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1
PATHOLOGICAL CONDITION DETECTOR
USING KERNEL. METHODS AND
OXIMETERS

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention relates generally to medical devices
and, more particularly, to sensors used for detecting physi-
ological parameters of a patient.

2. Description of the Related Art

This section is intended to introduce the reader to various
aspects of art that may be related to various aspects of the
present invention, which are described and/or claimed below.
This discussion is believed to be helpful in providing the
reader with background information to facilitate a better
understanding of the various aspects of the present invention.
Accordingly, it should be understood that these statements are
to be read in this light, and not as admissions of prior art.

In the field of medicine, doctors often desire to monitor
certain physiological characteristics of their patients. Accord-
ingly, a wide variety of devices have been developed for
monitoring many such characteristics of a patient. Such
devices provide doctors and other healthcare personnel with
the information they need to provide the best possible health-
care for their patients. As a result, such monitoring devices
have become an indispensable part of modern medicine.

One technique for monitoring certain physiological char-
acteristics of a patient is commonly referred to as pulse oxim-
etry, and the devices built based upon pulse oximetry tech-
niques are commonly referred to as pulse oximeters. Pulse
oximetry may be used to measure various blood flow charac-
teristics such as the blood oxygen saturation of hemoglobin in
arterial blood, the volume of individual blood pulsations sup-
plying the tissue and/or the rate of blood pulsations corre-
sponding to each heartbeat of a patient. In fact, the “pulse” in
pulse oximetry refers to the time varying amount of arterial
blood in the tissue during each cardiac cycle.

Pulse oximeters typically utilize a noninvasive sensor that
transmits electromagnetic radiation, such as light, through a
patient’s tissue and that photoelectrically detects the absorp-
tion and scattering of the transmitted light in such tissue. One
or more of the above physiological characteristics may then
be calculated based upon the amount of light absorbed and
scattered. More specifically, the light passed through the tis-
sue is typically selected to be of one or more wavelengths that
may be absorbed and scattered by the blood in an amount
correlative to the amount of the blood constituent present in
the tissue. The measured amount of light absorbed and scat-
tered may then be used to estimate the amount of blood
constituent in the tissue using various algorithms.

SUMMARY

Certain aspects commensurate in scope with the originally
claimed invention are set forth below. It should be understood
that these aspects are presented merely to provide the reader
with a brief summary of certain forms the invention might
take and that these aspects are not intended to limit the scope
of the invention. Indeed, the invention may encompass a
variety of aspects that may not be set forth below.

In accordance with one aspect of the present invention, a
method of manufacturing a pulse oximeter configured to clas-
sify patient data is disclosed. The method includes collecting
a set of sample data and classifying the sample data as either
pathological or normal using human expertise. The method
also includes generating statistics representative of the
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sample data. A linear discriminator is composed having a
non-linear transform that accepts as input the statistics result-
ing from the statistical analysis and a pulse oximeter is pro-
grammed to compute the linear discriminator using a kernel
function.

In accordance with another aspect of the present invention,
a method for detecting a pathological condition is provided.
The method includes obtaining percent oxygen saturation
data from a patient using a pulse oximeter and classifying the
percent oxygen saturation data using a kernel based classifier
programmed into the pulse oximeter. The kernel based clas-
sifier is trained on sample data categorized by a trained expert.
The kernel based classifier is configured to categorize the
percent oxygen saturation data as indicating a normal state or
a pathological state.

In accordance with yet another aspect of the present inven-
tion an oximeter system configured to detect a pathological
condition is provided. The oximeter system includes a sensor
unit configured to generate a signal representative of detected
electromagnetic radiation that has been transmitted into
blood perfused tissue. Additionally, the oximeter system
includes an oximeter unit configured to determine percent
saturation of hemoglobin data based on the signal. The
oximeter unit is configured to classify the percent saturation
of hemoglobin data as being normal or pathological accord-
ing to a kernel based classifier. The kernel based classifier is
trained using sample data that has been classified by a human
expert and statistically analyzed.

BRIEF DESCRIPTION OF THE DRAWINGS

Certain exemplary embodiments are described in the fol-
lowing detailed description and in reference 1o the drawings,
in which:

FIG. 1 is a set of simulated saturation traces in accordance
with an exemplary embodiment of the present invention;

FIG. 2 illustrates a slope and linearity graph with defined
regions in accordance with an exemplary embodiment of the
present invention;

FIG. 3 illustrates a graph of the saturation traces from FIG.
1inaccordance with an exemplary embodiment of the present
invention;

FIG. 4 illustrates a good discriminator line in accordance
with an exemplary embodiment of the present invention;

FIG. 5 illustrates a poor discriminator line in accordance
with an exemplary embodiment of the present invention;

FIG. 6 illustrates a set of non-separable data points in
accordance with an exemplary embodiment of the present
invention;

FIG. 7 illustrates classification of data points using a non-
linear discriminator in accordance with an exemplary
embodiment of the present invention;

FIG. 8 illustrates a block diagram of an oximeter system in
accordance with an exemplary embodiment of the present
invention;

FIG.9 is a flow chartillustrating a technique for training an
oximeter for classification of saturation traces in accordance
with an exemplary embodiment of the present invention; and

FIG. 10 is a flow chart illustrating a technique for classifi-
cation of saturation traces in accordance with an exemplary
embodiment of the present invention.

