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(57) ABSTRACT

Spectral wvariation contributed from the absorbance of
unwanted correlated signals, such as blood at variable path-
lengths between an in vivo catheter optic probe and a
coronary vessel wall is an obstacle in the detection of
vulnerable plaque. Preprocessing methods are described to
reduce the impact of blood upon the spectral signal, based on
the principles of Orthogonal Subspace Projection (OSP) and
Generalized Least Square (GLS). The multivariate discrimi-
nation models used on the processed spectral information
reduce the number of independent factors that include
contributions from blood. The disclosed chemometric pro-
cessing including preprocessing methods provide for in vivo
spectral detection of medical analytes within the human
body and in particular within the coronary vessel wall. A
demonstration of how the preprocessing methods impact a
discrimination modeling technique is provided, how the
blood filters were developed and optimized, and finally how
the OSP and GLS blood filters correct the spectral signal and
improve the discrimination results of the models.
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MODEL FACTORS: 7 (WITHOUT FILTER), 5 (WITH GLS FILTER)
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SPECTROSCOPIC UNWANTED SIGNAL FILTERS
FOR DISCRIMINATION OF VULNERABLE
PLAQUE AND METHOD THEREFOR

RELATED APPLICATIONS

[0001] This application is a continuation in part applica-
tion of U.S. patent application Ser. No. 10/212,845, filed
Aug. 5, 2002, by Barbara Marshik-Geurts, Jing Tang, and
Andres Zuluaga entitled NEAR-INFRARED SPECTRO-
SCOPIC ANALYSIS OF BLOOD VESSEL WALLS. The
teachings of this application are incorporated herein in their
entirety by this reference.

BACKGROUND OF THE INVENTION

[0002] Chemometrics is the science of relating measure-
ments made on a chemical system or process to the state of
the system via application of mathematical or statistical
methods. It is many times used to predict the properties, such
as chemical composition, of structures based on their spec-
tral response.

[0003] The advantage of chemometric-based solutions is
that they can be faster and more generally applicable than
other approaches, such as direct chemical sampling. This is
especially true in medical applications. One example is
blood glucose monitoring, as commonly performed by dia-
betics. The spectroscopic transdermal chemometric assess-
ment of blood glucose levels has been proposed as an
alternative to the painful blood sampling that must be
performed many times per day, in some cases.

[0004] Another application concerns the assessment of the
state of blood vessel walls such as required in the diagnosis
of atherosclerosis. This is an arterial disorder involving the
intimae of medium- or large-sized arteries, including the
aortic, carotid, coronary, and cerebral arteries. Atheroscle-
rotic lesions or plaques can contain complex tissue matrices,
including collagen, elastin, proteoglycans, and extracellular
and intracellular lipids with foamy macrophages and smooth
muscle cells. In addition, inflammatory cellular components
(e.g., T lymphocytes, macrophages, and some basophiles)
can also be found in these plaques.

[0005] Disruption or rupture of atherosclerotic plaques
appears to be the major cause of heart attacks and strokes,
because, after the plaques rupture, local obstructive throm-
boses form within the blood vessels.

[0006] Although the risk of plaque rupture usually cannot
be predicted, many postmortem examinations have revealed
that this risk depends mainly on plaque composition. Most
ruptured atherosclerotic plaques are characterized structur-
ally by the formation of a large, soft, lipid-rich, necrotic core
covered by a thin fibrous cap, densely infiltrated by mac-
rophages. Of these features, lipid accumulation in so-called
“lipid pools” is the most frequently observed precondition
for rupture. Inflammation is also a major feature of nonrup-
tured, but eroded, thrombosed plaques.

[0007] Near infrared (NIR) spectroscopy can be used to
measure and mathematical, including statistical, techniques
applied to extract information from the lower resolution NIR
spectral data. Mathematical manipulations such as linear
regression of the spectral band of interest and classic least
squares and inverse least squares and other multivariate
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analysis tools are available for building quantitative calibra-
tions as well as qualitative models for discriminant analysis.

SUMMARY OF THE INVENTION

[0008] The objective is to build a system that has a
catheter that is moved through the blood vessels of the
patient’s body to a region of interest, such as the coronary
arteries, in vivo. Spectral data, such as in the NIR region, are
then acquired. In one embodiment, the spectral data are from
the NIR. In other examples, infrared, ultraviolet, or visible
radiation spectral data sets are used. In still other examples,
spectral data from fluorescence or Raman spectroscopy are
used. In any case, the collected spectral data are used as a
basis for chemometric analysis, to provide an assessment of
the risk of heart attack, for example, in spite of the presence
of spectral contributions from sources such as intervening
blood, water, saline, artificial blood, and tissue components
that are not related to the chemical constituents of interest.

[0009] A critical challenge here, however, concerns the
limited ability to control the conditions under which the
spectral data are acquired. Motion artifacts arise due to the
motion pumping action of the heart. Variability in the form
of the intervening blood/body fluid, pressure, pH and oxy-
genation levels are some examples of elements that contrib-
ute to the complexity of the analysis. Instrument-based
variations can also arise, such as drift in the light source and
optics over time, in addition to manufacturing variation
between catheters. Moreover, the system must be very
robust in order to function well in a clinical environment,
where operators may have varying levels of experience.

[0010] One of the most difficult problems concerns how to
address the existence of fluid, such as blood or an injected
fluid that is used to displace the blood, between the catheter
head, from which the signals are typically transmitted and
then possibly recovered, and the vessel walls that must be
analyzed. The scattering and absorbance from the interven-
ing fluid obscures the detection of the chemical composition
of the vessel walls. Moreover, the chemical composition of
the blood or fluid can vary over time in a patient and the
variation between patients can be substantial. Further, since
the catheter head is not pinned to one spot during acquisi-
tion, especially for these in vivo applications, the path length
of any optical signal through the blood is not necessarily
highly controlled and can also be quite long. Nonetheless,
the system must have good discriminatory ability providing
diagnostic results with high sensitivity and specificity, and to
accomplish this diagnostic feat a mathematical model is
built.

[0011] 1In spite of these problems the desired signal is the
spectrum of the chemical composition of the vessel wall and
specifically any plaque. Characterization of the plaque is
performed to determine whether it is vulnerable or not, i.c.,
a thin-cap fibroatheroma (TCFA) or non-TCFA. Other char-
acterizations to determine the existence of lipid rich athero-
mas, fibrotic or calcified lesions, or normal tissue are pos-
sible. The unwanted or undesired signal, is the scatter and/or
absorption from an intervening spectral constituent. Spectral
features arising from an unwanted signal, such as that from
blood, contains signatures from many variables, such as
water content, temperature, pH levels, matrix bonding
effects, and other chemicals, such as albumin, globulin,
protein, triglycerides, and urea, which may or may not be
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relevant to the characterization at hand and must be removed
or minimized as much as possible to permit reliable dis-
crimination of plaques.

[0012] The present invention concerns a method and sys-
tem for analyzing blood vessels in the presence of interven-
ing blood, saline flush or other unwanted spectral signals
such as artificial blood and tissue components. Specifically,
the system uses preprocessing or prefiltering, to remove or
diminish the contribution of the unwanted signal, such as
from blood, to the spectra that are collected from the patient.
After this preprocessing, the state of the blood vessel walls
is assessed using quantitative or qualitative/discriminant
analysis, for example. Thus, such problems as atheroscle-
rosis can be identified and/or characterized.

[0013] In general, according to one aspect, the invention
features a method for analyzing blood vessels in the pres-
ence of intervening unwanted spectral signals arising from
such elements as blood, saline flush, or angiographic dye
flush, for example. The process includes irradiating blood
vessel walls through the blood. A spectral response is then
collected, from which a spectral response of the blood vessel
walls is then found by removing a contribution of the
intervening unwanted spectral signals. Finally, the state of
the blood vessel walls is assessed in response to the vessel’s
spectral response.

[0014] In specific embodiments, the step of irradiating the
blood vessel walls comprises scanning a tunable source over
a spectrum of interest. Collecting the spectral responses then
comprises determining a time varying response of a detector
during the scanning of the tunable source to resolve the
spectrum. In another embodiment the irradiation step is
accomplished using a broad band light source where col-
lecting the spectral responses then comprises a time varying
response in the form of a time to frequency conversion such
as that performed by a Fourier Transform. In the preferred
embodiment, the spectral responses are based on the light
returning to a catheter head. That is, the catheter head both
emits the optical signal and then collects the returning light.
In other embodiments, however, a second catheter or other
detector could be used to collect the response.

[0015] In the preferred embodiment, the step of determin-
ing the spectral responses of the blood vessel walls com-
prises applying a filter optimized to remove the spectral
response or signature of the unwanted spectral component or
components. In one embodiment, the “unwanted signal”
spectra are collected ex vivo at a patient’s bedside or at a
relatively large distance from the blood vessel walls. In other
embodiments, the unwanted signal spectra are derived from
in vivo or ex vivo measurements to thereby maximize the
degree to which the spectra are characteristic of the blood or
other fluid that may intervene between the catheter head and
the vessel wall.

[0016] Inone embodiment, the filter is generated based on
information, i.e., spectra, from prior test samples of blood or
unwanted spectral signature, ex vivo or in vivo. However, in
another embodiment, the filter is generated dynamically on
a per patient basis, using the current patient’s own blood
sample or unwanted spectral signature, which is added to the
prior samples to build the filter. Finally, in still other
embodiments, the filter is generated dynamically using only
the current patient’s blood or unwanted spectral signature
for the filter.
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[0017] In one embodiment, the filter uses a generalized
least squares analysis, based upon mathematically influenc-
ing the increase and/or decrease, of both the wanted and/or
unwanted spectral signal. In another embodiment, the filter
uses an orthogonal subspace projection analysis based upon
mathematically decreasing the influence of the unwanted
spectral signal.

[0018] In its present implementation, the step of assessing
the states of the blood vessel includes performing a quali-
tative or discriminant analysis. In some cases the determined
spectral response of the blood vessel walls is passed to an
operator, who makes the final assessment. In other imple-
mentations, the assessment of the states of the blood vessel
includes performing a classification analysis.

[0019] Inthe present implementation, the step of assessing
the states of the blood vessel walls comprises determining
whether the blood vessel walls are comprised of lipid pools
(lipid-rich atheroma), disrupted plaques still containing
some amount of pooled lipid, fibrotic lesions, calcific
lesions, and/or normal tissue. Generally, the qualification,
e.g., discrimination or classification, models are either based
upon a two class or a single class model. In the two class
model, samples can either be classified as being in the class
of fibrotic, calcific, normal or other components or specimen
not representative of vulnerable plaques or in the class of
lipid pool, disrupted lipid pools, lipid pool/disrupted plaques
or other components or specimen representing vulnerable
plaques. A single class model would be classified based upon
the spectrum’s similarity or multivariate distance from lipid
pools, disrupted lipid pools, lipid pool/disrupted plaques, or
other components or specimen representing vulnerable
plaques.

