 5(b) and 6(4)) does reveal
distinct biases in coeflicient values among selected transition
types.

[0195] Notable here is the evidence the response to disease
on the amplitude of selected values of k are substantially
independent of its corresponding impact on P.

[0196] FIG. 6(c) identifies those transitions for which the
inter-breast probability difference is significant (p<0.05)
between the subject groups, using the same criterion applied
in FIG. 5(c). Inspection reveals that features that are sig-
nificant are also those that mainly have the largest group-
amplitude difference.
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[0197] c. Hb-State Amplitude and Partial Volume Values
[0198] 1. Hb-State Mean Amplitude Values
[0199] Additional state-dependent quantities that can be

accessed via the applied methodology are measures of the
mean Hb-component values for a given state, for the dif-
ferent subject groups. An example of these finding is shown
in FIG. 7, where the group-mean AoxyHb and AdeoxyHb
values are plotted, for the affected (red) and unaffected
(blue) breasts of affected women. Most evident is the shape
of the distributions (mainly elliptical) and the obvious
difference in their amplitudes. The latter being greater for
affected breasts is consistent with general finding of
enhanced angiogenesis in tumors [P. Vaupel, “Tumor blood
flow,” in Blood Perfusion and Microenvironment of Human
Tumors: Implications for Clinical Radiooncology, edited by
M. Molls and P. Vaupel (Springer, Berlin, 2000), pp. 41-45].
Also, as noted, the elongated trend in the direction close to
that of the HbO,Exc axis for affected breasts indicates a
disease bias that reflects the known degraded ability of the
vasculature of tumors to maintain supply-demand balanced
by modulating blood volume to match changes in tissue
oxygen consumption [P. Vaupel and M. Hockel, “Oxygen-
ation of Human Tumors,” in Blood Perfusion and Microen-
vironment of Human Tumors: Implications for Clinical
Radiooncology, edited by M. Molls and P. Vaupel (Springer,
Berlin, 2000), pp. 63-72]. This trend is also consistent with
the general finding of a greater degree of desaturation of Hb
in tumors [P. Vaupel and M. Hockel].

[0200] A more quantitative examination of the phenomena
revealed by the FIG. 7 plot is presented in FIG. 8. Here we
begin [FIG. 8(a)] by replotting the FIG. 7 data points but,
instead of connecting adjacent points with line segments to
emphasize the elliptical patterns, we add line segments
connecting each data point to the origin of the coordinate
system. In this way, a property not obvious by inspection of
FIG. 7 is revealed: the angles between the red and blue line
segments are close to zero for States 2, 3, 7 and 8, larger for
States 1, 5, 6 and 10, and largest of all for States 4 and 9.
[0201] To evaluate this trend, we have investigated the
values of the plotted points’ other Hb-signal components
(i.e., their projections onto the other axes shown in FIG. 1).
The most informative result, plotted in FIG. 8(?), is obtained
by computing the ratio of AHbO,Exc to AtotalHb for each
of the states (as previously noted, these are the components
that are the most directly affected by the presence of a tumor:
modulation of AtotalHb occurs to a proportionally greater
extent in the unaffected breast, and of AHbO,Exc in the
affected one). It is seen that for every state that has an angle
discrepancy noticeable by inspection in FIG. 8(a) (ie.,
States 1, 4. 5, 6, 9 and 10), the absolute value of the ratio is
larger for the tumor breast, which is to say that the magni-
tude of AtotalHb “response” relative to the magnitude of
AHbO,Exc “stimulus” is smaller in the affected than in the
unaffected breast (p<1x10*, for all listed states [paired
t-tests]). This finding is fully consistent with the known
behavior that tumors have a reduced capacity to regulate
their blood supply to match changes in ambient oxygen
demand [P. Vaupel]. We find it noteworthy that this effect is
largest for States 4 and 9, which most closely agree with the
condition wherein supply is less(more) than adequate to
meet demand, so that AoxyHb, AtotalHb and AHbO,Sat all
have the same algebraic sign, and AdeoxyHb and
AHbO,Exc have the opposite sign. Consequently, these
states are the ones in which reduced capability of tumor-
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breast vasculature to match changes in blood supply to
changes in oxygen demand would be most apparent, which
is what we observe.

[0202] 1ii. Hb-State Partial Volume Values

[0203] A simple measure of state dependence is the time-
average volume fraction of tissue that is occupied by a given
state. This can be determined by simply counting the number
of image voxels that exist in one state or another and
expressing these quantities as the relative fraction (percent-
age) of the total volume, averaged over time. FIG. 9 shows
the ten states” volume fractions (in units of percent) for the
different groupings of study subject and breast-cancer status.
Here we have separately plotted group-mean values for the
L and R breasts of control subjects (N=45), and for the T and
U breasts of affected subjects (N=18). Inspection reveals that
the volume fraction for States 1-3 and 6-8 are reduced in T,
and increased in States 4, 5 and 9, 10. We also note that
while there is evidence of an intrinsic left-right bias in
unaffected subjects, the p-values associated with this trend
are consistently higher (i.e., lower statistical significance)
than the findings obtained from corresponding inter-breast
comparison for the affected subjects, even though the latter
group contains less than half the number of subjects. We also
note the diverse composition of the control group, which
includes women who have no history of any breast pathol-
ogy (N=22) and a similar number of aged-matched subjects
who have a variety of documented breast pathologies other
than overt malignancy. This suggests that the observed bias
exhibits disease specificity.

[0204] Separate from appreciation of the feature space of
the volume fraction measures is a more quantitative under-
standing of relationships between these measures and the
previously described State transition parameters (i.e., tran-
sition rates and probability). For instance, comparing the
FIG. 9 volume-fraction distribution to the pattern of transi-
tion probabilities in FIG. 6 reveals that trends in the former
appear to determine some of the features of the latter; e.g.,
that the lowest probability is found for transitions from/to
States 3 and 8, and the largest is seen for transitions from/to
States 4 and 9. However, there also are features of FIG. 6
that would not be easily predicted from inspection of FIG.
9, such as the greater probability for transitions between 4
and 10 or between 5 and 9 than for ones directly between 4
and 9. It is worth considering what may be the form of the
function that transforms the 2D probability map into the 1D
volume fractions, and how consistent it is across the four
subject-breast pairings.

[0205] The simplest assumption is direct proportionality
between transition probability and volume fraction, with the
rate constants serving also as the constants of proportional-
ity. Thus, the volume fraction for State j would be equal to

10 12)
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[0206] where the normalization constant K ensures that
the quantity on the right-hand side of Eq. (12) is equal to 100
when summed over all j (as is the sum of the Vs, by
definition). It is found (not shown) that there is excellent



US 2019/0117146 Al

agreement between the true and computed volume fractions
(i.e., left- and right-hand sides of Eq. (12), with a mean
relative percent discrepancy

10 p Y
[i.e., 100[vj -Ky k—f] / vj],
=1

of just over 1% across the four subject-breast groups. This
finding of consistency across data sets demonstrates the
stability of the data transformations used to derive the
state-transition coeflicients.