DETAILED DESCRIPTION

One or more specific embodiments of the present invention
will be described below. In an effort to provide a concise
description of these embodiments, not all features of an actual
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implementation are described in the specification. It should
be appreciated that in the development of any such actual
implementation, as in any engineering or design project,
numerous implementation-specific decisions must be made
to achieve the developers’ specific goals, such as compliance
with system-related and business-related constraints, which
may vary from one implementation to another. Moreover, it
should be appreciated that such a development effort might be
complex and time consuming, but would nevertheless be a
routine undertaking of design, fabrication, and manufacture
for those of ordinary skill having the benefit of this disclosure.

Pulse oximetry systems may be configured to display
traces of the percent oxygen saturation of hemoglobin. By
simply looking at the saturation traces, a trained expert, such
as a physician, can quickly identify whether a patient is suf-
fering from a pathological condition. For example, a trained
physician may notice trends in the saturation traces indicative
of respiratory distress caused by an apneaic event. However,
while such an apneaic event may be obvious to a trained
physician observing saturation traces, a trained physician is
notalways available to identify the saturation trace trends that
may be indicative of a pathological condition.

Accordingly, a support vector machine (SVM) implement-
ing a kernel to classify multidimensional points of data to
detect pathological conditions is disclosed. Specifically, the
kernel-based classifier scheme is disclosed to detect patho-
logical conditions, such as airway instability, from the trace of
oxygen saturation over time. The SVM may be trained on a
set of calibration data whichhave been adjudged by an expert,
such as a trained physician, to belong in one of two categories
(e.g., normal and pathological). A statistical evaluation of the
classified traces is performed to determine variables that may
be used in the kernel. The kernel uses the variables in classi-
fying a current saturation trace and outputs an indication as to
whether the trace indicates a normal or pathological condi-
tion. The use of the kernel function allows classification to be
performed after a nonlinear transform of the data, which is to
say that discrete points do not need to be linearly separable.
The system and method disclosed, therefore, provides for
detection of a pathological condition by an oximetry system
implementing the SVM. In the interest of clarity, examples of
training a classifier are provided by way of discussion below
and illustrated in the figures.

Expert Classification

Referring to FIG. 1, a number of simulated saturation
traces are shown in accordance with an exemplary embodi-
ment of the present invention and are generally designated by
the reference numeral 10. The horizontal axes of the traces 10
indicate time in seconds. Each saturation trace indicates the
percent saturation over 6 seconds. In alternative embodi-
ments, the saturation traces may have a longer or shorter
duration. The vertical axes of the traces 10 indicate the per-
cent saturation of oxygen in hemoglobin. Seemingly healthy
individuals typically have a saturation level greater than 90%
and saturation levels under 70% are typically indicative of a
pathological condition in and of themselves. Therefore, only
the range of saturation between 70%-100% saturation is
included in the traces 10.

The saturation traces 10 illustrate various trends, regulari-
ties and irregularities which may be found in a random set of
saturation traces from patients. Some of the traces illustrate a
pathological condition, such as apnea, while other traces may
indicate normal conditions of a healthy individual. A trained
expert, such as a physician, may be capable of identifying
saturation traces indicative of a pathological condition, such
as apatient in respiratory distress. The saturation trace pattern
is likely a symptom of an underlying condition, rather than a
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condition itself. Therefore, certain statistical features of the
trace may be determined which might be associated with
normal and pathological conditions, as adjudged by the
trained expert. Given sufficient data, a learning algorithm can
distinguish which statistics are important.

In accordance with an exemplary embodiment of the
present invention, a two-dimensional classifying scheme is
disclosed. The two-dimensional classifying scheme includes
selecting two trace parameters that may be significant in
categorizing traces as being indicative of a pathological con-
dition. For example, slope and linearity may be selected if it
is determined that they may be indicative of a pathological
condition. Alternatively, other statistical parameters may be
used that are determined to be indicative of a pathological
condition. An infinite impulse response (IIR) least squares
regression of saturation to the model S,=rhk+b, where S, is
the saturation at time k can be performed. A tunable param-
eter in the IR regression determines how much older obset-
vations are down weighted. The square of the Pearson’s coef-
ficient of the data, r*, is computed within an IIR framework to
indicate linearity of the data over time.