[0020] In one embodiment, the step of assessing the states
of the blood vessel walls in response to the determined
spectral responses comprises classifying the states of the
blood vessel walls by means of regression analysis which
may employ Partial Least Squares (PLS), PLS Discriminant
Analysis (PLS-DA), Principal Component Regression
(PCR), Principal Component Analysis (PCA) and other
regression techniques to assess the spectral responses of the
walls in the different stages of coronary artery disease. In
another embodiment the assessment is made using other
pattern recognition techniques using intelligent machine
learning methods such as artificial neural networks, support
vector machines, or fuzzy logic.

[0021] In general, according to another aspect, the inven-
tion features a system for analyzing blood vessels in the
presence of intervening blood. This system comprises a
source of infrared radiation, such as a tunable laser in one
example, but is not restricted to this mode of radiation
generation. A catheter directs the radiation to the blood
vessel walls through intervening blood and collects radiation
returning from the blood vessel walls. A detector system
monitors the collected radiation, and a controller, such a
controller for a spectrometer or photometer, resolves the
spectral responses from the collected radiation detected by
the detector system. Finally, an analyzer is provided for
determining the spectral responses of the blood vessel walls
from the collected spectral responses by removing the
contribution of the unwanted signal, and then typically
generating an assessment of the state of a blood vessel walls
in response to the determined spectral responses.
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[0022] In general, according to still another aspect, the
invention features a method for de-emphasizing an
unwanted spectral response in a spectral response of a
structure of interest. In one embodiment, the method com-
prises generating a filter based on a spectral response of
blood, which has been collected at a relatively large distance
from the structure of interest, in this case the blood vessel
walls or through a blood depth provided in a well external
to the patient. A filter is then applied to the collected spectral
response, which includes the blood response, to generate the
spectral response of the structure of interest.

[0023] In general, it is desired to have a “spectral
response” that is only based on information from the
unwanted spectral signal, for example from blood or from
contrast fluid. In one embodiment, this spectral response
may include spectral information from other underlying
tissues or structures that do not contribute to the desired
signature. In another embodiment, the measured unwanted
spectral signal is selected to be one that is least influenced
by other structures or underlying tissue. The blood or fluid
volume needed for this step depends on the design of
catheter optics.

[0024] For a given catheter optical configuration, one way
to determine the amount of blood needed is as follows. First,
measure the spectra of blood at depth n. Then increase the
depth by some amount and measure again. Iterate this
process until the spectra no longer changes, which indicates
that there is no influence of the underlying structures or
tissue. The blood or fluid spectra could also be acquired by
collecting spectra at a relatively large distance from the
structure of interest or ex vivo in a specialized reference
well.

[0025] According to still another aspect, the invention
features a system for spectrally analyzing interior structures
of animals or humans in the presence of unwanted spectral
signature sources. This system comprises a source of radia-
tion and a catheter for directing the radiation to the interior
structures, which can then be directed through an interven-
ing medium or no medium, then collecting the radiation
returning from the interior structures. A detector system is
provided for monitoring the radiation from the interior
structures. A spectrometer controller generates the spectral
responses from the radiation detected by the detector sys-
tem. An analyzer determines spectral responses of the inte-
rior structures from the generated spectral responses from
the spectrometer controller by removing a contribution of
the medium, and then generates an assessment of the state of
the internal structures, in response to the determined spectral
responses of the internal structures.

[0026] In general, according to another aspect, the inven-
tion features a method for reducing the unwanted spectral
signal in the analysis of blood vessels. The method com-
prises collecting spectral responses of the blood vessels
along with the unwanted spectral responses. The unwanted
spectral contributions could be from sources such as inter-
vening blood, water, saline, contrast dye, artificial blood,
and tissue components that are not related to the chemical
constituents of interest. The collected spectral responses are
then processed to reduce the unwanted spectral signatures
relative to the blood vessel responses to generate determined
spectral responses of the blood vessels, which are used to
analyze the blood vessels.
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[0027] In the current invention, the method of generating
the spectral responses uses NIR spectroscopy. The spectral
responses are mathematically processed to remove offsets
and/or slopes, remove spectral scatter, or enhance the signal
to improve prediction accuracy. These processing methods
accomplished using algorithms processed by a computer
processor or embedded upon a chip, but the invention is not
restricted to these methods.

[0028] Processing the spectral responses can comprise
enhancing or up-weighting the blood vessel spectral
responses and/or de-emphasizing or down-weighting the
unwanted spectral signature. The unwanted spectral signal
can be based on temperature fluctuation, heart motion,
variation from the inconsistent pathlength due to different
intervening fluids or space between the catheter probe and
the blood vessel wall due to catheter motion, in addition to
spectral contributions from sources such as intervening
blood, water, saline, artificial blood, and tissue components
that are not related to the chemical constituents of interest.

[0029] In the section below it will be demonstrated that
advanced chemometrics techniques for scatter removal algo-
rithms, such as standard normal variate (SNV) and multiple
scatter correction (MSC), and signal filtering processes such
as orthogonal subspace projections (OSP) and generalized
least squares (GLS) can significantly improve the spectral
response of the lipid pool signal through an unwanted
spectral signal such as blood. The OSP and GLS blood filters
are able to extract the statistical characteristics of the vari-
ability of the unwanted signals and render them inconse-
quential to the model.

[0030] By combining several preprocessing/pretreatment
methods with the unwanted spectral signal filter, the models
significantly outperformed all other preprocessing methods.
These methods will allow in vivo models to be built that
disregard differences between each patient due to unwanted
spectral signatures from for example blood variability and
will allow for more robust models to be built.

[0031] The above and other features of the invention
including various novel details of construction and combi-
nations of parts, and other advantages, will now be more
particularly described with reference to the accompanying
drawings and pointed out in the claims. While this invention
will be particularly shown for NIR spectroscopy and analy-
sis methods will be described with references to preferred
embodiments thereof, it will be understood that the particu-
lar method and device embodying the invention are shown
by way of illustration and not as a limitation of the invention.
The principles and features of this invention may be
employed in various and numerous embodiments without
departing from the scope of the invention. The unwanted
spectral signal filter may be used in particular with blood or
in general with any undesired spectral signal that impedes
the assessment of the blood vessel walls.

BRIEF DESCRIPTION OF THE DRAWINGS

[0032] In the accompanying drawings, reference charac-
ters refer to the same parts throughout the different views.
The drawings are not necessarily to scale; emphasis has
instead been placed upon illustrating the principles of the
invention. Of the drawings:

[0033] FIG. 1A is a schematic block diagram illustrating
the spectroscopic catheter system to which the present
invention is applicable;
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[0034] FIG. 1B is a cross-sectional view of the catheter
head positioned for performing spectroscopic analysis on a
target region of a blood vessel;

[0035] FIG. 2 is a flow diagram illustrating a method for
analyzing blood vessels in the presence of intervening
blood, other fluid, or unwanted spectral signal according to
the present invention;

[0036] FIG. 3 is a flow diagram illustrating spectral pre-
processing for enhancing a spectral response of the blood
vessel walls according to one embodiment of the present
invention;

[0037] FIG. 4 is a flow diagram illustrating a method for
generating an OSP filter for spectral preprocessing to
enhance a spectral response of the blood vessel walls,
according to the present invention;

[0038] FIG. 5 is a flow diagram illustrating a method for
generating a GLS filter for spectral preprocessing to enhance
a spectral response of the blood vessel walls, according to
the present invention;

[0039] FIG. 6 is a plot of the result of the discrimination
step as a function of the prediction score, illustrating a
calibration model produced from the present invention;

[0040] FIG.7 is a diagram illustrating the use of nonlinear
iterative partial least squares (NIPALS) decomposition of
the spectral information used in the discrimination step,
according to the present invention;

[0041] FIG. 8 is a plot in which the X-axis is the Blood
Depths in millimeters (mm) and the Y-axis is one of the
following: sensitivity (SENS), specificity (SPEC), or the
percentage of the receiver operating characteristics area
under the curve (ROC-AUC) (x100);

[0042] FIG. 9 shows graphs of the prediction scores
(x-axis) and distributions (y-axis) for the blood depths from
0.0 to 3.0 for PLS-DA models with Standard Normal Vari-
ance and Mean Centering (SNV+MC) (column one) or
Standard Normal Variance, Orthogonal Subspace Projection
and Mean Centering (SNV+OSP+MC) (column two) pre-
processing; the histogram on the left side is the distribution
of the Lipid Pool (LP) and Disrupted Plaque (DP) sample
prediction results and the right hand side histogram is the
distribution of the Fibrotic (FIB) and Calcific (CAL) sample
prediction results; the central black line is the model thresh-
old; column three is a plot of the ROC-AUC as a function
of blood depths with the x-axis (1-Specificity) and the y-axis
Sensitivity;

[0043] FIG. 10 is a plot in which the X-axis is the Blood
Depths in mm and the Y-axis is one of the following: SENS,
SPEC or ROC-AUC (x100) percentage. The results are
shown for no filter (using SNV and MC only) or with the
generalized least squares (GLS) filter;

[0044] FIG. 11 shows graphs of the prediction scores
(x-axis) and distributions (y-axis) for the blood depths from
0.0 to 3.0 for PLS-DA models with SNV+MC (column one)
or SNV+GLS+MC (column two) preprocessing, the left
hand side histogram is the distribution of the LP and DP
samples and the right hand side histogram is the distribution
of the FIB and CAL samples, the central black line is the
model threshold; column three is a plot of the ROC-AUC as
a function of blood depths with the x-axis (1-Specificity) and
the y-axis Sensitivity;
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[0045] FIG. 12 is a plot in which the X-axis is the
probe-to-specimen depths with blood intervening in mm and
the Y-axis is one of the following: SENS, SPEC or ROC-
AUC (x100) percentage, the results being shown for no filter
(using SNV and MC only) or with the orthogonal subspace
projection (OSP) filter; and

[0046] FIG. 13 is a plot showing the spectral responses of
LP and DP samples preprocessed using SNV only, the y-axis
is arbitrary absorbance units and the x-axis is wavelength in
nanometers (nm).

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

[0047] The present invention addresses the generation of
spectral data in vivo and the mathematical manipulation or
filtering of that data in order to extract or determine a portion
of the spectrum that results from structures of interest, which
here are the blood vessels walls. Finally, the state of vessel
walls is assessed based on this extracted or determined
spectrum, such that the system either generates a conclusion
as to the state of the vessels or the extracted or determined
spectral response from the data is supplied to the operator,
who generates the conclusion.