[0207] In addition, the observed accuracy of the Eq. (12)
model shows that transitions between Hb-states are first-
order processes, as kinetics of any other order would lead to
a different mathematical relationship among k, P and V. In
view of the mathematical relationship between rate constant
and mean lifetime [Eq. (3)], the 1/k,, factor in Eq. (12) can
be replaced by r,,, which leads to a compact formula relating
the volume fractions of all states to the transition-probability
and mean-lifetime coefficients:

V=K-diag(P™1), (13)

where K is the same as in Eq. (12), diag(X) is a vector
consisting of the main-diagonal elements of the matrix X,
and P;; and T, are the if elements of P and t, respectively.
[0208] These relationships noted, nevertheless the added
dimensions of transition rate and probability spaces relative
to the volume fraction provides an opportunity to appreciate
other disease-dependent biases. Of interest is the noted
substantial independence of disease impact on specific fea-
tures of these transition spaces (e.g., different particular
transitions are most strongly affected in the k and P results).
We contrast this finding with our previous report that
explored the same imaging data and demonstrated a promi-
nent temporal feature from affected breasts that is consistent
with the existence of a persistent inflammatory response in
tumors in response to upregulation of nitric oxide formation
[H. L. Graber et al., Medical Physics]. While the data
treatment strategy pursued here does not support indepen-
dent assessment of behaviors originating from the tissue and
vascular spaces, it is difficult to reconcile the evidence of
differential influences on the State spaces on the sole basis
of known effects of nitric oxide on the vascular space. We
interpret this behavior as consistent with the known added
actions that nitric oxide has on the tissue space (e.g., nitric
oxide is a known competitive inhibitor of oxygen binding to
cytochrome c-oxidase [P. Sarti, E. Forte, D. Mastronicola, A.
Giuffre, and M. Arese, “Cytochrome ¢ oxidase and nitric
oxide in action: Molecular mechanisms and pathophysi-
ological implications,” Biochimica et Biophysica Acta—
Bioenergetics 1817, 610-619 (2012)]), combined with
expected compensatory effects.

[0209] To briefly summarize, in this section we have
identified the principal parameters accessible from measures
of the Hb State-transitions. Comprising 2D spaces are the
transition rate and probability coeflicients, whose details
appear mainly independent of each other and also appear
disease-sensitive in a manner consistent with the several
prominent cancer phenotypes. An additional finding is evi-
dence of good feature recovery (ie., computed volume
fraction) from first order behavior in the kinetics of the
rate-weighted transition probabilities.
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[0210] 2. Hb-Component Transition Coefficients

[0211] a. Coeflicient Maps of Hb-Component Flux Ampli-
tude Values

[0212] Shown in FIG. 10 are the state-dependent ampli-

tudes of intrinsic transition flux [Eq. (6)] for the different
components of the hemoglobin signal, computed from
image time series of the breasts of control subjects (N=45).
These quantities correspond to the average difference
between the transition-dependent component values in the
initial time frames of pre- and post-transition time intervals.
Note that the scale for AHbO,Sat is expressed as change in
relative percent, while the values for the other components
are molar quantities. Also, recall that these quantities are
computed on a per-transition basis and not over a defined
time interval, and that the plotted quantities are obtained by
averaging over the full volume of the breast, the 5-10 minute
period of observation and all control-group subjects. Inspec-
tion of the figure reveals several prominent features.
[0213] One feature clearly present is the tendency of the
amplitude changes to appear spatially correlated with the
component-dependent algebraic sign pattern that accom-
pany given transition types (see FIG. 2). This is especially
evident for the AtotalHb component. While application of a
simple differencing scheme can be expected to produce a
pattern whose deviation from the temporal mean is sensitive
to the pattern of algebraic signs corresponding to specific
state transitions, this is not suflicient to guarantee a smoothly
varying pattern for any given component.

[0214] The counter consideration is one where the ampli-
tudes within a specified sector [e.g., all transitions in which
the algebraic sign of the component amplitude change from
positive to negative (i.e., navy blue regions in FIG. 2)],
would be mainly independent of the amplitudes of neigh-
boring transition types, thus producing a “salt-and-pepper”
appearance. This outcome would have important conse-
quences for our postulated relationships between a sequence
of state transitions and their sensitivity to intrinsic biological
factors. As noted, the numbering sequence we have assigned
to the state reflects a belief that passing through them in
order traces out the compensatory hyperemic response to a
hypothetical supply-demand imbalance. Thus, transitions
between adjacent states (e.g., transition 2—3) are expected
to reflect a more reduced state of imbalance than are
transitions involving reciprocals (e.g., transition 1-—6). It
follows that if the transition-flux pattern were to have more
of the conjectured salt-and-pepper appearance, it would
suggest that either the assigned sequence of state transitions
does not reflect the stated interpretation, or that our findings
are strongly biased by unanticipated driving factors. Con-
versely, we interpret the smoothly varying patterns that were
obtained as evidence that the assigned state transition
sequence does roughly coincide with expected gradients in
supply-demand imbalance. We further note that this under-
standing also holds in cases where measures of flux are
alternatively expressed on fixed-time basis (sec™"), which is
a finding that expectedly follows from appreciation that the
amplitude range for transition rates (FIG. 5) is many-fold
smaller than that seen for intrinsic flux (FI1G. 10).

[0215] Before proceeding, however, for completeness we
provide a quantitative summary of comparisons between the
intrinsic-flux measures for different pairings of breast and
subject group, similar to those already considered for the
rate constant and transition probability findings. Data in
flux-related nRMSD and correlation rows of Table 2 indicate
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that while gross trends across all parameter transitions are
highly correlated among the different groups, the range of
intrinsic-flux correlations for Hb components is notably
lower for the T-U pairing than for any of the others, and the
nRMSD is notably larger.

[0216] Returning to FIG. 10, a more granular examination
of the contrast features reveals that while amplitudes do
smoothly vary, there also is evidence that different compo-
nents of the hemoglobin signal exhibit preferred transition
types.

[0217] To gain a better understanding as to the factors that
might serve to facilitate these preferences, we have made
separate examinations of the amplitudes of each component
during the pre-transition and post-transition time frames, for
measures obtained from control subjects. These results are
shown in FIG. 11.

[0218] Plotted in FIG. 11(a) is the average amplitude,
relative to the temporal mean, of the concentration or
saturation at the beginning of the pre-transition time inter-
val, while FIG. 11(b) shows the corresponding values at the
start of the post-transition interval. Inspection reveals two
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host of factors that may or may not explicitly depend on the
suggested mechanism. Continuing with the chemical reac-
tion analogy, the relation considered here (between intrinsic
fluxes and the pre- and post-transition concentrations) calls
to mind yet another phenomenon relevant to chemical
reactions, the property of mass action.

[0220] The Law of Mass Action states that the rate of a
chemical reaction is directly proportional to the product of
the concentrations (activity) of its reactants. Extension of
this understanding to the current study suggests that the
observed rates of transition flux are in some way propor-
tional to the amplitude patterns shown in FIG. 11. This
hypothesis can be evaluated by regressing the intrinsic
transition flux against the corresponding change in average
amplitude (i.e., concentration or saturation) between the
pre-transition and post-transition states. These results are in
shown in Table 3 below. Inspection shows that these quan-
tities are strongly correlated, but differ in their slopes (ranges
for the corresponding intercepts are 107°-10~ for AHbO,Sat
and 10712-107*° for the others, and in no case, is the intercept
significantly different from zero).

TABLE 3

Linear regression parameters obtained from fitting values for intrinsic

flux to the average differences between the AHb levels in the pre-

transition and post-transition states, for each Hb component.