Turning to FIG. 2, a slope (th) and linearity (r*) graph 20 is
shown in accordance with an exemplary embodiment of the
present invention. The graph 20 is illustrative of a two dimen-
sional classification scheme plotting the slope of a saturation
trace against its linearity, with the slope being the horizontal
axis 22 and linearity being the vertical axis 24. According to
the trained expert’s determinations, regions in the graph 20
may be categorized as “Normal” or “Pathological.”” Specifi-
cally, for example, the expert could classify the traces, such as
those shown in FIG. 1. The classified traces may be plotted in
a graph, such as the graph 20, and by which the expert might
notice that the classified points are separable by a line. While
the expert may be able to notice irregularities in traces, once
more than two statistics are used, it is difficult to visualize the
plots and thus separate the classified points. Thus, as will be
discussed below, in dimensions greater than three, a computer
learning technique is used to do the separations in high
dimensions rather than the experts doing it directly.

The graph 20 also illustrates a “Physiologically Impos-
sible” region which is represented by the area outside lines 26
and 28. The Physiologically Impossible region may be con-
sidered a physical impossibility region indicating death or
that the sensor is no longer positioned to take accurate read-
ings, such as if the sensor is no longer on the patient. Because
of their physical impossibility status, such regions do not
need to be classified by the expert and should not appear in
data used to train the classifier. Furthermore, such regions are
not included in the classification scheme programmed into
the oximeter and, therefore, will not be discussed in greater
detail.

In the graph 20, the line 30 separates regions where a trace
is classified as Normal and where a trace is classified as Not
Normal. The Normal region, generally located on the right
side of the graph 20, may be an area where the slope and
linearity of the trace has been adjudged to be acceptable and
not indicative of an underlying problem. The Not Normal
region, generally located on the left side of the graph 20, may
be an area where the slope and linearity of the trace has been
adjudged to indicate an underlying problem, such as a patho-
logical condition.

Measured saturation traces may be indicated by a single
point, such as point 32 based upon the statistical parameters
of a trace, i.e., slope and linearity, as shown in FIG. 2. The
point 32 lies within the Not Normal region, indicating that the
trace it represents has slope and linearity features to indicate
that the patient may be suffering from a pathological condi-
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tion. For example, in the event that the two dimensional
classifying scheme has been trained to classify traces for
apneaic events, meaning that the line 30 has been generated as
a discriminator between traces that indicate apnea and those
that do not, it may indicate that the patient has apnea.

Referring to F1G. 3, a slope and linearity plot 40 of all of the
saturation traces of FIG. 1is illustrated in accordance with an
exemplary embodiment of the present invention. Each trace
of FIG. 1 is represented by a point in the plot 40. As can be
seen, there are general groupings of points near the center,
towards the upper right hand corner, and towards the upper
left hand corner of the plot 40. The points in the upper right
hand corner are indicative of traces having an upward sloping
and a more linear trend. Contrastingly, points in the upper left
hand corner are indicative of saturation traces having a down-
ward slope and linear trend. The points near the middle of the
plot 40 have little or no slope trend and have varying degrees
of linearity. The line 30 which separated Normal and Not
Normal regions in FIG. 2 may not be an appropriate or accu-
rate delineator for this set of data. Indeed, the Normal and Not
Normal regions may take entirely different shapes. Addition-
ally, the slope and linearity parameters may not be sufficient
to accurately define the Normal and Not Normal regions. As
such, other statistical parameters may be useful. Once more
than two statistical parameters are analyzed, however, it is no
longer easy to plot the regions in space. Moreover. regions of
interest cannot be determined from first principles, meaning
the regions cannot be known a priori, or without actually
computing the vectors that define the region.

Therefore, in accordance with an alternative exemplary
embodiment, a kernel program that weighs statistically sig-
nificant parameters and automatically categorizes the satura-
tion traces as being indicative of a pathological condition or a
normal condition is disclosed. Specifically, a kernel program
can be created and trained to indicate pathological conditions,
such as airway instability, apnea, and respiratory distress.
Indeed, numerous pathological conditions which affect res-
piration and circulation in a time-varying manner may possi-
bly be detected with this method. For example, applicable
conditions may include chronic obstructive pulmonary dis-
ease(COPD), onset of pulmonary edema or pulmonary embo-
lism, pulmonary hypertension, endomyocardial fibrosis,
chronic rheumatic heart diseases, including valve disorders,
and subendocardial infarctions. Depending on incidence and
chances of early intervention, many of the conditions which
possibly could be detected may not ever be sufficiently tested
and trained, rather, received training data which includes
saturation traces of patients with numerous worrisome con-
ditions may be obtained, and an alarm may merely indicate
“trouble” rather than the presence of a specific pathological
condition, such as aortic valve malfunction. Therefore, there
are at least two methods to train the classifier. First, the expert
may look at the saturation traces and classify them as “the
doctor should see this” or “the doctor need not see this.” The
SVM may then be trained with kernels to these classifica-
tions. The other method of training includes obtaining satu-
ration traces from two populations, one with a pathological
condition X, and one without the pathological condition X.
The SVM may then be trained accordingly to indicate the
presence of this specific pathological condition.