[0048] A number of techniques or technologies are cur-
rently contemplated for generating the spectral data. Gen-
erally, spectroscopy is the science of the measurement of
electromagnetic radiation as it is absorbed or emitted by
molecules or their atoms as they move from one energy level
to another. When a molecule is subjected to radiation, the
atoms can absorb a portion of the radiation at frequencies
corresponding to resonances of structures within the atoms
or molecules. Many portions of the electromagnetic spec-
trum can be used for this task, including gamma-rays,
x-rays, ultraviolet, infrared, microwaves, to audio/radio fre-
quency radiation. Specific techniques that could benefit from
this method include absorption spectroscopy, Raman spec-
troscopy, and fluorescence spectroscopy, for example. In the
specific method involving infrared radiation (of which NIR
is a subset) the key component to the infrared transition, is
that the molecule must have a non-zero dipole moment in
order for the transition to occur, therefore linear diatomic
molecules such as N, and H, are not active in the infrared
region while HCI and the functional group C=0 have very
strong signals. Many of the chemical components involved
in the make up of the vessel walls are composed of mol-
ecules that have a dipole moment making them eligible for
excitation and detection in the NIR region.

[0049] The in vivo environment in which the spectral data
are collected is, however, dominated by unwanted spectral
signature from many sources and poorly controlled. The
collected spectra are therefore preprocessed and/or filtered
in order to highlight the response of the vessel walls.
Typically, the largest unwanted spectral signal source is the
blood, or other fluid that is used to flush the blood, from the
path between the catheter head and the structures of interest.
A general challenge faced by in vivo applications concerns
an inability to control the physical relationship between the
catheter head and the structures of interest, thus making it
difficult to predict the amount of unwanted spectral signals
that will be present at any one time.

[0050] In an effort to obtain the true or accurate assess-
ment of the state of the vessel walls, the spectral response is
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subjected to the improvement or enhancement of the desired
spectral signal through the suppression of the unwanted
signal, according to the invention. This assessment can
include a qualitative classification or discrimination process.
A quantitative analysis assessment can also be used. Further,
the determined spectral response can be provided to an
operator, who makes the ultimate assessment.

[0051] CQualitative or pattern recognition algorithms use
computerized mathematical models developed by modeling
the relationship between spectra and tissue states of known
tissue samples. These models are typically based on large
amounts of patient data or ex vivo data simulating in vivo
data and chemometric techniques such as Partial Least
Squares Discrimination Analysis (PLS-DA), Principal Com-
ponent Analysis with Mahalanobis Distance and augmented
Residuals (PCA/MDR), and others such as PCA with
K-nearest neighbor, PCA with Euclidean Distance, soft
independent modeling by class analogy (SIMCA), the boot-
strap error-adjusted single-sample technique (BEST), or can
be analyzed using machine learning methods such as neural
networks, fuzzy logic, or support vector machines and other
types of pattern recognition tools.

[0052] Spectral Data Generation

[0053] The invention has applicability to a wvariety of
techniques for acquiring the spectral 15 data. In the current
embodiment, discussed in detail below, the spectral data are
generated optically. Currently, the near infrared spectral
region of the infrared radiation spectrum is used.

[0054] Optically Generated Spectral Data

[0055] FIG. 1A shows an optical spectroscopic catheter
system 50 for spectroscopic analysis, to which the present
invention is applicable, in one embodiment. It generally
comprises a catheter 56, a spectrometer 40, and analyzer 42.

[0056] In more detail, the catheter 56 includes an optical
fiber or optical fiber bundle. The catheter 56 is typically
inserted into the patient 2 via a peripheral vessel, such as the
femoral artery 10. The catheter head 58 is then moved to a
desired target area, such as a coronary artery 18 of the heart
16 or the carotid artery 14. In the embodiment, this is
achieved by moving the catheter head 58 up through the
aorta 12.

[0057] When at the desired site, radiation is generated. In
the current embodiment optical radiation is generated, pref-
erably by a tunable laser source 44 and tuned over a range
covering one or more spectral bands of interest using for
example, a tunable filter or grating. It is coupled into the
optical fiber of the catheter 56 to be transmitted to the
catheter head 58. In another embodiment, a broad band light
source can be used covering one or more spectral bands
using for one example, a tunable filter or grating. In another
embodiment the broad band light source is sent in as a
packet of all wavelengths with wavelengths selected using,
for example, an interferometer.

[0058] In the current embodiment, optical radiation in the
near infrared (NIR) spectral regions is used for absorption
spectroscopy. Exemplary scan bands include 1000 to 1450
nanometers (nm) generally, or 1100 nm to 1350 nm, 1150
nm to 1250 nm, 1175 nm to 1280 nm, and 1190 nm to 1250
nm, more specifically. In other embodiments the NIR spec-
tral scan regions include bands from the 1000 to 1450 nm
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along with bands in the region from 1600 to 1800 nm. In
other embodiments, the NIR spectral scan region extends
from 900 to 2500 nm, in some cases using only those regions
optimized by the data used to build the models.

[0059] However, in other optical implementations, scan
bands appropriate for fluorescence and/or Raman spectros-
copy are used. In still other implementations, scan bands in
the visible or ultraviolet regions are selected.

[0060] With reference to FIG. 1B, the optical signal 102
from the optical fiber of the catheter 56 is directed by a fold
mirror 62, for example, to exit from the catheter head 58 and
impinge on the target area 22 of the artery wall 24. The
catheter head 58 then collects the light 102 that has been
partially absorbed, reflected, refracted and/or diffracted
(scattered) from the target area 22.

[0061] Returning to FIG. 1A, the returning light 102 is
transmitted back down the optical fibers of the catheter 56 to
a splitter or circulator 54 or in separate optical fibers. This
provides the returning radiation to a detector system 352,
which can comprise one or multiple detectors.

[0062] A spectrometer controller 60 monitors the response
of the detector system 52, while controlling the source or
tunable laser 44 in order to probe the spectral response of the
target area 22 through the intervening blood or other
unwanted signal source 20.

[0063] As aresult, the spectrometer controller 60 is able to
collect spectra by comparing the time varying response of
the detector system 52 to the instantaneous wavelength of
the tunable laser 44. When the acquisition of the spectrum is
complete, the data are then provided by the spectrometer
controller 60 to the analyzer 42.

[0064] In other embodiments, a combination of a broad-
band source and a spectrometer are used to collect the
spectra instead of the tunable laser and detector. The specific
configuration is not critical to the invention. For example,
Fourier analysis can also be used to resolve the wavelength
dependent responses of the spectra collected using a broad-
band light source and an interferometer.

[0065] In other embodiments, the spectrometer is replaced
with a photometer to acquire the spectral information.
Rather than generate continuous spectral information, like
spectrometers (spectrophotometers), a photometer typically
comprises a series of wavelength filters mounted on a turret
wheel and a single detector. They also typically have several
monochromatic light sources, such as light-emitting diodes.

[0066] In still other embodiments, the light or radiation is
not necessarily emitted and collected through the same
catheter head. Instead, the radiation is emitted from one
location such as a first catheter, which is inside or outside the
vessel, and then received at another location, such as second
catheter head, which is also either outside or inside the
vessel, respectively. The second catheter head collects the
light and transmits it to the detector system of the spectrom-
eter. Typically one catheter is inside the vessel and the other
catheter is outside the vessel.

[0067] However the spectra are collected, the analyzer 42
makes an assessment of the state of the blood vessel wall 24
and, specifically area 22 that is opposite the catheter head 58,
from collected spectra, in the present embodiment. The
collected spectral response is used to determine whether the
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region of interest 22 of the blood vessel wall 24 comprises
a lipid pool or lipid-rich atheroma, a disrupted plaque, a
vulnerable plaque or thin-cap fibroatheroma (TCFA), a
fibrotic lesion, a calcific lesion, and/or normal tissue. This
information is provided to an operator via a user interface
70, or the raw discrimination or prediction analysis results
from the corrected spectrum is provided to the operator, who
then makes the conclusion as to the status of the region of
interest 22.

[0068] In one embodiment the information provided by
the analyzer 42 discriminates one classification group from
all other spectra features. In another embodiment, the ana-
lyzer 42 provides classification between two or more classes
from each other. In still another embodiment, prediction
results provide a scale for ranking the response with respect
to one of the classifications groups, such as a lipid pool. In
a still further embodiment, the information provided is used
to quantify the presence of one or more chemical constitu-
ents that comprise the spectral signatures of a normal or
diseased blood vessel wall.

[0069] FIG. 2 illustrates a method for analyzing blood
vessels in the presence of intervening blood, other fluid, or
other unwanted spectral signals, which is performed by the
analyzer 42. Specifically, in step 110, the analyzer 42
receives the collected spectra from the spectrometer con-
troller 60. These collected spectra are a composite response
typically of both the region of interest 22 of the blood vessel
wall 24 and the intervening fluid 20, such as blood, that is
along the optical path between the catheter head 58 and the
region of interest 22. Sometimes the intervening fluid 20 is
another fluid that was used to remove the blood from the
path, such as water, saline, contrast dye, artificial blood, or
a gas contained in balloon catheter, for example.

[0070] In step 112, the analyzer 42 preprocesses these
collected spectra to identify the response of the vessel walls.
The preprocessing of the collected spectra emphasizes the
response of the vessel walls relative to the response of the
unwanted spectral signal, such as the spectral response and
scattering of the intervening blood, other fluid, or other
unwanted spectral signatures 20.

[0071] In the preferred embodiment, the preprocessing
removes, filters-out, or deemphasizes the contribution to the
intervening unwanted spectral signatures, thereby leaving
the response of the vessel walls.

[0072] However, in alternative embodiments, the response
of the vessel walls is emphasized relative to the response of
the unwanted spectral signatures.

[0073] In step 114, the analyzer 42 applies a discrimina-
tion algorithm to these determined responses of the vessel
walls. The discrimination algorithm creates a model corre-
sponding to the various states of interest of the blood vessel
walls. These include states that are classified as calcific
lesion, fibrotic lesion, normal tissue, disrupted plaque, thin-
cap fibroatheroma (TCFA), lipid pool, lipid-rich atheroma or
other descriptors for the state of coronary artery disease and
in particular the state currently described as high risk
vulnerable plaques. Other states such as proteoglycan-rich
tissue are also possible in other implementations. Based on
where the strongest correlation arises, the analyzer 142 is
able to make a prediction as to the state of the region of
interest 22 of the blood vessel wall 24. Alternatively, the
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analyzer enables the operator or physician to perform the
analysis by providing the discrimination prediction values
without applying the threshold that separates the classes into
different groups. In another embodiment the discrimination
means is a pattern recognition algorithm that can separate
most or all of the states into separate classes.

[0074] In step 116, in one embodiment, the analyzer 42
looks at the result produced by the discrimination algorithm
and makes an assessment as to whether or not classification
is possible. That is, it looks at the strength of the correlation
and determines if a prediction or a diagnosis can be made,
which provides acceptable levels of error, such as false
positives and false negatives. If classification is determined
to not be possible, the analyzer 42 notifies the operator
through the user interface 70 to rescan the area of interest 22
in step 118. In another embodiment, the discrimination
algorithm predicts the unknown samples and supplies a
value that is mapped to a gray-scale or color-scale that is
correlated to the discrimination ability of the model, from
which the operator then determines a course of action.