Intrinsic flux vs. Average concentration (or saturation) difference

L R T U  xmean(l,R, U) y:std(L, R, U) (T-x)y
correlation & 0.969 0.969 0981 0.968 0968 0.00065 19.5
d 0965 0.966 0977 0.970 0967 0.0028 3.5
t 0994 0.994 0.996 0.993 0994 0.00070 39
s 0980 0.981 0.98 0.983 0981 0.0016 3.02
o 0953 0.959 0965 0.965 0959 0.0063 1.03
slope e 086 084 092 082 0.84 0.022 3.7
d 085 083 090 0.83 0.84 0.011 53
t 0354 054 060 056 055 0.014 4.1
s 093 091 095 091 091 0.010 39
o 065 064 073 0.3 0.64 0.0086 10.9
[0221] The existence of a linear dependence identifies that

prominent features. First, the pattern of amplitudes differs
for the different components. Also evident is that, while the
corresponding pre- and post-transition state amplitude maps
appear mainly as conjugate pairs (i.e., each is nearly the
transpose of the other), there is a notable relationship
between regions in the coeflicient maps having the greatest
deviation from the mean, and the associated flux amplitude
identified in FIG. 10. In particular, we observe that features
in the former category are, in every instance, roughly
spatially correlated with regions in the latter that have
reduced flux amplitudes.

[0219] The noted relationship between fluxes and the pre-
and post-transition amplitudes invites a comparison to a
body of well-established theory on factors influencing ther-
modynamics and kinetics of chemical reactions, and, in
particular, the influence of enzymatic transformations. For
instance, reactions that have low potential energy barriers
tend to occur more often than those with higher barriers. It
follows that the patterns of high and low flux regions seen
in FIG. 10 exist because the pre- and post-transition ampli-
tudes are proportional to “intrinsic energy barriers” that
serve to produce these patterns. We present this interpreta-
tion in the context of an analogy, with the understanding that
the true mechanism is likely complex and dependent on a

the factor driving flux rates is a first-order process. Never-
theless, as noted, because the applied methodology does not
distinguish behaviors among the principal tissue spaces, it
seems likely that the identified order is an amalgam of more
complex behaviors that actually do occur in these spaces.
While this trend is seen in both subject groups, the finding
of elevated slope values across all components of the
hemoglobin signal for the affected breast of the cancer group
indicates a disease bias. The observation that the AHbO,Sat
intrinsic flux is most sensitive to the gradient (i.e., slope is
closest to unity) suggests that changes in blood oxygenation
are favored over changes in blood volume to achieve steady-
state supply-demand balance.

[0222] b. Influence of Disease on the Distribution of Pre-
and Post-Transition Component Amplitudes

[0223] To gain additional understanding of the observed
disease bias on what appears as a mass action effect, we have
computed the inter-breast relative differences in both the
pre- and post-transition component amplitudes, and have
compared these relative differences across subject groups.
The full comparison generates two parameter maps (one for
the pre- and one for the post-transition amplitudes) for each
component and subject group, and for brevity we limit our
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presentation of findings to only the AHbO,Sat component.
These results are shown in FIG. 12. Inspection reveals
several prominent findings.

[0224] The pattern of features in FIG. 12 differs qualita-
tively from those seen in any of the other feature maps. At
the grossest level of inspection, we find that each of the
identified parameter spaces [(i.e., State transition rate con-
stants (FIG. 5) and probabilities (FIG. 6), intrinsic flux (FIG.
10), pre- and post-transition component amplitudes (FIG.
11) and its associated sensitivity to disease (FIG. 12)] appear
mainly independent of each other, especially at the level of
individual State-component transitions. This finding is strik-
ing and strongly suggests that the composite of intrinsic
driving factors that serve to maintain steady-state supply-
demand balance in tissue exhibits differential sensitivity to
each of the elements of the hemoglobin signal. However, the
fact that three of these components, namely AHbO,Sat,
AtotalHb and AHbO,Exc, are not independent of the ampli-
tudes of AdeoxyHb and AoxyHb, suggests a degree of fine
tuning that, while grossly evident from the understanding
that modulation of blood delivery to tissue is continuous, has
nevertheless been difficult to quantify in the context of
specifically observable parameters.

[0225] Returning to the details of the parameter maps in
FIG. 12, inspection reveals additional features that warrant
comment. In the results for the breast-cancer subjects, we
observe that transitions to and from States 4, 5 and 9, 10 are
most affected and are the ones exhibiting the largest inter-
breast relative difference. This shows that the pre- and
post-transition amplitudes of these quantities have the great-
est sensitivity to the presence of disease. Having the lowest
disease sensitivity are transitions between States 2 and 7.
Not shown are grossly similar findings involving patterns
seen for the other Hb components. Thus we find instances
where the response to disease varies from a more general
influence on a class of transitions to one where the absence
of influence is mainly limited to a single type of transition.

[0226] c. Hb-Flux Coeflicient Trends Among Hb-Compo-
nents:
[0227] Whereas the above findings serve to identify a

relative independence of responses across the different fea-
ture spaces for individual Hb components or States, the high
dimensionality makes it is difficult to appreciate specific
trends among the various classes of information. This depen-
dence is shown in FIGS. 13 and 14.

[0228] Data represented in FIG. 13 is a replot of AHb
intrinsic fluxes, similar to those plotted in FIG. 10, but
obtained from the affected breast of the breast-cancer group,
with the intrinsic-flux amplitudes presented in the form of
bar graphs. As in the 10x10 plots already considered, the
column index encodes the state that the transitions proceed
from and the row index indicated the state that is transitioned
into. Inspection reveals that the amplitude for each compo-
nent smoothly varies when we compare values that corre-
spond to a clockwise or counter-clockwise progression
among the states identified in FIG. 1. Also seen is that the
maximum amplitude that a given component has is associ-
ated with preferred states, as would be expected from the
orientation of the various axes to each other (see FIG. 1). For
instance, we find that the largest amplitude for AHbO,Sat
occurs in transitions between States 5 and 10. A largely
similar response, but broadened to include transitions
involving States 4 and 9, is seen for AHbO,Exc, AdeoxyHb
and AoxyHb. A notably different trend is seen for AtotalHb,

Apr. 25,2019

where the highest-flux transitions are those between one of
States 1-3 and one of States 6-8.

[0229] While these general trends are not overly surprising
in view of the orientations of the component axes, the
observation that there are subject-group differences in the
mean amplitudes of each component (e.g., different orien-
tations of elliptical patterns seen in FIGS. 4 and 7) facilitates
appreciation of these trends. To highlight this effect, in FIG.
14 we replot the amplitudes shown in FIG. 13, pairing the
flux values of the two independent quantities, AdeoxyHb
and AoxyHb. Additionally, we have color-coded the pairing
to indicate which state each transition type proceeds from.
Note that data presented in FIG. 14 differs from that shown
in FIGS. 7, 8, in that the former are derived from only the
combinations of voxel and time frame that participate in
transitions, while the latter consider the entire image volume
and all the measurement time frames.