As mentioned above, the importance of a particular trend
may depend on parameters besides the slope and linearity,
such as the mean saturation state, e.g., a strong desaturation
event from a mean of 99 may not be as distressing as one from
a mean of 75. Additionally, other statistics which may be of
interest include: the IIR sample variance, the difference
between the mean of the positive first differences and the
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mean of the negative first differences as a rough measure of
asymmetry of local trends, the frequency of the saturation
with the highest energy using a Fourier transform, minimum
saturation over the past 5, 30, 60 seconds, compressibility, or
other such statistical parameters. The 1TR sample variance
and mean statistics, as well as higher order statistics, may also
be considered over varying time scales. Essentially, any
parameter that may aid in distinguishing between a normal
and a pathological state may be included in the list. The
importance of a particular statistic of interest can be deter-
mined by computing the statistic for saturation traces which
have been classified to be in various states by a trained expert
and an algorithmic classifier can then be trained on the data.
Support Vector Machines

A basic framework for support vector machines (SVMs)
which determine discriminators used to classify data is set
forth below. For a more detailed discussion, reference may be
made to two articles by Alex Smola and Bernhard Scholkopf,
A Tutorial on Support Vector Regression, Statistics aAND CoM-
PUTING, 14:199-222 (2004); and Support Vector Machines and
Kernel Algorithms, ENcycropepia oF Biostatistics, John Wiley
and Sons (2003), which are incorporated herein by reference.
In the following discussion, the various statistics of interest
form the vectors x, while the presence or absence of a given
condition, as judged by an expert, is denoted by y,.

A set of calibration data (x;, y,), (X3, ¥2), - - - (X,,, ¥,)) 18
available with the x, vectors in 1-dimensional space (hereafter
denoted R), and the y, are either +1 or -1 to denote, respec-
tively, the presence or absence of some condition or the mem-
bership in one of two groups. The calibration data, such as the
exemplary set of saturation traces of FIG. 1, are adjudged by
an expert. As outline above, each x; is a vector of statistics
which have been generated from the saturation traces classi-
fied as +1 or -1 by the human expert. As such, the x; are not
classified by the experts. The discriminator is a function from
R to the set (-1, +1). The most basic discriminator is the
two-valued sign function R:

—lifx<0}

Sign(x):{ Lif x20

The sign function is inherently ill-conditioned, so it is not
important that it seems arbitrarily defined at x=0.

A linear discriminator, such as those shown in FIGS. 4 and
5, is a function of the form:

Jx)=sign (w'x+D), @

where wis anl-vector, and b is a scalar. A linear discriminator
divides the data into two classes by a hyperplane. All points in
aclosed halfspace are assigned value 1, while those points in
the complement are assigned value -1.

A linear discriminator 50 in R* with some calibration data
are shown in FIG. 4. The discriminator 50 is a line or hyper-
plane which accurately classifies the calibration data, unlike
the poor discriminator 56 of FIG. 5. Note the presence of the
margins 52 and 54, each of width €, in FIG. 4. The margins are
defined as:

minw!x; +b

: i
iomP

The margin is non-negative if and only if all the calibration
data are accurately classified. The presence of a large margin
decreases the likelihood of false negatives or positives and
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also diminishes the effect of ill-posedness, i.e., the arbitrary
definition of sign (x) at x=0. For a given w, there is a unique
b which maximizes the margin. Assuming that this b is always
selected, the problem is reduced to finding the best w. Under
this choice, the margin is dependent only on the direction of
w, not its magnitude. Therefore, w can be assumed to be a
unit-length vector.

To find an optimal classifier, the w and b that maximize the
margin can be found by the equation:

)

. wal-+b
max min ——y;.
whiwlp=t i [wlly

This optimization problem is difficult to deal with, however,
as it has a minimization inside a maximization. To avoid this
problem, the optimization may be re-written, given w and b,
such that:

(WX Ab)YZ1Vi. (©)

It can then be shown that the margin is at least 1/|jw]|, This
leads to the constrained optimization form:

(6)

min
wbi(w! xj+b)yjz1

(1.

which has a solution equivalent to that of optimization prob-
lem (4). To maximize a positive f (x), it suffices to maximize
F3(x), thus, the preferable form:

min [} =wiw, @)

wb(w] x;-+b)y;21

may be achieved. Problem (7) is a quadratic programming
problem for which there are a number of numerical
approaches. One approach commonly used in support vector
machines is that of “Sequential Minimal Optimization” as
outlined by Pai-Hsuen Chen, Chih-Jen Lin, and Bernhard
Scholkopf in A Tutorial on v-Support Vector Machires,
AppLIED STocHAsTIC MODELS 1N BUsINESs aND INpUsTRY 21:111-
136 (2005), which is incorporated herein by reference. Com-
monly, a factor of V5 is prepended to the objective function.
This merely makes the derivatives easier to deal with, as in
e.g., f X)=/x> =V (x)=x.