[0075] In contrast, if the discrimination algorithm pro-
duces an above threshold result that is strongly correlated to
one of the states of interest, the analyzer 42 produces a
classification for the region of interest 22 of the blood vessel
24 in step 120. Finally, in step 122, a report is provided to
the operator through the user interface 70 that sets forth the
state of the vessel walls as a function of position, thereby
showing regions of normal tissue and regions containing
calcific lesions, fibrotic lesions, disrupted plaques, or lipid
pools, according to one classification scheme. Another
embodiment will show the gray- or color- scales, which are
correlated to the information of the disease state of the blood
vessel wall. Large positive values indicating more high-risk
vulnerable plaque disease or thin-cap fibroatheroma (TCFA)
and more negative values indicating other disease states that
are not high risk vulnerable plaques.

[0076] In other embodiments, the analyzer 42 assessment
is a quantitative result that is provided to the operator. Such
a result includes, in one embodiment, the distribution of
various chemical components of interest in the blood ves-
sels. In another embodiment the various chemical compo-
nents of interest are presented as quantities such as concen-
tration values. This information is provided to the operator,
who then makes the conclusions concerning the state of the
blood vessel walls.

[0077] FIG. 3 shows the steps performed in the prepro-
cessing 112 of FIG. 2, in one embodiment. This involves the
removal or de-emphasis of the response or spectrum of the
intervening blood or other interferant 20 along the optical
path.

[0078] The preprocessing method focuses on removing
interferants unrelated to the signal of interest, such as the
baseline slope, the offset, and/or the linear or multiplicative
effects of scattering related to the instrument, the environ-
ment, or other interferants including blood, saline, or dye,
for example. Some examples of methods used to remove
these effects are standard normal variance (SNV) or multi-
plicative signal or scatter correction (MSC) analysis 150
together or without further mean centering (MC) 154. To
enhance the small spectral features pertaining to the com-
ponent of interest the data can be processed using a variety
or methods currently know, such as MC, autoscaling, nor-
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malizing, smoothing using Savitsky Golay smoothing,
detrending, wavelet filtering, finite impulse response (FIR)
filtering, along with other methods and combinations
thereof. Other processing such as first and second derivative
filtering, varied baseline removal techniques, and orthogonal
signal correction are used in some implementations. The
application of these pre-processing methods prior to the
application of the unwanted spectra signal filter further
increases the prediction power of the model by removing the
multiplicity effect and to remove the baseline, slope and
offset.

[0079] According to the invention, generalized least
squares analysis (GLS) or orthogonal subspace projection
analysis (OSP) is performed as an intervening step 152.
Generally, this “unwanted signal filter” step corrects for the
impact of an unwanted spectral signature upon the NIR
spectrum, enhancing the signal of interest relative to the
unwanted signal.

[0080] Unwanted Spectral Signal Filter Algorithms

[0081] The basic linear algebra regarding the algorithms
used for the unwanted spectral signal filters can be formu-
lated as follows in Equation (1). Consider the equation:

X=R+Z+E @

[0082] X represents the matrix of spectra that will be used
to build the calibration model. These spectra can be decom-
posed into three separate component matrices: the desired
signal matrix R, the undesired variation matrix Z, and the
white noise matrix E. The goal of the unwanted signal filter
algorithm is to eliminate the largest variation within Z prior
to building the calibration model. Because Z can be sepa-
rated from R mathematically and statistically this goal is
achievable.

[0083] In the specific case of the removal of the blood
spectrum, there are a number of independent factors driving
the spectral influence. Spectral features associated with the
chemical components of vulnerable plaque are of most
interest and are to be retained in R in Equation (1), while
factors such as those associated with blood variation, blood
depths, temperature fluctuation, heart/catheter motion, and/
or other tissue properties, which are deemed undesirable,
can be grouped into the spectral term Z. In some cases
however, R may only represent 1% or less of the spectral
variation with the majority represented by Z. By the appli-
cation of a specific mathematical operator O, the spectral
influence of Z can be minimized or even removed from the
spectral signals in X, resulting in the corrected spectral
matrix X 4 shown in Equation (2).

correcte

Xeomected=ORYOE @

[0084] The newly corrected spectral signals, X____ 4, are
now only a function of the underlying tissue signal R and the
white noise E, unencumbered by the absorbencies attributed
to blood or Z.

[0085] After preprocessing the spectral data, which
reduces the dimensionality of the signals, the spectral fea-
tures of interest have been enhanced. Simple and robust
models are subsequently achieved with an improved predic-
tion power. And the prediction results are easier to interpret.

[0086] OSP Algorithm

[0087] Orthogonal subspace projection (OSP) was devel-
oped to correct background energy of image pixels for
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hyperspectral image classification in 1994. The original idea
of OSP was to annihilate all unwanted or undesired spectral
signatures (background) within a pixel, which is similar to
orthogonal signal correction (OSC) that was extensively
investigated in recent years by chemometricians.

[0088] In the case of the OSP algorithm, the operator O
required to remove the interfering signal (or the undesirable
matrix Z) can be estimated by the decomposition of the
spectra into a few principal components (factors) that are
associated with the unwanted signal such as blood,
described above. Equation (3) represents the estimated
undesired signal Z:

72=TPT 3

[0089] where P is a set of basis vectors that are
dependent upon, or derived from the spectra of, the
undesirable signal, PT is the mathematical transpose
of the matrix P, and T is the scores matrix from the
subspace that is spanned by the bases vectors P.

[0090] If P can be estimated or is known using a priori
knowledge, the operator O can be developed to eliminate the
effects of Z, the undesired signatures from the original
spectra in X. To accomplish this, an operator is found that
projects T onto a subspace that is orthogonal to the columns
of P. This operator is:

O=I-P P* @

[0091] where I is the identity matrix, P is the esti-
mated unwanted spectral signal that is to be removed
and more specifically represents the basis vectors
that represent the spectral feature or signature to be
removed, and P* is the pseudo inverse of P or (PT
P)~! PT. Applying this operator or unwanted signal
filter, O, to Equation (5), it reduces to:

Xosp=OR+OE €

[0092] This filter is an optimal interferences rejection
operator in the least squares sense, since O annihilates the
spectral contribution of Z to zeros.

[0093] The question is how to find the basis vectors, P, by
using a priori knowledge. OSC is one way to do this. OSC
employs the signal matrix X and target analyte Y and uses
an algorithm to iteratively exclude the undesired signature
from X according to the information in Y until a final
convergence for P is obtained. However, if the target Y block
is merely a binary representation of the two groups (a 1 or
a 0), this proves to be a weak indicator for the undesired
spectral characteristics. Therefore when applying this
method to classification or discrimination type data, OSC is
not a good estimator of P.

[0094] FIG. 4 illustrates one method for the application of
an OSP-based filter to spectral data.

[0095] 1t only requires the spectral information in order to
create the operator O. The spectra used in this case are those
of the unwanted spectral signatures and in particular for this
case it is the spectra collected from “infinite” blood or fluid
depths, which have been determined to consist of the undes-
ired variation. These spectra are collected at very long
pathlengths in vivo or in vitro by the analysis of a collected
blood or fluid sample and/or using multiple samples in step
410 during the model build up.



US 2004/0024298 Al

[0096] In one embodiment, the model is generated based
on information, i.e., spectra, from prior test samples of blood
or unwanted spectral features, ex vivo and/or in vivo. These
samples are collected from large populations of individuals
who exhibit the range of different blood chemistries. The
system, in one embodiment, further adapts the model over
time to improve its performance as further spectra are
collected during the operation and to optimize the model for
the unique performance characteristics of the device. How-
ever, in another implementation, the filter is generated
dynamically on a per patient basis, using the current
patient’s own blood sample or unwanted spectral signature,
which is added to the prior samples to build the filter. This
is a robust approach since it allows for optimization on a
per-patient basis yet accounts for the new information
acquired on the unwanted spectral signatures over time.
Finally, in still another implementation, the filter is gener-
ated dynamically using only the current patient’s blood or
unwanted spectral signature for the filter.

[0097] The spectra of the unwanted spectral signature are
collected either in vivo or ex vivo. For example, in one
embodiment the unwanted spectral signature of blood
samples are placed in a long well to simulate a long or
effectively infinite path length. This can performed as part of
an initial calibration operation or in the clinical setting with
a sample of the current patient’s blood. In another embodi-
ment, the spectra are collected in vivo by monitoring when
there is a large distance, such as greater than a few milli-
meters and preferably more than 5 millimeters, between the
catheter head and the blood vessel wall. Preferably, blood
vessels exhibiting normal tissue (NML), or known charac-
teristics are used. The existence of this physical relationship
is determined for example by reference to the generated
spectra and specifically when those spectra exhibit no
change with increasing distance from the vessel walls or
detecting the distance using a proximity detector or medical
imaging device.

[0098] The spectral matrix of the unwanted signals is
decomposed in step 412 to create the matrix operator P in
step 414. In one embodiment, singular value decomposition
(SVD) is performed on the spectral matrix X resulting in the
T and P matrices, in step 412. The P matrix is then used to
form the operator in Equation (4) in step 414. As discussed
below, the obtained OSP unwanted spectral signature filters
are used as a preprocessing method prior to the creation of
the model. The application of the filter significantly
improves the prediction ability of the final models or their
accuracy in generating a discrimination or classification
result from the analysis.

[0099] GLS Algorithm

[0100] The generalized least squares (GLS) regression
method was developed more than 20 years ago by extending
the ordinary least squares (OLS) and weighted least squares
(WLS) for more general cases where the error terms in the
models displayed a non-random uncertainty. The use of GLS
as a pre-processing option in spectral data analysis was
recently introduced. A priori knowledge was used to shrink
or down-weight an unwanted signal prior to the application
of multivariate calibration methods. This method can also be
used to increase or up-weight a desired spectral signature
and furthermore the two methods can be implemented
together as a technique to up-weight a wanted signal then
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down-weight the unwanted signal, or vise versa all prior to
the application of the multivariate analysis method or the
machine learning method.

[0101] With reference to FIG. 5, the matrix Z only
includes a priori spectra of the unwanted spectral signature
contributing a signal to the overall spectrum. As with the
OSP algorithm, and in a particular example, the spectra used
in the matrix Z are collected from an “infinite” blood depth,
in step 510, which is the same as step 410 in FIG. 4
discussed previously. Then, in step 512, the blood spectra
are processed into the uncertainty covariance matrix A
defined as:
A=Z"Z/(m-1)+al (6)
[0102] where m is the number of spectra in matrix Z,
I is the identity matrix, and . is an adjustable small
constant. a is added to insure that the covariance
matrix is of full rank in order to do the math required.
The amount of a added is calculated in step 514 for
the case of the down-weighting matrix. The selected
value is a balance between maximizing the down-
weighting of the signal contributed from the
unwanted signal, in this specific case, the blood
absorbance, and minimizing the amount of white
random noise from being up-weighted during the
process (creating a noisier spectrum).