[0230] Shown in FIGS. 14(a) and 14(b) are the group-
level responses for tumor-bearing breasts and for the unaf-
fected contralateral breasts, respectively. Seen are two
classes of information; paired transition-flux amplitudes
(colored solid and dashed lines), and paired mean-amplitude
values for a given state (gray lines); both information classes
are extracted from time-series image data for only the
combinations of voxel and time-steps that participated in
transitions (Note that the similarity between gray curves and
the colored curves plotted in FIG. 7. However, consistent
with the smaller-than-unity regression slopes reported in
Table 2, the former do not extend as far along the coordinate
axes as the latter do). Also evident is that the former
constitute a set that have a common intersection at the
origin. This intersection follows from the definition that
voxels that have not undergone a transition between the
previous time step and the current one (so that the “from”
state is the same as the “to” state) have a transition flux of
zero. Each line color corresponds to transitions into a
common state. Thus, the red color identifies transitions into
State 1 from all other states. Successive transitions into the
common state are identified by proceeding from the origin in
the counter-clockwise direction. It follows that the point on
the red curve that is connected to the origin and located in
the second Cartesian quadrant corresponds to the transitions
from State 2 into State 1. Similarly, the point connected to
the latter and proceeding in the counter-clockwise direction
corresponds to transitions from State 3 into State 1. A similar
process assigns points on the solid blue, green, cyan and
magenta curves to transitions into States 2, 3, 4 and 5,
respectively. Thus, the blue point one counter-clockwise
position removed from the origin corresponds to transitions
from State 3 into State 2. Data for transitions into States 6-10
are identified by the colored dotted lines. Note that, because
the transition fluxes among a given pair of states is substan-
tially antisymmetric (i.e., if ® is the flux for the AB
transition, then that for the BA transition will be close to
-®), data values plotted for transitions into States 6-10
amounts to a 180° rotation about the origin of those plotted
for States 1-5.

[0231] Comparison of FIGS. 14(a) and 14(b) reveals two
prominent observations. Most evident is the greater disper-
sion of values about the origin, with a distinct ellipsoidal
elongation along the AHbO,Exc axis (Cartesian quadrants 11
and 1V) in the result obtained from affected breasts [FIG.
14(a)]. The corresponding trends for unaffected breasts
[FIG. 14(b)] have reduced dispersion about the origin and a
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relative clockwise rotation of points. These differences are
similar to the orientations seen in the FIG. 4 scatterplots and
reflect a bias in the ability of the affected breast to maintain
steady-state supply-demand balance. Different, however, is
the amplitude for each set of transitions into a common state
compared to the mean amplitudes within the state. Taking a
larger view, the plots provide a significantly more granular
appreciation of qualitative and quantitative differences
among the different subject-breasts pairings than could be
appreciated without considering the transition-flux ampli-
tudes. Overall, these and the amplitudes of the other iden-
tified coeflicients reveal a dense matrix of values that
become available only from examination of the co-varying
elements of the hemoglobin signal using the described
finite-state transition representation.

[0232] d. Amplitude Maps of Weighted Transition Mass
Values
[0233] As noted in Methods, we recognize that composites

of coeflicient amplitude values [Egs. (7)-(9)] have the poten-
tial to reveal other features not readily revealed from exami-
nation of the intrinsic coefficients values. One feature of
interest is the quantity we refer to as the ‘transition mass’,
which is the product of the intrinsic flux amplitude for a
given component and the transition probability. This quan-
tity holds significance, as it best describes the overall
quantity of Hb component that participates in transitions of
a particular type. Because the transition probability (FIG. 6)
varies significantly over the set of transition types and is
weakly correlated with the patterns seen in the component
flux maps (FIG. 10), it can be expected that the correspond-
ing weighted-flux coefficient map will also differ signifi-
cantly from its unweighted counterpart. Shown in FIG. 15
are selected plots of this coeflicient space for AtotalHb and
AHbO,Sat.

[0234] Plotted are 10x10 maps of the transition-mass
amplitude for tumor-bearing breasts, and the relative differ-
ence in amplitude when this is compared to the correspond-
ing data for the contralateral unaffected breast. Findings for
AtotalHb and AHbO,Sat are shown in FIG. 15(a),(b) and
15(c),(d) respectively. Inspection of these weighted flux
maps reveals a transition dependence that differs substan-
tially from those for the intrinsic-flux amplitudes (FIGS. 10
and 13). Here we find that only a selected few transition
types appear to dominate the overall pattern. It is also
apparent that the distribution of these among the various
transition types differs between the two Hb components.
Favored for AtotalHb [FIG. 15(a)] are transitions mainly
among States 4, 5, and 9 and 10. In contrast, the pattern seen
for AHbO,Sat [FIG. 15(c)] strongly favors transitions
between either 4 or 5 with either 9 or 10, with reduced
amplitudes for adjacent transition types. Patterns grossly
similar to the latter are found for the other Hb components
(not shown). Also shown in FIG. 15 is the pattern of relative
changes in transition mass when the affected and unaffected
breast patterns are compared [15(5),(d)]. Inspection reveals
that the dependence on transition type obtained is qualita-
tively different from similar comparisons presented above
(cf., FIG. 12). Common to both Hb components are regions
where the relative difference value is depressed in the
affected individuals and others where it is notably increased.
As measures of m constitute a composite quantity that
includes P, it is not overly surprising that the finding that
trends in bilateral breast comparisons of affected subjects are
grossly similar to that seen for seen for P. Nevertheless, the
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details of these trends differ among the different coefficient
classes (cf, FIG. 6¢), indicating that the influence of disease
varies across the various coefficient spaces.

[0235] Data in mass-related nRMSD and correlation rows
of Table 2 indicate that, similar to the previously considered
intrinsic fluxes, the transition-mass correlations for all Hb
components are notably lower for the T-U pairing than for
any of the others, and the nRMSD is notably larger.
[0236] 3. ROC Findings

[0237] Finally, shown in FIG. 16 are results from ROC
analyses (univariate AUC measures) applied to two classes
of weighted coeflicient values for AHbO,Sat: flux amplitude
weighted by the rate constant [Eq. (8), FIG. 16(a)], and the
transition mass [Eq. (7), FIG. 16(b)]. Inspection reveals that
for the former most of transition coeflicients exhibit AUC
values in the 80-90% range. Different from this is a distinct
checkerboard pattern seen in the transition-mass case. We
consider this finding as additional evidence that the various
elements of the coeflicient space examined carry qualita-
tively different information.

Description of Alternative Embodiments

[0238] 1. Extensions and Generalizations of Specific Pre-
ferred-Embodiment Features

[0239] The invention is not dependent on the specific
values assigned to any of the parameters, and can be
modified in any of the following ways.

[0240] (The three following alternative embodiments are
in reference to “Relationships among co-varying elements of
the Hb signal”™)

[0241] Al. The number of Hb-states defined can be either
less than or greater than 10, and a state corresponding to any
specifiable angular sector of the space depicted in FIG. 1 can
be defined (e.g., State A is defined as the set of all points
lying between rays inclined at angles of B degrees and C
degrees with respect to the horizontal axis).

[0242] A2. The definition of a Hb-state can take distances
of points from the coordinate-system origin into account, in
one or more coordinate directions, in addition to the angular
information (e.g., State A is defined as the set of all points
lying between rays inclined at angles of B degrees and C
degrees with respect to the horizontal axis, with values for
AdeoxyHb of at least D mol-I.™ and at most E mol-L.™*, and
with values for AoxyHb of at least F mol-L™! and at most G
mol-L71).

[0243] A3. A reference point other than the resting-state
temporal mean value can be used for defining temporal
fluctuation values (e.g., AtotalHb), i.e., for defining the
origin of the coordinate system. Different reference points
may be chosen for different components of the Hb signal.