The above formulations assume that the data are feasible,
1.e., that there is at least one w and b that correctly classifies all
the data. This may not always be true, due to measurement
error, or due to unsuitability of the linear classifier model.
There is no clear definition of an “optimal” classifier when
this is the case. Solutions redefining the “optimal” classifier
may include the following:

1. A classifier which maximizes the margin. The margin in
this case would be negative because not all the data
points can correctly be classified, however, the margin
still measures distance to the classifier line.

2. A classifier which correctly classifies all but k of the
training data points, for some number k, and which has
maximal margin for that subset of training data.

3. Some combination of suggested solutions 1 and 2. For
example, a classifier which correctly classifies all but k
of the training data, and for which the margins of the
remaining k data points are not too bad.
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Other approaches may also be devised which would define an
“optimal” classifier for instances of infeasible data. Each of
the different approaches, however, would be subject to dif-
ferent implementation schemes and may or may not be sup-
ported by theory, depending on the model used for the data.

The Chen, et al. article, for example, discusses two ways of
dealing with infeasible data, or the “soft margin” problem, on
v-SVMs. First, slack variables E,Z0 are introduced to take up
slack in each classification. Specifically, it is required:

(Wbl Z1-E Vi, (8).

For those i which the classifier correctly classifies, &; equal
zero. Because the slack variables could take up all errors and
w can be any variable, minimization of w'w of equation (6)
would not work. Thus, the objective function should also
penalize large values of &,. This has the effect of minimizing
both the number of misclassified data points and the total
magnitude by which they are misclassified, i.e., their distance
from the classifier line. This leads to the “C-form” of the
problem:

min
wbgE20 Wl xpb)y;z1-8, Vi

Wl +C) "¢
i

The sum

N

i

in the objective ensures that there are few nonzero &, in the
objective helps ensure that there are few nonzero &,, and that
they are small in magnitude. The factor C controls the balance
between how much |[w]|,? is minimized and how much the
sum of slack variables are minimized. The C must be chosen
apriori, which may require some a priori knowledge about the
data, or some statistical preprocessing and heuristics.

An alternative form is the “v-form,” in which v controls a
lower bound on the number of support vectors, and an upper
bound on the number of misclassified data points. This is
written as:

. (10)
min
wb£,pip>0820wlx;b)yzp-£ i

1 1
vl e 2006

Returning to the case of calibration data for which there
exists a linear discriminator with positive margin, the data is
called “separable.” In other words, the data is separable if the
data can be classified with a linear discriminator. FIG. 6
illustrates an example of non-separable calibration data. Spe-
cifically, there is no linear discriminator with a positive mar-
gin to rationally discriminate the data points that are solid and
the data points that are open.

Alternatively, FIG. 7 illustrates data which is separable by
a nonlinear discriminator 64. To construct a nonlinear dis-
criminator while retaining the theoretical grounding of linear
discriminators, a linear discriminator with a nonlinear trans-
form can be composed:

F(x=sign (W' (r)+D), (1

where @: R'— R is a nonlinear transform, and w is an L-vec-
tor.
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Anexample is the transform ®(x)=(, 22y, %)), which
carries points from R? to K. The hyperplane dividers in ®°
correspond to ellipses in R® under the inverse of this @. The
nonlinear discriminator 64, therefore, has a generally ellipti-
cal shape, encircling only the solid data points, and correctly
classifies the data of FIG. 7. By setting ® to the identity
transform from ® to RS, with L=1, the linear case is recov-
ered. Since the transform @ subsumes the linear case, it will
be assumed for use in the following discussion regarding
training a classifier.

Training a Classifier

With the calibration data (i.e., the training data vectors x;
and their classifying signs y,, as adjudged by an expert) and
the transform @, the task becomes finding the unit-length
vector w and scalar b that maximize the margin €. A more
thorough discussion of the optimization process is discussed
in the articles by Smola and Sholkopf, which have been
incorporated herein by reference. The optimization may be
performed by commercially available software packages that
accept the training data and variable parameters (kernel type
and kernel parameters). The optimization may, however, uti-
lize a large amount of computing power. Once the proper w
and b are found, classification becomes rather simple using of
the function f defined in equation (11). The primal variable w
and scalar b can be built into an oximetry system to classify
data obtained by the oximeter.

As mentioned above, the technical details of how the maxi-
mization is performed are not important for describing the
programming of the oximeter, a more detailed treatment of
optimization, however, may be found in Numerical Optimi-
zation, by Jorge Nocedal and Stephen J. Wright, Springer
Verlag New York, Inc. (1999), which is incorporated herein
by reference. In the context of an SVM, the Lagrange dual
form allows the implementation of the “Kernel Trick.” A
more detailed description of the Lagrange dual form may be
found in the Chen et al. and Smola and Scholkopf articles
which are incorporated herein by reference. Briefly, the ker-
nel trick is the equivalent of transforming the data

ks

and any vector x to be classified into some feature space by
means of the transform @, and then performing a linear clas-
sification in the featured space. Using the kernel trick, one can
capture the advantage of linear classification in the feature
space without heavy computational costs. Indeed, the func-
tion ® need not be computed or even known to perform the
maximization or to use the classifier in an oximetery system.
This is because it can be shown that the optimal vector w is
spanned by the transforms of the calibration data, i.e.,

w= Z a;®x;),

i

for some real numbers x, which have to be determined in the
optimization. This can also be seen as the consequence of the
Karush-Kuhn-Tucker necessary conditions on optimality or
by considering the case where the set {®(x,)} does not span
R, Any prospective w* not in the span of the d@(x,) can be
projected into the span, resulting in a larger margin.