[0103] The full rank uncertainty covariance matrix A is

then decomposed, in step 516, into a full rank component
scores and vectors:

A=UAVT 7

[0104] where U is the matrix containing the scores, V

is the matrix of the eigenvectors and A is the

eigenvalues produced from the decomposition pro-

cess. The sum of the diagonal eigenvalues of the

matrix A, is used to normalize the eigenvalues. The

GLS operator G is then determined in step 518. It is
defined as:

G=VAV2VT ®

[0105] The GLS operator uses only the eigenvectors
obtained from the decomposition process of A from Equa-
tion (7) and reduces the influence of the eigenvectors by the
scaled eigenvalues from Equation (8). The undesired spec-
tral signature Z in Equation (1) will be eliminated by the
application of operator G to the original spectral matrix X.
If the unwanted spectral signal in Z can be entirely described
by the uncertainty covariance matrix A from a priori knowl-
edge then the original spectra can be corrected to:

X5 s=GR+GE ©)

[0106] On the other hand, as mentioned previously,
instead of shrinking the unwanted spectral signal (in this
case, blood or other intervening fluid), the characteristics of
the spectra of interest are up-weighted in another implemen-
tation. The up-weighting is based on the same basic prin-
ciples as the down-weighting GLS approach just discussed,
however, the target or desired spectral signature is now used
as a priori knowledge of the component of interest, such as
the spectrum of vulnerable plaque or other contributors to
high risk vulnerable plaque. Another embodiment of the
application is to apply both the up-weighted and the down-
weighted filter in any order to increase the optimized signal
due to the high risk vulnerable plaque over that of the
unwanted spectral signal.
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[0107] Pattern Recognition Overview

[0108] Pattern recognition algorithms use mathematical
models developed by modeling the relationship between the
acquired spectra of something known, in this specific
example, the chemical composition of known tissue
samples. These models are typically based on large amounts
of patient data or ex vivo data simulating in vivo spectral
responses and data. The mathematical models can be based
upon multivariate techniques such as PCA and PLS base
algorithms along with other types of classification schemes,
which use machine learning algorithms such as neural
networks, fuzzy logic, or support vector machines.

[0109] In the use of PCA-based algorithms, a large num-
ber of wavelengths can be used to create a model. The PCA
method reduces the spectral information to variations com-
mon to all of the spectra (called factors or latent variables)
and a set of scalar amplitude values that are distinct to each
spectrum (scores). These score values are used in the dis-
criminate routine to separate different class grouping from
one another. In some cases, only one classification group is
needed to create the model, and it is this model that is used
to determine how well it discriminates against all other
sample classes both within and outside of the model clas-
sification group boundaries. For example, in one embodi-
ment a single boundary PCA Model is created using for
example the Mahalanobis distance calculation of the group
mean of for example the LP samples used as the class model.
Other tissue samples are used as validation tests: LP, FIB,
CAL, and NML. In general a Mahalanobis distance of three
(3) standard deviations can be used to exclude samples from
the classification set but other values can be used to optimize
the discrimination ability of the model. In other embodi-
ments other screening tests are also applied to the data,
involving the high and low score value and the maximum
residual value from the model. In order for a sample to be
assigned as part of the model group it must pass all three
tests, the group Mahalanobis Distance, the Score and the
Residual tests. In another embodiment the PCA matrix can
include a column of the spectral residuals augmented to the
matrix prior to the final analysis using Mahalanobis distance
and/ or including the other screening tests for the high and
low score value and the maximum residual value from the
model. In another embodiment the model can by-pass the
threshold method altogether and provide a map of the
distribution of the values obtained from the group Mahal-
anobis Distance prediction.

[0110] With reference to FIG. 6, a calibration model based
upon a multivariate regression technique is built distinguish-
ing the differences between two classifications or other
classification schemes of interest. In a current implementa-
tion, the regression technique used is PLS-DA. The PLS-DA
model is based upon maximizing the separation of the
information based upon the LP and DP groups from the
information obtained from the FIB and CAL groups. A
threshold is established by a classifier providing the mecha-
nism for separating the LP and DP samples from all other
groups or samples. The classifier can also provide the
calculated results of the scores from the model, which can be
used to provide the user with a gray-scale or color scale map.

[0111] In another embodiment, a calibration model based
upon machine learning techniques is built distinguishing the
differences between two classifications schemes, or more, of
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interest. The classification is provided by the application of
the machine learning system approach that determines
which combinations of the measurements are sufficient to
distinguish between the classes. These methods can be
applied as non-linear or linear separators. In one embodi-
ment, artificial neural networks are used and the method is
fine tuned by changing the number of degrees of freedom or
dimensionality of the model. In another embodiment, sup-
port vector machines form hyper-planes between the
assigned classes and in general attempt to maximize the
separation between the two closest points in each classifi-
cation group.

[0112] 1In current embodiment the PLS-DA algorithm is
used. Once the spectra have been corrected for the unwanted
influence of blood (step 112 in FIG. 3), the spectra are then
separated into two classification groups, one with the LP and
DP class spectra and the other with the FIB and CAL class
spectra in step 114, according to one classification scheme.
In another embodiment, the scheme distinguishes between
vulnerable plaques or thin-cap fribroatheroma (TCFA) and
non-vulnerable plaques or non-TCFA.

[0113] The core of the PLS-DA algorithm currently used
is a spectral decomposition step performed via either the
NIPALS (H. Wold, “Soft modeling by latent variables; the
nonlinear iterative partial least squares approach.” J. Gani,
ed. Perspectives in probability and statistics, pp 520-540.
Academic Press, London, 1975) or the SIMPLS (S. De Jong,
Chemom. Intell. Lab. Syst., 18(1993), 251-263) algorithm.

[0114] FIG. 7 is a diagram representing the NIPALS
decomposition of the spectral information represented by the
Z matrix 310 and the binary classification information
represented by the Y matrix 320.

[0115] Z 310 is the spectra data matrix, Y 320 is the binary
component information matrix, S and U are the resultant
scores matrix 326, 328 from the spectral and component
information respectively and PCz 322 and PCc 324 are the
eigenvectors for the spectral and component information,
respectively. The other nomenclature is for the number of
spectra (n), the number of data points (p), the number of
components (¢), and the number of final principal compo-

nents ().

[0116] Once the first decomposition is made resulting in a
latent variable and score for each of the Z and Y matrices,
the resultant scores matrix for the spectral information (S)
326 is swapped with the scores matrix containing the binary
classification information (U) 328. The principal component
information from PCz and PCc 322, 324 are then subtracted
from the Z and Y matrices 310, 320, respectively. These
newly reduced matrices are then used to calculate the next
latent variable and score for each round until enough PC are
found to represent the data. Before each decomposition
round, the new score matrices are swapped and the new PCs
are removed from the reduced Z and Y matrix,

[0117] The final number of latent variables arrived at from
the PLS decomposition (see f) are highly correlated with the
group classification information due to the swapped score
matrices. The PCz and PCc matrices contain the highly
correlated variation of the spectra with respect to the two
groups used to build the model. The second set of matrices,
S and U, contain the actual scores that represent the amount
of each of the principle component variation that are present
within each spectrum.
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[0118] The scores from the S matrix are used to build the
discrimination calibration model represented by FIG. 6. The
threshold was set using the LP and DP scores for one group
and the FIB and CAL scores for the other group according
to one classification scheme for the blood vessels. For
predictions, an unknown spectrum is decomposed to the
same S matrix and if the score is above the threshold of the
model then that sample is said to be cither a member of the
LP and/or DP class.

[0119] Parameter Optimization for Filter Development

[0120] As discussed above, both of the proposed
unwanted spectral signal filters require a priori knowledge
about the spectral contributions of the unwanted spectral
signal, in this particular example, the blood variation. The
OSP filter requires that the basis sets (or principal compo-
nents) optimally span the orthogonal subspace using the
simple assumption that the orthogonal projections will
remove the signature of the unwanted signal due to, in this
case blood. While the GLS algorithm is similar in outcome
to the OSP filter, it differs with respect that all of the basis
sets are retained in the model and a small adjustable param-
eter, which allows for down-weighting the unwanted varia-
tion, is optimized while minimizing the white noise signa-
ture.

[0121] The spectra were obtained using a FOSS NIRSys-
tems 6500 with an attached fiber optic Smart Probe. The
probe was position above the tissue sample with blood
intervening at sample-to-probe depth changing from 0.0 to
3.0 mm in 0.5 mm steps with one extra step positioned at
0.25 mm. APLS-DA model was built using all the data at the
various depths in the following examples for both the OSP
and GLS filter. The lipid pool (LP) class and the disrupted
plaque (DP) class spectra were both assigned to be part of
the vulnerable plaque model (or sensitivity—SENS) and the
fibrotic (FIB) class and the calcific (CAL) class spectra were
not part of the model (or specificity—SPEC). The spectra
were first preprocessed using SNV followed by the OSP or
GLS filter using an infinite blood signature and then mean
centering the data prior to the application of the PLS-DA
algorithm or they were not preprocessed prior to the appli-
cation of the OSP and GLS filters. The spectral range tested
spanned from 1100 nm to 1350 nm in the NIR region.

[0122] In an effort to access how well the methods per-
formed, the leave one out (LOO) cross-validation (CV)
method of analysis was used. From the LOO-CV prediction
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results, a figure of merit (FOM) used to assess the perfor-
mance of the PLS-DA models was created using the mean
Euclidean Distance (ED) equation. The results were calcu-
lated from the differences between the analysis prediction
using LOO-CV of the classes representing the vulnerable
plaque model or SENS and the classes not representing the
model or SPEC to those values representing a perfect model
prediction of 100% SENS and 100% SPEC.

N
b
EDpoy =1 -4 =

[0123] where N is the number of classes that are
included in the model and M is the number of classes
that are not part of the model, and the (1) in the
square root equation represents the 100% perfect
prediction results. For a perfect prediction model, the
EDgoy 18 1 and for a completely divergent model the
EDpop 18 0.

[0124] Determination of OSP Subspace
Dimension

[0125] In the development of the OSP blood filters, the
dimension of the OSP subspace should be optimized. For
long pathlength samples, the blood signature dominates the
spectra. If the OSP filter was not optimized then it would be
easy to inadvertently remove the target tissue signal.

[0126] Examples of the OSP filters were calculated here
using from zero to 5 principal components (PCs), which is
the basis set of the projection into the subspace of the data
matrix. The data were first preprocessed using the SNV
algorithm prior to the application of the OSP filter then the
data are mean centered (MC). The 0-dimension OSP filter is
the preprocessing results obtained from the SNV+MC
method alone. The mean EDgq,, calculated from the differ-
ences between the analysis prediction for each of the SENS
and SPEC values and 100% prediction was used to assess
PLS-DA models.

[0127] The results are presented in Table I where the
columns of the table represent the number of latent variables
(L'Vs) used to build each of the PLS-DA models, while the
rows correspond to the basis set dimensions or PCs used in
OSP filters.