[0244] (The three following alternative embodiments are
in reference to “Quantification of inter-state Hb-transition
coeflicients™)

[0245] BI. Transition counts may be based on the Hb-state
of the v* voxel in the t” time frame and at a fixed number
n of time frames later. In this case the time interval not may
be taken as an additional control parameter, and a count-
vs.-n function generated [R. L. Barbour and H. L. Graber,
“Characterization of hemoglobin dynamics as a co-varying
system in the resting state: Evidence of functional bias of
preferred states and sensitivity to disease,” Poster #220 at
2016 Biennial Meeting of The Society for Functional Near
Infrared Spectroscopy (Paris, Oct. 13-16, 2016)].
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[0246] B2. The transition counts for each post-transition
Hb-state can take into account not only the immediately
preceding state but also the one before that. Generalizing,
for any positive number k, k=1, 2, 3, . . ., the k states prior
to the immediate predecessor may be taken into account. As
an example, instead of a single count of all transitions from
State 1 into State 2, an alternative embodiment could per-
form nine separate counts, cotresponding to the nine states
that may have preceded State 1: 2—1—2, 4—1-2, etc.
[0247] B3. Transition counts need not be evaluated at the
level of individual voxels, but may consider 2 or more
voxels defining a region on either an anatomical (e.g.,
physically contiguous) or functional (e.g., all have initial
values of AtotalHb and AHbO,Exc¢ within specified ranges)
basis. As multiple voxels need not all be in the same
Hb-state, rules would be specified for determining which
pre- and post-transition states to count (e.g., the median
state-value for all voxels in the defined cluster) and for when
to count them (e.g., after one or more fixed values of n, or
after a majority of voxels in the cluster have undergone a
single direct transition).

[0248] (The seven following alternative embodiments are
in reference to “Computation of State Transition Probabil-
ity”)

[0249] Cl1. As mentioned in Al, the number of defined
Hb-states, N, may be different from 10. In general, the sizes
of the first and second dimensions of the accumulator array
will be N

[0250] C2. As mentioned in B1, a fixed time-interval rule
for counting transitions may be adopted. If this is done, then
the f=i elements of the accumulator array will not be
superfluous. A corollary is that the corresponding definition
of P, would not contain a factor of 1-9, in its denominator.
[0251] C3. As mentioned in B1, a fixed time-interval rule
for counting transitions may be adopted. If this is done, then
it is appropriate to compute transition probabilities for
individual values of the time lag n, rather than to sum over
them. Thus, the transition-probability formula becomes (tak-
ing into account the modifications described in C2 and C3)

10 10

Pi(n) = 100Aﬁ(n)/2 > g,

f=1 =l

[0252] C4. The rule for incrementing the values stored in
elements of the accumulator array will be determined by the
manner in which transitions are defined. If a fixed time-
interval method is adopted, then the value in the [s(v,t+nAt),
s(v,t),n]” element of the accumulator array is increased by 1
whether or not s(v,t+nAt)=s(v,t) (and this would result in
positive counts accumulating in the =i elements). In addi-
tion, when the n-frame time lag is considered, all but the
final n time frames serve as pre-transition frames and all but
the initial n time frames serve as post-transition frames.

[0253] C5. In the place of constant increments, the incre-
ment added to the current value of an accumulator-array
element can be a function of the current value. For example,
incrementing by an amount directly proportional to the
current value would be the temporal analogue of the proce-
dure that produces “scale-free nets” [A.-L. Barabasi and R.
Albert, “Emergence of scaling in random networks,” Sci-
ence 286, 509-512 (1999)] when it is used to assign links
between new network nodes and currently existing ones. (In
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contrast, assigning links with a probability that is indepen-
dent of the current link number, which is the analogue of the
preferred-embodiment procedure, generates “exponential
nets” [R. Albert, H. Jeong, and A.-L. Barabasi, “Error and
attack tolerance of complex networks,” Nature 406, 378-
382 (2000)].) Use of non-constant increments may be con-
traindicated under all-resting-state conditions, if the start
time for data collection is arbitrary. However, it could prove
informative in, for example, the analysis of evolution to the
steady state following an experimental perturbation.

[0254] C6. Multiple accumulator arrays may be employed,
to enable separate counts of transitions occurring in different
segments of the measurement time period instead of a single
integration over all time. This ability could be important for
studies not performed under resting-state conditions. Even
in the case of resting-state studies, it would, for example,
allow for the evaluation of the hypothesis that the tissue
under study was not in a physiological steady state during
the measurement time course.

[0255] C7. The number of dimensions of the accumulator
array may be increased beyond 3, in order to allow for
simultaneous consideration of more than one scheme for
defining the accumulation increments. Another example
where inclusion of additional array dimensions would be
appropriate would be the case, described in B2, where
transition counts take account of more than one predecessor
Hb-state. Adoption of that approach would allow for com-
putation of transition joint-probabilities (e.g., the probability
that a voxel transitions first from State 2 to State 3, and then
to State 5).

[0256] (The two following alternative embodiments are in
reference to “Computation of State Transition Rate”)
[0257] D1. While the demonstrations of concept explicitly
consider only the mean time lag, the entire spectrum of
statistical moments (standard deviation, skewness, kurtosis,
etc.) can be defined and evaluated for differences among
subject populations or, within a single population or single
individual, among different tissue locations or among dif-
ferent segments of the measurement time period.

[0258] D2. The presented mean-time and rate formulas are
specific for the case where direct transitions are counted,
independently of the residence time in the “from” Hb-state.
If a fixed time-interval rule for counting transitions is used,
these parameters would be evaluated using methods known
in the art for evaluating the mean time spent in transient
states of a finite Markov chain [J. Komathy and Y. Peres,
“Lecture notes for Markov chains: Mixing times, hitting
times, and cover times.” Available online at http://www.tue.
nl/~jkomjath/SPBlecturenotes.pdf] or other types of autore-
gressive model [K. Sheppard, “Analysis of a single time
series.” Available online at https://www.kevinsheppard.com/
images/c/cf/Chapterd.pdf].

[0259] (The three following alternative embodiments are
in reference to “Quantification of transition-linked hemo-
globin-concentration and -saturation changes™)

[0260] E1. The rules for accumulating changes in Hb-
signal component levels are tied to the rule adopted for
counting transitions. in the sense that the latter determines
which time frames are used for determining the increments
of concentration (or percent change in saturation). However,
the mathematical form of the equation is the same in all
cases.

[0261] E2.If a transition-counting method is adopted that
is based on spatial regions containing more than a single
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voxel (for example, the approach outlined in B3), then a
corresponding modification would be made to the method
used to compute the concentration and percent change
increments. As an example, suppose a counting method
mentioned in B3 is implemented: a transition is counted
when a majority of voxels in the region have undergone a
single direct transition, and the regional median Hb-state-
values are taken as the “from” and “to” states. Then the
pre-transition and post-transition concentrations (percent
saturations) would be averaged over the same subsets of
voxels that determined the identities of the “from™ and “to”
states. Other potentially useful information could be
obtained by simultaneously accumulating [in a second set of
arrays maintained in parallel with those defined in Egs.
(4),(5)] the complementary changes averaged over the sub-
sets of voxels that were in states different from those
determined by the regional medians.