Under this choice of w, the separator function of equation
4 can be re-written as
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flx)= sign(b + Z a;(D(x;)TCI)(x)] = sign[b + Z a;k(x;, x)], (13

where the function k(x, x')=0(x) " ®(x') is the kernel function.
In the training and use of a support vector machine (SVM) via
this “kernel trick,” the use of the function ® can be avoided.
Instead, only the kernel function k is used. Commonly used
kernels include the polynomial, the Gaussian, the sigmoidal,
and the triangular kernel. The Chen et. al. and Smola and
Scholkopf articles discuss several of these kernels in detail
and reference can be made to those articles for additional
information.

Moreover, theorems, such as Mercer’s Theorem, assert that
under certain conditions a given function k is the kernel
fanction of some transform @, without specifying the trans-
form. The kernel trick, therefore, avoids the curse of dimen-
sionality and linear classifiers in R” can be reasoned for some
large L without having to explicitly transform l-vectors into
the space, providing a computational advantage. Once the
factors a, have been found, they can be used to compute the
function f as given in equation (13).

Programming the Oximeter

An oximeter may be programmed to execute the equation
(13) using the calibration data and the variables c,. The com-
puting use of the dual variables ¢, and the kernel function
provides significant computational savings over implement-
ing a system using the primal variables w, and the transform
function ®.

The oximeter may be configured to receive additional cali-
bration data as it becomes available or, alternatively, the
oximeter may be configured to add data from patients to the
calibration data periodically. Specifically, the patient’s data
may be added to the calibration data when prompted by a
physician, or, alternatively, according to a schedule. Addi-
tionally, the oximeter may be configured to accept a physi-
cian’s override of a classification. For example, in the event
the oximeter indicates a pathological condition and upon
review by a physician no pathological condition exists, the
physician may re-classify the patient’s data and add the re-
classified data to the calibration data. Thus, the oximeter can
continuously increase its knowledge base in order to better
classify patient data.

Referring to FIG. 8, a block diagram of an oximeter system
70 configured to classify trace data is illustrated in accor-
dance withembodiments of the present invention. The oxime-
ter system 70 includes a sensor 72 configured to couple elec-
tromagnetic radiation into a patient’s tissue and detect
electromagnetic radiation from the tissue. The detected elec-
tromagnetic radiation is directed to an oximeter 74. The
oximeter 74 is configured to process the detected electromag-
netic radiation signals to determine various physiological
parameters, such as a patient’s SpO, level, forexample. Addi-
tionally, the oximeter 74 may have a display 76 configured to
output the various physiological parameters that have been
calculated. Specifically, the display 76 may show the percent
saturation of hemoglobin (SpO, ) and a saturation trace (SpO,
vs. time), among other things.

The oximeter 74 is programmed to use the SVM described
above to classify saturation traces into two categories: Nor-
mal and Not Normal. The Normal category can be repre-
sented by a +1 and the Not Normal category can be repre-
sented by a -1.

As described above, the Not Normal, or -1, state indicates
the potential of an underlying pathological problem that may
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need attention. Thus, when the classifier of the oximeter 74
determines a Not Normal condition, an alarm can be initiated.

The alarm can be visual, audible, or both. A visual alarm
may be one that appears on the display 76 of the oximeter 74.
For example, a graphical alarm symbol may appear on the
display 76 or the display may flash on and off to indicate that
a pathological condition has been detected. Alternatively, a
light, such as a red colored LED light on the face of the
oximeter 74, may turn on or flash on and off. The audible
alarm should have a pitch and volume such that attention can
be called to the patient. Additionally, the audible alarm can
vary in pitch and/or volume.

A flow chart illustrating a technique 90 for programming
the oximeter 74 in accordance with an exemplary embodi-
ment of the present invention is shown in FIG. 9. The tech-
nique 90 begins by gathering training saturation data, as indi-
cated at block 92. Data may be gathered from multiple
patients over a period of a few hours or days such that a good
representative data set may be produced. An expert classifies
the data as being Normal or Not Normal as indicated at block
94. Specifically, the data is presented to an expert who is
trained in evaluating saturation trace trends and is capable of
recognizing problematic traces simply by observing the
traces. The traces may be representative of measurements
taken over a matter of a few seconds, a few minutes, or even
tens of minutes, as the trends for particular conditions may
only emerge over longer periods. For such patterns or periods,
the [IR parameters (or the saturation trace sampling rate) may
be tuned to reflect the proper timescale.