" (10)
(1 —SENSx)? + Y, (1 — SPECx)?
x=1

(N + M)

Projection

TABLE I

SNV + OSP + MC EDgqy Predictions for PLD-DA Models

IVs

in

PLS-

DA 1 2 3 4 5 6 7 8
OSP 0 0.4551 0.6189 0.6632 0.6727 0.7427 0.7482 0.7691 0.7659
PCs 1 05639 0.6122 0.6819 0.7913 0.7964 0.7677 0.7282 0.7162

2 0.6678 0.6257 0.7929 0.7889 0.7675 0.7446 0.7184 0.7535
3 0.6695 0.6767 0.8045 0.7842 0.7410 0.7127 0.7576 0.7500
4  0.6483 0.6858 0.8030 0.7446 0.7365 0.7396 0.7507 0.7517
5 0.6559 0.6280 0.7129 0.7319 0.6877 0.7485 0.7662 0.7738
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[0128] From the table it is seen that by increasing the basis
set dimension of the OSP subspace more undesired variation
was removed creating a less complicated model. The use of
the OSP filter improved the PLS-DA model both in terms of
the mean EDp,, and in the decrease in the number of latent
valuables (see bold numbers in the table) needed to build the
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to represent the situation of the preprocessing results from
the SNV+MC method alone. The columns of the table
represent the number of latent variables used in PLS-DA
models, while the rows correspond to the GLS filter with the
adjustable parameter a calculated with increasing values of

'

.

TABLE 11

SNV + GLS + MC EDyy Predictions for PLD-DA Models via Optimization of o

LVs in
PLS-DA 1 2 3 4 5 6 7 8
GLS a'=0 04551 06189 0.6632 0.6727 07427 07482 09691 0.7659
0%/ 10 0.6585 0.6236 0.7313 0.7699 0.7634 0.7702 0.7522 0.7644
o 50 0.6571  0.6250 0.7694 0.7436 0.7805 (0.7689 0.7543 Q.7579
100 0.6516  0.6292 07732 0.7455 07892 (0.7714 0.7515 (0.7558
150 0.6535 0.6325 07733 07491 07905 0.7654 0.7521 0.7515
175 0.6531 0.6337 0.7683 07491 07954 0.7655 0.7506 0.7513
200 0.6529 0.6366 07675 07515 07939 0.7631 0.7497 0.7480
250 0.6459 0.6355 0.7665 0.7530 0.7926 0.7616 0.7516 0.7425
300 0.6447 0.6350 0.7654 0.7530 0.7811 0.7542 0.7519 0.7485
© 0.6255 0.7429 0.7513 0.7530 0.7435 0.7573 0.7674 0.7532

model. The best prediction results seemed to center near 3
PCs in the OSP space and 3 LVs in the PLS-DA model with
a mean EDgqy, of 0.8045. In almost all cases of the PLS-DA
LVs tested from 1 to 8, the model was improved by the
additional step of applying the OSP filter.

[0129] Optimization of ¢ for GLS Filter

[0130] Like OSP, in one embodiment, the GLS filter
attempts to suppress the spectral features due to blood while
attempting to improve upon the target signal (lipid pool).
The small constant, & in equation 6, is the only adjustable
parameter for the GLS filter. As discussed above, a constant
was added to the diagonal of the uncertainty covariance
matrix, A. The adjustment of o changes the magnitude of the
unwanted variation within the matrix and is optimized
providing the down-weighting of the unwanted spectral
signal, in this example the infinite spectra of blood.

[0131] In order to simplify the problem of assessing the
unwanted spectra signal level and save computation time, a
universal constant is used, defined by the uncertainty cova-
riance matrix according to

a=0/o’ (11)

[0132] where o is the variance of the uncertainty
covariance matrix and o' is an adjustable number,
such as 1,...50,...,100,...,200,..., 0.,

[0133] The spectral data and PLS-DA model assessment
was the same as that used in the OSP section. The spectra
were preprocessed using SNV followed by the application of
the GLS filter using an infinite blood signature and then the
data was mean centered (MC). The assessment was based
upon the ED¢q,, obtained from the prediction results.

[0134] In the first example below the GLS filters were
optimized using the variable o' and assessing the value of
the EDpqp, Of the resultant PLS-DA models. The results are
listed in Table II. Like the OSP optimization process, the
data were first preprocessed using the SNV algorithm prior
to the application of the GLS down weighting filter then
finally the data were MC. The notation of a'=0 is used only

[0135] It can be seen from Table II that the application of
the GLS filter simplified the discrimination model by two
LV from 7 down to 5 where the optimal value for o' is found
to be approximately 175. This decease in LV with the
increase in o' produces an increase in the EDg,, of about
0.03 which equates to a mean prediction increase of 3%. The
optimized value of o' is then fixed in the rest of the analyses
that are reported here. While o' is fixed for this data set at
a value of 175, any future analysis using different tissue
samples would require o' to be re-optimized.

[0136] Improvement of Discrimination Power for PLS-
DA

[0137] As defined earlier, the discrimination power of a
model is based on two features: one concerning the increase
of sensitivity and specificity the other the extension of the
discrimination depth or pathlength in this specific case,
through blood. By using the preprocessing methods dis-
cussed above both features have been improved. The
improvement of the PLS-DA model as a function of the
extension of the discrimination depth or pathlength is dem-
onstrated within this section.

[0138] OSP Filter

[0139] Referring to the first row in Table I, no OSP filter
and only SNV+MC preprocessing, the maximum prediction
results was 0.7671 from the LOO-CV ED,, using 7 LVs
in the PLS-DA model. The addition of the OSP filter
increased the maximum value of the mean ED ., to 0.8045,
decreasing the PLS-DA model LVs to 3 when 3 PCs were
used to build the OSP filter. With the addition of the OSP
filter the total sensitivity and specificity of the PLS-DA
model was increased by about 5%.

[0140] While the LOO-CV EDygy results from above
provided a measurement tool to assess cach model on a
global scale for comparisons, they did not indicate how the
model will perform with respect to the sample-to-probe
depths. This is important since in some embodiments the
catheter is free to move within the artery, therefore the
greater the prediction at the higher sample-to-probe depths,
the better the model.
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[0141] In the next case, the PLS-DA model is assessed
with respect to each of the sample-to-probe depths and is
tabulated over all of the blood depths in Table III. The
columns of the table are the sample-to-probe depth changes
from 0.0 to 3.0 mm with the last row indicating the opti-
mized LV used in the PLS-DA model. The rows represent
the results from the optimized PLS-DA prediction using
either no OSP filter (0 PC) or 1 to 3 PCs. From the table, the
improvement in the ability to discriminate the classes as the
sample-to-probe depth is increased, is significant. The model
selected as the best performing OSP filter outperformed the
SNV+MC model, i.e., without pre-OSP filtering, by about
18% at depths greater than 1.5 mm.

TABLE III
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[0144] FIG. 8 additionally displays the prediction results
separately as SENS and SPEC. The dotted lines show the
sensitivities over blood depth with the OSP filter and with-
out, while the dashed lines are specificities with the OSP
filter and without. The unfiltered model prediction of the
SENS (dashed line solid circle) and SPEC (dot-dash line
with plus) results diverge dramatically as you increasing the
sample-to-probe or blood depth greater than 1 mm, indicat-
ing that the model lost the ability to discriminate between the
two classes. However, by adding the OSP filter the diver-
gence decreased significantly (SENS—dashed line with
open square and SPEC—dashed line with *). At the 3.0 mm
depth the sensitivity obtained using SNV+OSP+MC model

Mean EDgqy, Results Using the Best PLS-DA and OSP Filters Over the

Full Sample-to-Probe Depth Range.

Depth
(mm) LVs in
0.0 0.25 0.5 1.0 1.5 2.0 2.5 3.0 PLS-DA
OSP 0 0.8321 0.8228 0.8390 0.8321 0.8188 0.7265 0.6562 0.6251 7
PCs 1 0.8310 0.8287 0.8287 0.8394 0.8283 0.7673 0.7353 0.7124 5
2 0.8020 0.8001 0.8287 0.8244 0.8244 0.8076 0.7584 0.6975 3
3 0.8244 0.8244 0.8455 0.8228 0.8206 0.7921 0.7693 0.7371 3
4 0.8165 0.8287 0.8455 0.8228 0.8287 0.8022 0.7742 0.7053 3
5 0.8612 0.8342 0.8248 0.8102 0.7903 0.7588 0.6897 0.6210 8

[0142] The best PLS-DA model for the OSP filtered data,
using the EDgqpg, Was found to be 3 PCs and 3 Vs and
without using an OSP filter, 7 LVs. These two models are
further examined by using the plot of the ROC-AUC which
provides another assessment method on the ability of the
model to separate the two class groups (LP and DP versus
FIB and CAL). The ROC-AUC can be assessed by deter-
mining the area under the curve of all the prediction results
and that the discrimination power can be assigned as fol-
lows:

Excellent =1.0to 0.9
Good = 9.0 to 8.0
Fair =0.81t0 0.7
Poor =0.7to 0.6
Failed = 0.6 to 0.5

[0143] The plot in FIG. 8 shows the ROC-AUC values
across all of the sample-to-probe or Blood Depths for the
model without the filter (SNV+MC) as a solid line with open
circles and the OSP filtered data as a solid line with star
symbols. It is seen that the ROC-AUC has been significantly
improved by the addition of the OSP filter. The addition of
the filter improved the results significantly, for instance, at
the blood depth of 3.0 mm, the ROC-AUC was 0.74 for the
unfiltered data (SNV+MC) and 0.85 for the filtered model
(SNV+0OSP+MC). The ROC-AUC number indicates the
ability of the two classes to be separated from each other in
the prediction score space. From the scale listed above for
the ROC-AUC values, it indicates that the SNV+MC model
can provide a FAIR model but by the addition of the OSP
filter the model is GOOD all the way out to 3.0 mm depths.

was at 82% with a corresponding specificity of 68% indi-
cating the ability of the OSP filtered model to discriminate.

[0145] In an effort to understand why the OSP filter
improves the model, that actual prediction scores for each of
the sample-to-probe depths were plotted as histograms in
FIG. 9. The distributions of prediction scores for the two
classes (LP and DP versus CAL and FIB) were plotted
separately at each sample-to-probe separation or blood depth
moving from top to bottom of FIG. 9.

[0146] Column one in FIG. 9 is the results from SNV+MC
(no OSP filter), column two is the results of the OSP filter
and column three is the ROC results for both models. The
X-axis for columns one and two are the prediction scores of
PLS-DA model with positive scores on the left side of the
axis and column three is the prediction results of 1 -Speci-
ficity. The Y-axis of columns one and two correspond to the
probability/frequency of the prediction scores and for col-
umn three is the prediction results of the model Sensitivity.
The rows in FIG. 9 are for each sample-to-probe separation
or blood depth, increasing from top to bottom from 0.0 mm
to 3.0 mm.