[0262] E3. Results of the Ay, A, Ay, Ag and A4 (but not
A ) calculations could be affected by changing the specific
time frames in the pre- and post-transition intervals that are
used for determining the concentration (percent saturation)
increments. These effects can be quantified by calculating
changes in signal levels for multiple specific pairs of pre-
and post-transition time frames, or by calculating the means
and standard deviations of the signal-level changes across all
pairings of pre- and post-transition time frames. Implemen-
tation of either alternative would entail definition of addi-
tional accumulator arrays or of additional dimensions in the
original set, with the statistical moments option having the
advantage that the exact number of additional array elements
required is knowable a priori.

[0263] (The following alternative embodiment is in refer-
ence to “Transition ‘flux’ computation”) F1. Summation
over all values of n is specifically appropriate for the case
where direct transitions are counted, independently of the
residence time in the “from” Hb-state. For other transition-
counting schemes, for example a fixed time-interval rule, it
may be preferable to instead compute the full range of
¢(f;i,n) values for the different time lags. Thus ¢,(fi,n)
=A ({,i,0)/A;(f,1,n). If desired, averages across ranges of n
can be computed subsequently.

[0264] (The following alternative embodiment is in refer-
ence to “Computation of weighted transition fluxes”)

[0265] G1. The same modifications are appropriate for
Egs. (7)-(9) as were already described in reference to Eq. (1)
and Eq. (6). Thus the formulas for the time lag-dependent
transition mass, rate-weighted flux and rate-weighted mass
are

10 10

my(fsism)= Padx(f, iyn) = 100Ax (£, i) / >3 Arc),

F=1 =L
kgdx(f, i, m) = Ax(f, i, m)/ 75, and

10 10
kgmy(f. i, n) = 100A (£, i n)/[rﬁz > Are(f i, n)},

f=1 =

respectively. As indicated in D2, the method appropriate for
computing the mean value for the time lag depends on the
transition-counting rule adopted.
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[0266] 2. Additional Alternative-Embodiment Consider-
ations

[0267] a. Applicability of Formal Language Theory
[0268] We believe that access to a dense feature space of

substantially independent coefficients may support develop-
ment of new approaches to computational modeling or new
analysis strategies. This brings to mind a more basic under-
standing of factors contributing to information transduction.
For instance, discrete-valued information such as sequences
of Hb-states can be formally regarded as arbitrary-length
“words” in a language having a 10-“letter” alphabet. The
same concept applies equally well to sequences of transi-
tions between the current state and its predecessor (for a
90-letter language), the current state and last two predeces-
sors (810 letters), etc. The structures and constraints that
may be concealed in these sequences are unknown a prior,
and it is prudent to adopt analysis strategies that can handle
arbitrary degrees and types of complexity. Work in other
fields has shown that formal language theory (FLT) is
well-suited for the type of situations that we are faced with
[M. Gheorghe and V. Mitrana, “A formal language-based
approach in biology,” Comparative and Functional Genom-
ics 5, 91-94 (2004)]. As an example of a goal that is
conceptually straightforward, one might seek to use FLT to
characterize the level in the Chomsky hierarchy that corre-
sponds to a state- or transition-derived language, or to
determine a set of grammatical rules from which the
sequences can be derived [W. T. Fitch and A. D. Friederici,
“Artificial grammar learning meets formal language theory:
An overview,” Phil. Trans. R. Soc. B 367, 1933-1955
(2012)]. Such information could then be used for evaluating
a research goal such as whether the hierarchy level or the
number or specific content of grammatical rules differs
among different subject groups. Examples of criteria that
may be used for differentiating these groups include: the
presence or absence of pathology, different levels of distrac-
tion (brain studies), or fatigue or stress in cases where the
aim is to appreciate factors affecting overall performance in
high stress environments.

[0269] However, the type of undertaking suggested here is
more challenging than the sorts of biological questions that
typically are addressed using FLT-based methods [W. T.
Fitch and A. D. Friederici, Phil. Trans. R. Soc. B]. The
reason is that at least two considerations render the solution
non-unique: first, when the information one has about a
language consists of a finite number of letter sequences, then
grammatical structures able to derive them all can be found
at any hierarchical level, provided that no limit is placed on
the number of rules [W. T. Fitch and A. D. Friederici, Phil.
Trans. R. Soc. B; G. Jager and J. Rogers, “Formal language
theory: Refining the Chomsky hierarchy,” Phil. Trans. R.
Soc. B 367, 1956-1970 (2012)]; second, even if the hierar-
chical level is specified in advance, typically it is possible to
determine multiple sets of grammatical rules that can derive
all of the available sequences [G. Jager and J. Rogers, Phil.
Trans. R. Soc. B]. Accordingly, a strategy that incorporates
multiple criteria is required to decide which, among many
combinations of hierarchy level and grammatical-rule sets,
is optimal. At minimum, the idea would be to simultane-
ously minimize the required hierarchical level and the
required number of grammatical rules. (This approach is
suggested in analogy to what is done in dynamic causal
modeling computations to select the “best” model of effec-
tive connectivity from among many hypotheses: there, the



US 2019/0117146 Al

algorithm strikes a balance between high goodness-of-fit to
experimental data and low model complexity [K. E.
Stephan, W. D. Penny, J. Daunizeau, R. J. Moran, and K. 1.
Friston, “Bayesian model selection for group studies, ” Neu-
rolmage 46, 1004-1017 (2009)].) We also would anticipate
making extensive use of cross-validation techniques [S.
Arlot and A. Celisse, “A survey of cross-validation proce-
dures for model selection,” Statistical Surveys 4, 40-79
(2010)], to test for overfitting and to evaluate the sensitivity
of different combinations of hierarchical level and gram-
matical rules to the order of data presentation.

[0270] b. Electrical Network Analogies

[0271] While the noted understandings from FLT consti-
tute a particular alternative approach to increasing the type
and quantity of information that could be extracted from
fNIRS time-series data, methods for expressing features in
terms of other quantities that have biological relevance but
are not directly observable are also available. Thus we
acknowledge the potential to extend the network represen-
tation considered here into one where the goal is to derive
coeflicients from a hidden network of coeflicients that reflect
features corresponding to details of feedback mechanisms.
In particular, we consider the framework of a DC electrical
network [K. S. Suresh Kumar, Electrical Circuits and Net-
works. Pearson Education Canada (2009). ISBN 978-
8131713907], in recognition of the analogies that can be
drawn between P (or P4d{f,1)=m,) and k5 to the electrical
current and conductance (i.e., 1/resistance) represented in
Ohm’s Law. Connection to the physiological processes
underlying observed patterns of state transition coefficients
comes from an understanding that real-world electric-circuit
networks are typically based on a distribution of power
sources required to drive various specialized functionalities.
As our State-flux representation considers behaviors that
originate on a macroscopic scale within inhomogeneous
underlying tissue architecture, it seems likely that the factors
that modulate the Hb signal will also influence features of
the state network in a distributed manner. Consequently, our
attention in formulating a network representation has been to
devise a scheme that allows for derivation of coefficients that
correspond to such distributions.

[0272] The definitions of k, P, and ¢(fi) suggest a
cotrespondence between k; and electrical conductance, and
likewise between either P, or P,(f,i) and current. (The P,
values are “transition currents” if transitions are analogized
to a type of particle, while P.¢,(f.i) values are concentra-
tion-change currents or saturation-change currents.) The
different co-variational states can be likened to nodes in an
electrical network, and the quantity 1/k, to the value of a
resistor that conducts current from the i node to the j*
(more strictly, a resistor in series with an ideal diode, to
allow for k, kJ. These correspondences bring to mind at
least two additional analogies to properties of electrical
circuits.