The classified data is provided to a computing device
which performs a statistical analysis of the Normal and Patho-
logical trace trends, as indicated at block 96. From this sta-
tistical analysis, an SVM may be created which is capable of
classifying other saturation traces. The SVM is programmed
into the oximeter 74, as indicated at block 98. The kernel trick
described in detail above affords significant computing sav-
ings to the oximeter system, in that it allows for classification
of the data without having to transform I-vectors into the
feature space. Additionally, time savings may be gained dur-
ing the training process. The number of support vectors, X,,
which correspond to nonzero a, can be reduced if the classi-
fier margin is “softened.” In other words, a less accurate
classifier could be constructed which requires less memory
providing cost savings. However, it should recognized that,
generally, 1 different x, different support vectors of length 1
will be programmed into the oximeter. Thus, the memory
requirements are on the order of 1 squared. The smaller
memory may, therefore, limit the number of statistics com-
puted from the saturation trace.

Using the Oximeter

Once the oximeter 74 is programmed with the SVM, it may
be used to determine the presence of a pathological condition
of a patient. FIG. 10 is a flow-chart detailing the technique
100 used by the oximeter 74 to detect the presence of a
pathological condition. The oximeter 74 begins by collecting
saturation trace data, as indicated by block 102. Specifically,
for example, the sensor 72 of the oximetry system 70 of FIG.
8 transmits electromagnetic radiation into the blood perfused
tissue of a patient. The sensor 72 detects the transmitted
electromagnetic radiation after it has passed through the
blood perfused tissue and provides the detected signal to the
oximeter 74.

After the signal is passed to the oximeter 74, the oximeter
74 processes the signal to determine various physiological
parameters, as discussed earlier. Concurrently, the oximeter
74 classifies the data as being indicative of normal or patho-
logical conditions, as shown by block 104. Specifically, the
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data is classified to have either a +1 or a =1 sign, representa-
tive of a normal or pathological state, respectively, as indi-
cated by the decision block 106. In the even that a 1 is
obtained, the oximeter 74 continues collecting data and the
technique 100 is repeated starting at block 102.

If, however, a -1 is obtained, the oximeter 74 may initiate
an alarm, as indicated at block 108. The alarm may implement
visual and/or audible features to draw the attention of a car-
egiver to the fact that a pathological condition has been
detected. Once a pathological condition has been detected,
and the alarm has been initiated, the alarm may be configured
to continue until the alarm has been reset. A button, or other
means may be provided for resetting the alarm. Therefore,
even if subsequent data does not indicate a pathological con-
dition, the alarm may continue so that a caregiver can be
notified of such an occurrence.

In addition to the detection of airway instability, there are a
number of other uses for nonlinear classifiers in oximetry, as
set forth above. Additionally, for example, the classifier can
be used for detecting a sensor-off condition, weakened heart
capacity or high blood pressure. The sensor-off condition is
currently performed by a neural network. Kernel methods,
however, may be preferable to neural networks because there
are a wider variety of available kernel functions and a more
solid theoretical basis.

The SVM for detecting a sensor-off condition may be
trained as described above with regards to the classifier for a
pathological condition. The sensor-off classifier may be
implemented in conjunction with a pathological condition
classifier. Specifically, an oximeter programmed to detect a
sensor-off condition may first apply the sensor-off classifier
to measured data to determine if the sensor is on the patient.
If it is determined that the sensor is on the patient, then data
the classifier for indicating a normal or pathological condition
may be implemented. If however, it is determined that the
sensor is not on the patient, then there is no need to run the
classifier for the pathological condition.

Implementation of the present techniques to determine
additional or alternative pathologies requires independent
training and programming of the support vector machine.
Specifically, a trained expert may classify trace data or other
data produced by the oximeter as indicating or not indicating
the particular condition. Statistical data is then generated and
used to determine vectors used to define regions indicative of
the pathological condition, as described above. The oximeter
is then programmed with the SVM and calibration data, and
configured to indicate the detection of the particular condi-
tion.

While the invention may be susceptible to various modifi-
cations and alternative forms, specific embodiments have
been shown by way of example in the drawings and have been
described in detail herein. However, it should be understood
that the invention is not intended to be limited to the particular
forms disclosed. Rather, the invention is to cover all modifi-
cations, equivalents, and alternatives falling within the spirit
and scope of the invention as defined by the following
appended claims.

What is claimed is:

1. A method of manufacturing a pulse oximeter configured
to classify patient data comprising:

generating statistics of interest representing sample data,

wherein the sample data comprises oxygen saturation
traces classified as either pathological or normal using
human expertise, and the statistics of interest comprise
at least one of linearity or infinite impulse response least
squares regression of saturation variance of the sample
data;
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composing a linear discriminator having a non-linear
transform that accepts as input the statistics of interest;
and
programming a pulse oximeter to compute the linear dis-
criminator using a kernel function, wherein the pulse
oximeter is configured to use the linear discriminator to
classify measured parameters of the patient data as indi-
cating a normal or pathological condition and to com-
municate the classification to a user.
2. The method of claim 1, comprising computing a unit-
length vector w and scalar b that maximize a margin € defined
as

min wTx; + b

i Al

i

wherein x; is sample data, and Y, is a classifier signal 1 or -1.
3. The method of claim 1 comprising finding an optimal
classifier by computing

T

: 2
min [y =w'w,

wybi(w! xj+b)yjz1

wherein w is a vector and b is a scalar.