[0147] From FIG. 9 column one, as the depth of the
sample-to-probe separation increases, a negative bias in
prediction score is observed for the model without the OSP
filter. The results is a poor discrimination after a blood depth
of 1.0 mm, observed by the prediction scores representing
the SENS moving to the right side of the fixed threshold
(vertical black line in the figure). By applying the OSP filter
(column two), the bias was dramatically reduced resulting in
the model capable of prediction at large blood depths.

[0148] The ROC analysis was conducted for each blood
depth (see column three in FIG. 9). The plots of 1-Speci-
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ficity vs. Sensitivity are plotted for each blood depths. The
solid lines in the figure are the curves obtained without the
use of the OSP filter, while the dashed lines are the results
using the OSP filter. It appears from the figure that the OSP
filter can efficiently remove the blood variation and signifi-
cantly separate the two distributions through 3.0 mm of
blood, leading to an average increase in the ROC-AUC of
18% at blood depths above 1.5 mm (as seen by the results
in FIG. 8).

[0149] GLS Filter

[0150] The same analysis described above has been
applied to the GLS filter with the PLS-DA LOO-CV model
results assessed using EDgqy,. Table IV displays the EDpqy
discrimination results of the PLS-DA models combined with
the GLS filter over all blood depths. The columns in Table
IV are the sample-to-probe depth changes from 0.0 to 3.0
mm with the last column the optimal LV that was used to
build each of the PLS-DA models. The rows represent the
results from the PLS-DA prediction using either no GLS
filter ('=0) or with the GLS filter using an o.'>10. From the
table, the improvement in the ability to discriminate groups
as the sample-to-probe depth is increased, is again signifi-
cant. The model selected as the best performing GLS filter
outperformed the SNV+MC model by about 18% at depths
greater than 1.5 mm.

TABLE IV
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[0153] FIG. 10 also plots the prediction results of the
SENS and SPEC separately. The model prediction without
GLS for the SENS (dashed line solid circle) and SPEC
(dot-dash line with plus) are the same as was seen in FIG.
8 and again the results diverge dramatically with increasing
sample-to-probe distance or blood depth greater than 1 mm,
indicating that the model lost the ability to discriminate
between the two classes. However, by adding the GLS filter
the divergence decreased significantly (SENS—dashed line
with open square and SPEC—dashed line with *). At the 3.0
mm depth the sensitivity obtained using SNV+GLS+MC
was near 75% with a corresponding specificity of 70%
indicating the increased ability of those models using the
GLS filter model to discriminate better than those without
the GLS filter.

[0154] The same type of plot as that shown in FIG. 9 is
shown here for the GLS filtered data. A plot of the response
of the distributions of the predictions scores for the data
without and with the use of the GLS filter is shown in FIG.
11 in column one and column two respectively. Column
three is the ROC for the models without the GLS filter and
with the GLS filters. The rows of FIG. 11 are the sample-
to-probe separation depths that span the range from 0.0 to
3.0 mm.

Mean EDgqy over blood depth (mm) for the best P1.S-DA models with GL.S filter

Lvs
Depth in
(mm) PLS-
0.0 0.25 0.5 1.0 1.5 2.0 2.5 3.0 DA
GLS ao'=0 0.8321 0.8228 0.8390 0.8321 0.8188 0.7265 0.6562 0.6251 7
o 10 0.8321 0.8228 0.8455 0.8321 0.8226 0.7265 0.6555 0.6244 6
a' 50 0.8244 0.8372 0.8390 0.8304 0.7931 0.7437 0.7011 0.6749 5
100 0.8165 0.8342 0.8287 0.8240 0.8145 0.7681 0.7218 0.7061 5
150 0.8228 0.8342 0.8200 0.8248 0.8145 0.7584 0.7414 0.7080 5
175 0.8228 0.8342 0.8200 0.8248 0.8238 0.7584 0.7432 0.7360 5
200 0.8228 0.8342 0.8200 0.8248 0.8238 0.7584 0.7443 0.7230 5
250 0.8084 0.8342 0.8200 0.8248 0.8188 0.7703 0.7584 0.7058 5
300 0.8084 0.8252 0.8200 0.8318 0.8188 0.7723 0.7424 0.6299 5

[0151] The best GLS filter model (bold row in Table IV)
was used for further analysis in this section (PLS-DA using
5 LVs and the GLS filter using o' of 175).

[0152] The plot in FIG. 10 shows the ROC-AUC values
across all of the sample-to-probe or Blood Depths for the
model without the filter (SNV+MC) as a solid line with open
circles and the GLS filtered data as a solid line with star
symbols. The Sensitivity and Specificity for the ROC are
illustrated separately in FIG. 10, for data preprocessed by
SNV+MC or by SNV+GLS+MC. The ROC-AUC increased
somewhat at depths>2.0 mm when GLS down-weighting
was applied. As was the case for the OSP filter, the ROC-
AUC has improved by the addition of the GLS filter. For
instance, at the blood depth of 3.0 mm, the ROC-AUC was
increased from 0.75 (SNV+MC) to 0.80 (SNV+GLS+MO),
implying that a GOOD model can be expected at 3.0 mm
depths after GLS filtering.

[0155] Comparison Between OSP and GLS Filters

[0156] Both OSP and GLS filters have demonstrated the
ability of correcting the undesired variation of an unwanted
spectral signal, in this specific case, a blood spectrum. As
discussed above, the OSP filter blocks the spectral features
that are correlated to the undesired information according to
a priori knowledge. In other words, only the spectral features
that are orthogonal to the undesired information can pass the
filter. The desired features, if they are statistically related to
the undesired background, will also be blocked by the filter.
GLS preprocessing is based on a different principle. It
weights the undesired information down and emphasizes the
desired information (or vise versa in the case of the up-
weighted method).

[0157] Unwanted Signal Variability

[0158] The undesired spectral signal can be obtained in
many different ways, including the use of a priori knowl-
edge. Using the specific case above with blood as the
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unwanted spectral signal, one embodiment is to collect
multitudes of blood samples ex vivo and obtain the spectrum
of each with tissue within the spectral illumination spot but
held at a distance that no spectra changes occur with further
separation. Other embodiments would allow for any dis-
tance from the tissue to be used and any tissue sample. An
in vivo embodiment would allow for the acquisition of
unwanted spectrum from within the patient at a site that
provides a signal that is unchanging. A further in vivo
embodiment would be to acquire the spectrum of blood with

best models. The latent variables used to create the best
PLS-DA model were determined according to the LOO
cross-validation technique.

[0162] Table V shows the cross-validation prediction
results for the preprocessing methods investigated. The
results are displayed as a function of prediction depth with
column one containing all the prediction depths from 0.0 to
3.0 mm and the other columns representing each of the
depths as 0.0, 0.25,0.5,1.0,1.5,2.0, 2.5, and 3.0 mm for the
sample-to-probe separation depths.

TABLE V

Mean EDggy,; Comparing Preprocessing Methods and

Probe Depths (1100 to 1350 nm)

Depth (mm)

0.0 LVs

to in

3.0 0.0 0.25 0.5 1.0 1.5 2.0 2.5 3.0 PLSDA
MC 0.7508 0.7953 0.8022 0.8287 0.8385 0.7757 0.7060 0.6451 0.6151 8
SNV + MC 0.7691 0.8321 0.8228 0.8390 0.8321 0.8188 0.7265 0.6562 0.6251 7
GLS (175) + MC* 0.7634 0.8058 0.8112 0.8228 0.8188 0.7656 0.7262 0.6798 0.6771 8
SNV + GLS (175) + 0.7954 0.8228 0.8342 0.8200 0.8248 0.8238 0.7584 0.7432 0.7360 5
MC*
OSP (3) + MC* 0.7666 0.8429 0.8482 0.8482 0.8014 0.7858 0.7329 0.6683 0.6055 6
SNV + OSP (3) + MC* 0.8045 0.8244 0.8244 0.8455 0.8228 0.8206 0.7921 0.7693 0.7371 3
Derl + MC#** 0.7549 0.8228 0.8228 0.8228 0.8377 0.7692 0.7001 0.6633 0.6001 7
Der2 + MC** 0.7459 0.8390 0.8112 0.8144 0.8102 0.7880 0.6820 0.6309 0.5912 5
AUTO + MC 0.7627 0.8058 0.8200 0.8228 0.8277 0.7656 0.7303 0.6683 0.6607 9
MSC + MC 0.7908 0.8394 0.8245 0.8394 0.8240 0.8175 0.7622 0.7182 0.7007 7
FIR + MC 0.7552 0.8244 0.8287 0.8161 0.8094 0.7701 0.7024 0.6596 0.6309 8

*Number in the parentheses is the parameter used in the blood filter
**Derl and Der2 use Savitsky-Golay smoothing and differentiation of 5 points

tissue backing using tissue (such as normal or relatively free
from diseased) as the unwanted signal. Any blood depth can
be used. Other methods can be used by those familiar with
the technique.

[0159] Another embodiment uses a container that can hold
the blood sample. In this embodiment there is no tissue in the
spectral illumination area. There are many other methods
that are not discussed here as this is meant only as an
example of the attainment of an unwanted spectral signal. As
discussed in the summary the principles and features of this
invention may be employed in wvarious and numerous
embodiments without departing from the scope of the inven-
tion. The unwanted spectral signal may be in particular
blood or in general any undesired spectral signal that
impedes the assessment of the blood vessel walls.

[0160] Preprocessing

[0161] Due to the variability of the system, it is necessary
to preprocess the data prior to analysis to correct for scatter
or bias. For example a few different methods were tested and
are illustrated below in Table V showing the progression of
the model performance as the preprocessing method is
changed. GLS and OSP were compared with other prepro-
cessing methods such as standard normal variate (SNV),
mean centering (MC), Savitsky-Golay smoothing and dif-
ferentiation (Derl and Der2 for first and second derivative
respectively), multiplicative scatter correction (MSC), finite
impulse response filters (FIR) and autoscaling (AUTO) over
the spectral range from 1100 to 1350 nm to determine the

[0163] This specific example shows that the addition of
first removing the overall spectral offset and scatter in this
specific case, using the SNV algorithm, prior to the appli-
cation of the unwanted signal filter (SNV+OSP+MC or
SNV+GLS+MC) significantly outperformed all preprocess-
ing methods shown including the OSP and GLS filter alone.
The preprocessing methods of GLS and OSP assume that the
unwanted spectral signals to be processed are similar with
respect to the variation along the y axis (absorbance). Since
there will be variation in the amount of blood intervening
between the probe and the target tissue sample, the signals
in this case are not stationary along the y-axis. By including
preprocessing methods prior to the formation of the
unwanted signal filter, most of the variation caused by
spectral influences such as scatter and bias can be minimized
along the y-axis (see FIG. 13).

[0164] The table and descriptions are meant only as an
example of how preprocessing the data prior to the appli-
cation of the unwanted spectral signal can improve the
model. It is not meant to capture all the modes of variation
that are found nor is it meant to capture all of the methods
that can be used to minimize or remove the effects that are
not minimized by the application of the OSP or GLS filter.