[0273] 1) A new quantity corresponding to voltage can be
defined, by applying an analogue of Ohm’s law to the
transition-probability and rate values:

ks ok i 14
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[0274] where X is any of the Hb-signal components D, E,
O, Sor T in Eq. (5).

[0275] 2) In the typical framing of electrical-network
analysis problems [T. R. Kuphaldt, “DC Network Analysis,”
Chapter 10 in Lessons in Electrical Circuits, Volume I—DC,
5" Ed. Open Book Project (2006). Available online at
https://www.allaboutcircuits.com/textbook/direct-current/],
the resistances and applied electromotive forces (EMFs) are
known quantities and the voltages and currents are the
unknowns that are solved for. A different, inverse, version of
the problem is suggested here, in that the currents and
resistances are known quantities, and what must be found is
an EMF or combination of EMFs that would produce the
known currents, given the known structural (connectivity
and resistances) and dynamic (currents) properties of the
network. Assuming these quantities can be identified with a
degree of confidence, then the considered approach would
seem capable of amplifying our understanding of the actions
of feedback mechanisms whose influences can be directly
observed but whose details remain hidden.

[0276] c. Applicability of Hb-State Concepts to Enhancing
Capabilities of Other fNIRS Analysis Strategies

[0277] The potential to express properties of the defined
states in terms of their sensitivities to more primitive behav-
iors is one that we have previously recognized. Here we
refer to a methodology recently described by our group,
which demonstrated that cross-domain moments of spa-
tiotemporal behaviors (i.e., mean, variance) can be distin-
guished in terms of their sensitivity to these primitive
behaviors [H. L. Graber et al., Medical Physics]. While here
our emphasis 1s on exploration of data features that undergo
specific Hb-state transitions, we also recognize that the
cloud of points corresponding to each state (e.g., see FIG. 4),
can be represented as a time series. In fact, because each
state 1s a composite of the five elements of the Hb signal, five
time series can be defined for each state. For each of these
it can be shown that there are fourteen nontrivial cross-
domain (space-time) moments that can be defined (i.e., the
eight that are considered in Ref. Graber et al. plus an
additional six, five of which would be trivial (because
always exactly zero) should the Hb signal not be separated
into Hb-states). Our interest in these quantities is motivated
by the expectation that as the underlying drivers of tissue-
vascular coupling vary (e.g., as they are influenced by
actions of disease), they can imprint different spatiotemporal
behaviors that are sensitive to the indicated primitives. Thus
we acknowledge that in addition to the above-described
transition-dependent network properties, representations of
bulk features of the network may add to the differential
information that is accessible.

[0278] d. Extension to Other Conceptual Domains in
Graph Theory
[0279] As a separate avenue for potential future develop-

ments, it has been noted above that the range of network
indices herein described spans a subset of the broader field
of graph theory (which is, in turn, a subset of the even
broader field of discrete mathematics). In particular, strong
analogies can be drawn between the network features
emphasized in the preferred embodiment (e.g., transition
probabilities, rates, fluxes, masses) and graph-theory meth-
ods developed for analysis of substrate concentrations and
fluxes (i.e., rates of substrate production and consumption)
as determined by the actions of enzymes linked together in
functional networks (i.e., for metabolomics) [C. H. Schilling
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and B. O. Palsson, Proc. Natl. Acad. Sci.]. Consequently,
these parallels bring the expectation that algorithms used to
analyze the functioning of networks into elementary flux
modes [S. Schuster, T. Dandekar, and D. A. Fell, “Detection
of elementary flux modes in biochemical networks: A prom-
ising tool for pathway analysis and metabolic engineering, ”
Trends in Biotechnology 17, 53-60 (1999] can also be
applied to the network of Hb-flux states, to determine
whether pathway preferences exist and, if so, if there are
informative differences between the dominant pathways for
different subject populations, or among individuals within a
population.

[0280] Further, the preceding can be extended by recog-
nizing that the mathematically defined network of states that
is subjected to the analysis may include other nodes in
addition to the Hb-flux states. For example, a goal of the
analysis may be to evaluate one or more hypotheses regard-
ing the role of known biochemical or physiological pro-
cesses in determining the observed transition probabilities,
rates, etc. Typically these processes are the entities of
ultimate scientific interest, but they are not directly observ-
able, at least not under the same experimental or clinical
conditions as the hemodynamic signal. Thus the Hb-flux
states constitute the “visible units” of the enlarged network,
while states of the physiological processes (e.g., levels of
specific metabolites, presence/absence of induced isoen-
zymes, levels of regulatory species) are the “hidden units”
[L. R. Rabiner, “A ttorial on hidden Markov models and
selected applications in speech recognition, "’ Proceedings of
the IEEE 77, 257-286 (1989)]. Connecting the network
nodes would be two types of “edges”: those that, on the basis
of either observation or fundamental biological understand-
ings, are known to exist between pairs of visible or pairs of
hidden nodes; and those that are hypothesized to exist
between a hidden node and a visible one. One goal of the
analysis considered here could be to determine, for each
hypothetical pattern of edges connecting the node classes,
values of edge weights [S. Umeyama, “An eigendecompo-
sition approach to weighted graph matching problems,”
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence 10, 695-703 (1988)] that would allow the hidden
fluxes to drive the observed ones while maintaining hidden
fluxes that are plausible physically (i.e., all irreversible
reactions proceed in the correct direction) and biologically
(i.e., all flux magnitudes fall between established lower and
upper limits) [C. H. Schilling, D. Letscher, and B. O.
Palsson, “Theory for the systemic definition of metabolic
pathways and their use in interpreting metabolic function
from a pathway-oriented perspective, ” J. Theoretical Biol-
ogy 203, 229-248 (2000)]. A related goal could be to select
among different hypotheses, based on the sensitivities of
network fluxes to perturbations of the computed edge
weights. The latter application is conceptually similar to
established strategies used to analyze fMRI and fNIRS data
for the purpose of selecting among models of effective
connectivity between brain regions [K. E. Stephan et al.,
Neurolmage 46].

[0281] Also understood is that other complementary set of
indices for characterizing networks—e.g., average path
length, diameter, average clustering coeflicient, centraliza-
tion, various centrality measures (degree, closeness,
betweenness, eigenvector, and subgraph centrality), match-
ing index [G. A. Pavlopoulos, M. Secrier, C. N. Moscho-
poulos, T. G. Soldatos, S. Kossida, J. Aerts, R. Schneider,
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and P. G. Bagos, “Using graph theory to analyze biological
networks,” BioData Mining 4 (2011)]—is available. The
preferred embodiment does not explicitly consider these, for
the reason that the functional network if Hb-flux states
constitutes a complete graph [G. A. Pavlopoulos et al.,
BioData Mining], which is to say that every element in its
adjacency matrix [G. A. Pavlopoulos et al., BioData Mining)
is equal to 1. As such, none of the mentioned network
indices would have non-trivial values. However, meaningful
network-index values can be obtained by substituting a
weighted adjacency matrix [S. Umeyama, /IEEE Transac-
tions on Pattern Analysis and Machine Intelligence] for the
more familiar type in which each element simply indicates
the presence (1) or absence (0) of a direct connection. The
preferred embodiment generates a set of quantities that can
be taken as adjacency weight values: transition probability,
rate, flux, mass, rate-weighted flux, and rate-weighted mass.
Index values thus generated could be interpreted as features
of the underlying networks, and evaluated to test for the
presence of informative differences between subject popu-
lations, or among individuals within a population.