4. The method of claim 1, comprising defining an optimal
classifier to account for infeasible data.

5. The method of claim 1, wherein the saturation traces are
obtained from a plurality of people.

6. The method of claim 1, wherein the kernel function
comprises k(x, x')=®(x)"®(x") and the linear discriminator
comprises:

flx) = sig;{b + Z a(-(D(x‘-)T(D(x)] = sig;{b + Z aik(x;, x)],

wherein 60 , is an optimized dual variable, x, is sample data,
and x is the measured parameter.

7. The method of claim 1, comprising providing an alarm to
operate in conjunction with the classifier.

8. The method of claim 7, wherein providing the alarm
comprises providing a visual alarm.

9. The method of claim 7, wherein providing the alarm
comprises providing an audible alarm.

10. The method of claim 7, wherein providing the alarm
comprises providing an audible alarm and a visual alarm.

11. The method of claim 1, comprising storing patient data
with classifying signs and updating the linear discriminator
using the stored patient data and classifying signs.

12. The method of claim 1, comprising configuring the
pulse oximeter to allow for a user to override a classification
of the patient data and add the patient data corresponding to
the classification to the sample data.

13. A method for detecting a pathological condition com-
prising:

obtaining percent oxygen saturation data from a patient

using a pulse oximeter; and

classifying the percent oxygen saturation data using a ker-

nel based classifier programmed into the pulse oximeter,
the kernel based classifier being trained on statistics of
interest representing sample data categorized by a
trained expert, the statistics of interest comprising at
least one of linearity or infinite impulse response least
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squares regression of saturation variance of the sample
data, and the kernel based classifier being configured to
categorize the percent oxygen saturation data as indicat-
ing a normal state or a pathological state; and

adding the percent oxygen saturation data to the sample
data used for training the kernel based classifier periodi-
cally with the pulse oximeter.

14. The method of claim 13, wherein the kernel based

classifier implements a linear discriminator comprising:

flx)= sign[b + Z oz‘-(I)(x‘-)T(I)(x)] = sigr{b + Zw‘-k(x‘-, x)],

wherein b is a scalar, cthd 1 is an optimized dual variable, X, is
sample data, and x is the measured data.

15. The method of claim 13, wherein the detection of a
pathological condition initiates an alarm.

16. The method of claim 15, wherein the alarm comprises
an audible alarm.

17. The method of claim 15, wherein the alarm comprises
a visual alarm.

18. The method of claim 17, wherein the alarm comprises
an audible alarm.

19. The method of claim 13, wherein the classifier is con-
figured to determine an apneaic pathology.

20. The method of claim 13, wherein the classifier is con-
figured to determine an airway instability pathology.

21. The method of claim 13, wherein the classifier is con-
figured to determine a respiratory distress pathology.

22. An oximeter system configured to detect a pathological
condition comprising:
a sensor unit configured to generate a signal representative
of detected electromagnetic radiation that has been
transmitted into blood perfused tissue; and

an oximeter unit configured to determine percent satura-
tion of hemoglobin data based on the signal and config-
ured to classify the percent saturation of hemoglobin
data as being normal or pathological according to a
kernel based classifier, wherein the kernel based classi-
fler is trained using statistics of interest representing
sample data that has been classified by a human expert
and statistically analyzed, the statistics of interest com-
prising at least one of linearity or infinite impulse
response least squares regression of saturation variance
of the sample data, and wherein the oximeter unit is
configured to add the percent saturation of hemoglobin
data to the sample data used for training the kernel based
classifier periodically.

23. The oximeter system of claim 22 comprising an alarm
configured to actuate if the data is classified as pathological.

24. The oximeter system of claim 23, wherein the alarm
comprises an audible alarm.

25. The oximeter system of claim 23, wherein the alarm
comprises a visual alarm.

26. The oximeter system of claim 23, wherein the alarm
comprises a visual alarm configured to activate in conjunction
with an audible alarm.

27. The oximeter system of claim 22, wherein the oximeter
unit is configured to allow a user to override a classification
made by the oximeter unit and store the re-classified data with
sample data used to train the kernel based classifier.
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28. The oximeter system of claim 22, wherein the classifier 31. The oximeter system of claim 22, wherein the classifier
is configured to determine an apneaic pathology. is configured to determine a sensor-off condition.

29. The oximeter system of claim 22, wherein the classifier
is configured to determine an airway instability pathology.
30. The oximeter system of claim 22, wherein the classifier 5
is configured to determine a respiratory distress pathology. ok ok ok
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