[0165] While this invention has been particularly shown
and described with references to preferred embodiments
thereof, it will be understood by those skilled in the art that
various changes in form and details may be made therein
without departing from the scope of the invention encom-
passed by the appended claims.
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What is claimed is:

1. A method for analyzing blood vessels in the presence
of intervening unwanted spectral signal, the method com-
prising:

irradiating blood vessel walls through intervening fluid;
collecting spectral responses;

determining spectral responses of the blood vessel walls
from the collected spectral responses; and

assessing states of the blood vessel walls in response to
the determined spectral responses of the blood vessel
walls.

2. A method as claimed in claim 1, wherein the step of
irradiating comprises illuminating the blood vessel walls
with an optical source.

3. A method as claimed in claim 2, wherein the optical
source generates near infrared light.

4. A method as claimed in claim 1, wherein the step of
collecting the spectral responses comprises detecting return-
ing radiation to a catheter head.

5. A method as claimed in claim 1, wherein the step of
determining the spectral responses of the blood vessel walls
comprises applying a filter generated using a spectral
response of the intervening fluid to remove or deemphasize
a contribution of the intervening fluid relative a signal from
the blood vessel walls.

6. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is collected at a relatively
large distance from the blood vessel walls.

7. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is collected in a reference
well, ex vivo.

8. A method as claimed in claim 5, wherein the filter is
based on a generalized least squares analysis.

9. A method as claimed in claim 8, wherein parameters of
the generalized least squares filter are optimized by analyz-
ing a performance of the filter in improving an accuracy of
a qualification analysis, such as a discrimination or classi-
fication, or a quantitative analysis.

10. A method as claimed in claim 5, wherein the filter is
based on an orthogonal subspace projection analysis.

11. A method as claimed in claim 10, wherein a subspace
projection dimension of the filter is optimized by analyzing
a performance of the filter in improving an accuracy of a
qualification analysis, such as a discrimination or classifi-
cation process, or a quantitative analysis.

12. A method as claimed in claim 5, wherein the inter-
vening fluid is blood.

13. A method as claimed in claim 5, wherein the inter-
vening fluid is a fluid used to flush blood along a path to the
blood vessel walls.

14. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined from blood
samples of multiple individuals.

15. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined from blood
samples of the current patient.

16. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined from blood
samples of the current patient and other individuals.

17. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined by gathering
a spectral response of a contrast agent.
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18. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined by gathering
a spectral response of an artificial blood.

19. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined by gathering
a spectral response of a flushing agent such as saline
solution.

20. A method as claimed in claim 5, wherein the spectral
response of the intervening fluid is determined by gathering
a spectral response of a fluid, such as a gas or liquid, that is
used to expand a balloon catheter.

21. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises determining whether the blood vessel walls are
comprised of vulnerable or non-vulnerable plaques.

22. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises determining whether the blood vessel walls are
comprised of atheromas or normal tissue.

23. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises applying multivariate regression techniques.

24. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises classifying a state of the vessel walls.

25. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises relating the determined spectral responses with
spectral responses of vessels walls in a state of interest.

26. A method as claimed in claim 1, wherein the step of
assessing states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls
comprises classifying states of the vessel walls by relating
the determined spectral responses with spectral responses of
vessels walls in different states.

27. A system for analyzing blood vessels in the presence
of intervening fluid, the system comprising:

a source of radiation;

a catheter for directing the radiation at blood vessel walls
through intervening fluid and collecting radiation from
the blood vessel walls;

a detector system of monitoring the collected radiation;

a controller for generating spectral responses from the
collected radiation detected by the detector system;

an analyzer for determining spectral responses of the
blood vessel walls from the collected spectral responses
from the controller and generating information for
assessment of the blood vessel walls in response to the
determined spectral responses of the blood wvessel
walls.
28. A system as claimed in claim 27, wherein the source
comprises an optical source.
29. A system as claimed in claim 27, wherein the source
comprises a near infrared source.
30. Asystem as claimed in claim 27, wherein the analyzer
determines the spectral responses of the blood vessel walls



US 2004/0024298 Al

by applying a filter generated in response to spectra of the
fluid to remove a contribution of the fluid.

31. A system as claimed in claim 30, wherein the spectra
of the fluid is collected when a head of the catheter is at a
relatively large distance from the blood vessel walls.

32. Asystem as claimed in claim 30, wherein the spectra
of the fluid is collected in a reference well, ex vivo.

33. A system as claimed in claim 30, wherein the filter is
based on a generalized least squares analysis.

34. A system as claimed in claim 33, wherein parameters
of the generalized least squares filter are optimized by
analyzing a performance of the filter in improving the
assessment of a state of the blood vessel walls by the
analyzer.

35. A system as claimed in claim 30, wherein the filter is
based on an orthogonal subspace projection analysis.

36. A system as claimed in claim 35, wherein a subspace
projection dimension of the filter is optimized by analyzing
a performance of the filter in improving an accuracy of a
discrimination process.

37. Asystem as claimed in claim 27, wherein the analyzer
assesses states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls by
determining whether the blood vessel walls is comprised of
vulnerable or non-vulnerable plaques.

38. Asystem as claimed in claim 27, wherein the analyzer
assesses states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls by
determining whether the blood vessel walls are comprised of
atheromas or normal tissue.

39. Asystem as claimed in claim 27, wherein the analyzer
assesses states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls by
applying multivariate regression techniques.

40. A system as claimed in claim 27, wherein the analyzer
provides a quantitative assessment of the blood vessel walls
to an operator.

41. A system as claimed in claim 27, wherein the analyzer
assesses states of the blood vessel walls in response to the
determined spectral responses of the blood vessel walls by
relating the determined spectral responses with spectral
responses of vessels walls in different states.

42. A method for de-emphasizing a blood response in a
spectral response of a structure of interest, the method
comprising:

generating a filter determined by spectra representing a
response of the blood which is collected at a relatively
large distance from the structure of interest through the
blood; and

applying the filter to a collected spectral response includ-
ing the blood response to generate the spectral response
of the structure of interest.
43. A system for spectrally analyzing interior structures of
animals in the presence of unwanted spectral signal sources,
the system comprising:

a source of radiation;

a catheter for directing the radiation at the interior struc-
tures through intervening medium and collecting radia-
tion returning from the interior structures;

a detector system of monitoring radiation from the interior
structures;
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a spectrometer controller for generating spectral
responses from the monitored radiation detected by the
detector system;

an analyzer for determining spectral responses of the
interior structures from the generated spectral
responses from the spectrometer controller by remov-
ing a contribution of the medium and generating an
assessment of a state of the internal structures in
response to the determined spectral responses of the
internal structures.

44. A blood vessel analysis method comprising:

collecting spectral responses of the blood vessels, the
spectral responses including unwanted spectral signals;

processing the spectral responses to reduce the unwanted
spectral signals relative to the blood vessel responses to
generate determined spectral responses of the blood
vessels;

using the determined spectral responses to analyze the

blood vessels.

45. A method as claimed in claim 44, further comprising
irradiating blood vessel through intervening fluid giving rise
to the unwanted spectral signals.

46. A method as claimed in claim 45, wherein the step of
irradiating the blood vessels comprises irradiating the blood
vessels with optical radiation.

47. A method as claimed in claim 45, wherein the step of
irradiating the blood vessels comprises irradiating the blood
vessels with near infrared radiation.

48. A method as claimed in claim 44, further comprising
processing the spectral responses to remove offsets and/or
slopes.

49. A method as claimed in claim 44, further comprising
processing the spectral responses to eliminate sources of
variation of the signal not related to signal of interest.

50. A method as claimed in claim 44, further comprising
processing the spectral responses to responses by normal-
izing and/or autoscaling.

51. A method as claimed in claim 44, further comprising
processing the spectral responses to enhance the spectral
signal.

52. A method as claimed in claim 44, further comprising
processing the spectral responses to mean centering the
responses.

53. A method as claimed in claim 44, further comprising
processing the spectral responses by detrending the
responses.

54. A method as claimed in claim 44, further comprising
processing the spectral responses to reduce random noise or
unwanted signal that may be caused by instrumental
responses using smoothing techniques.

55. A method as claimed in claim 44, further comprising
processing the spectral responses to reduce random noise or
unwanted signal that may be caused by instrumental
responses using Savitsky-Golay smoothing.

56. A method as claimed in claim 44, further comprising
processing the spectral responses to remove multiplicative
effects.

57. A method as claimed in claim 44, further comprising
processing the spectral responses using standard normal
variance (SNV) analysis.
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58. A method as claimed in claim 44, further comprising
processing the spectral responses using multiplicative signal
or scatter correction (MSC) analysis.

59. A method as claimed in claim 44, wherein the step of
using the determined spectral responses to analyze the blood
vessels comprises applying multivariate analysis for a quali-
fication analysis, such as discrimination and classification,
of the blood vessels.

60. A method as claimed in claim 59, wherein the mul-
tivariate analysis includes Principal Component Analysis.

61. A method as claimed in claim 59, wherein the mul-
tivariate analysis includes Principal Component Analysis
combined with a statistical boundary, such as Mahalanobis
distance.

62. A method as claimed in claim 59, wherein the mul-
tivariate analysis includes Principal Component Analysis
combined with a residual analysis and a statistical boundary,
such as Mahalanobis distance.

63. A method as claimed in claim 59, wherein the mul-
tivariate analysis includes Partial Least Squares Discrimi-
nant Analysis.

64. A method as claimed in claim 44, wherein the step of
using the determined spectral responses to analyze the blood
vessels comprises applying multivariate analysis for quan-
tification of a state of the blood vessels.

65. A method as claimed in claim 64, wherein the mul-
tivariate analysis includes using Partial Least Squares analy-
sis.

66. A method as claimed in claim 44, wherein the step of
using the determined spectral responses to analyze the blood
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vessels comprises applying machine language learning for
discrimination or classification of a state of the blood
vessels.

67. Amethod as claimed in ¢laim 66, wherein the machine
language analysis includes using support vector machine
analysis.

68. Amethod as claimed in claim 66, wherein the machine

language analysis includes using artificial neural networks
analysis.

69. A method as claimed in claim 44, wherein the step of
processing the spectral responses comprises up-weighting
the blood vessel responses.

70. A method as claimed in claim 44, wherein the step of
processing the spectral responses comprises down-weight-
ing the unwanted spectral signal.

71. A method as claimed in claim 44, wherein the step of
processing the spectral responses comprises up-weighting
the blood vessel responses and comprises down-weighting
the unwanted spectral signal, in either order.

72. A method as claimed in claim 44, wherein the step of
collecting the spectral responses comprise irradiating the
blood vessels using a catheter.

73. A method as claimed in claim 44, wherein the
unwanted spectral signal is generated at least in part by
temperature fluctuation, heart motion, and/or catheter
motion.
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