[0282] The preceding discussion has used the concept of
networks in a qualitatively different manner that which is
considered in the field of machine learning using artificial
neural networks [A. K. Jain, J. Mao, and K. M. Mohiuddin,
“Artificial neural networks: A tutorial,” IEEE Computer
Magazine, March 1996, 31-44; L. J. Lancashire, C. Lemetre,
and G. R. Bal, “An introduction to artificial neural networks
in bioinformatics—application to complex microarray and
mass spectrometry datasets in cancer studies,” Briefings in
Bioinformatics 10, 315-329 (2009]. We are aware that some
of the data analysis efforts suggested by the above enlarged
networks can become computationally challenging. It is of
course plausible to use network-based (in the machine-
learning sense) techniques to use network-based (in the
machine-learning sense) techniques to search for plausible,
or even optimal, solutions to problems such as the previ-
ously described analysis of connectivity between the visible
and hidden parts of a composite functional network.
[0283] Having described certain embodiments of the
invention, it should be understood that the invention is not
limited to the above description or the attached exemplary
drawings. Rather, the scope of the invention is defined by the
claims appearing hereinbelow and includes any equivalents
thereof as would be appreciated by one of ordinary skill in
the art.

What is claimed is:
1. A non-invasive method of detecting breast cancer in a
patient, comprising the steps of:

non-invasively measuring at least two hemoglobin signal
components of hemoglobin levels in at least one breast
of the patient over time;

measuring first time varying changes of at least a first of
said hemoglobin signal components with respect to at
least second time varying changes of a second of said
hemoglobin signal components;

generating a co-varying coordinate system of said plural-
ity of time varying changes; and

detecting any cancerous tissue in the measured breast
from a signature of the measured breast in said co-
varying coordinate system which differs from a signa-
ture of non-cancerous tissue in said co-varying coor-
dinate system.
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2. A non-invasive method of detecting breast cancer in a
patient according to claim 1, further comprising the step of
detecting transitions of said hemoglobin signal components
from at least one hemoglobin state to another hemoglobin
state;

determining rates of said transitions;

mapping values of said rates of said transitions; and

discerning patterns in said values indicative of presence or

absence of cancerous tissue.

3. A non-invasive method of detecting breast cancer in a
patient according to claim 1, wherein five hemoglobin signal
components are measured: oxyHb, deoxyHb, total Hb
(totalHb=oxyHb+deoxy Hb), Hb oxygen saturation
(HbO,Sat=(oxyHb/totalHb)*100), and tissue-hemoglobin
oxygen exchange HbO,Exc (deoxyHb-oxyHb).

4. A non-invasive method of detecting breast cancer in a
patient according to claim 1, wherein said first measuring
step further comprises the step of measuring the tissue
optically.

5. A non-invasive method of detecting breast cancer in a
patient according to claim 4, wherein said optical measuring
step further comprises the steps of:

illuminating the breast with light; and

measuring at least one of diffusely transmitted or back-

reflected light from the breast.

6. A non-invasive method of detecting anomalous tissue
in a patient, comprising the steps of:

non-invasively measuring at least two hemoglobin signal

components of hemoglobin levels in at least one seg-
ment of tissue of the patient over time;

measuring first time varying changes of at least a first of

said hemoglobin signal components with respect to at
least second time varying changes of a second of said
hemoglobin signal components;

generating a co-varying coordinate system of said plural-

ity of time varying changes; and
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detecting any anomalous tissue in the measured segment
of tissue from a signature of the measured segment of
tissue in said co-varying coordinate system which
differs from a signature of non-anomalous tissue in said
co-varying coordinate system.

7. A non-invasive method of detecting anomalous tissue
in a patient according to claim 6, further comprising the step
of detecting transitions of said hemoglobin signal compo-
nents from at least one hemoglobin state to another hemo-
globin state;

determining rates of said transitions;

mapping values of said rates of said transitions; and

discerning patterns in said values indicative of presence or

absence of anomalous tissue.

8. A non-invasive method of detecting anomalous tissue
in a patient according to claim 6, wherein five hemoglobin
signal components are measured: oxyHb, deoxyHb, total Hb
(totalHb=oxyHb+deoxy Hb), Hb oxygen saturation
(HbO,Sat=(oxyHb/totalHb)*100), and tissue-hemoglobin
oxygen exchange HbO,Exc (deoxyHb-oxyHb).

9. A non-invasive method of detecting anomalous tissue
in a patient according to claim 6, wherein said first measur-
ing step further comprises the step of measuring the tissue
optically.

10. A non-invasive method of detecting anomalous tissue
in a patient according to claim 9, wherein said optical
measuring step further comprises the steps of:

illuminating the segment of tissue with light; and

measuring at least one of diffusely transmitted or back-
reflected light from the segment of tissue.

11. A non-invasive method of detecting anomalous tissue
in a patient according to claim 6, wherein the anomalous
tissue to be detected comprises at least one of cancerous
tissue or injured tissue.

I S T T



RiES

FRIRAA

REAAN

£
S\ EREERE

BEGF)

—THRNEBEAAREAR (NMELAAHZRMALR ) WERAMESE.
ERENEL-BREALHPMNABERAKTFNELHAIAMNLIERES D EMR [/

(/oo LT
HEFEALENE, ANFR-NIBAESsRNEsNERE,  [EEE] 00 VRV NT g
WEBESH-MARAESIRONERC, LhnExesrzes L) oA S Ca
Ro MR LH 45 R Ab RO B A 4L40 5 B0 R A0 MU B 9 48 —
AR BRREAREAR , RHES HRELN L RETRHEREE L

ANBAETE. Likh  MNERMHMAERESEHS : oxyHb , & O N DTN

HB , HHb ( totalHb = oxyHb +Bi&Hb ) , HOEMFE ( HbO 2 Sat = i
‘ ' s [ | — o

( oxyHb / totalHb ) * 100 ) FIHR - MAEHERERHDO 2 Exc ( A
Hb-E&Hb ) .

patsnap
ATRRAEFEHAPMAEFFESHMBMBIEFEN ST ZE , ATRNZREREMNA

US20190117146A1 NI (»&E)B 2019-04-25

US16/168402 RiEH 2018-10-23

BARBOUR RANDALL L
GRABER HARRY L
BARBOUR SAN LIAN S

BARBOUR, RANDALL L.
GRABER, HARRY L.
BARBOUR, SAN-LIAN S.

A61B5/00 A61B5/1455 A61B5/145

A61B5/4312 A61B5/7225 A61B5/0073 A61B5/0075 A61B5/14552 A61B5/7282 A61B5/14546 A61B5
/0091 A61B5/004 A61B2562/0233 A61B2576/02 A61B5/6823 G16H30/40

62/407883 2016-10-13 US

Espacenet USPTO

\
A

/
'

! /A

1

=

0
i -H - Lt D 7 (]
OMOLR R T St



https://share-analytics.zhihuiya.com/view/a62557b6-a3df-4c9b-a113-badbf6496a7d
https://worldwide.espacenet.com/patent/search/family/061906091/publication/US2019117146A1?q=US2019117146A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220190117146%22.PGNR.&OS=DN/20190117146&RS=DN/20190117146

