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7) ABSTRACT

Systems and methods for assessing a non-accessible param-
eter from accessible parameters are provided. A training pro-
cess produces three databases: A dynamical model database
containing input/output (I/0) models relating ABP/CBFV to
ICP when estimating ICP; a mapping function database con-
taining a mapping function for each entry in the model data-
base, providing estimated of the dissimilarity between the
unknown ICP and simulated ICP using the corresponding
dynamical model on a given instance of ABP/CBFV; and a
query feature database of vectors extracted from an instance
of ABP/CBFV. New ABP/CBFV measurements are analyzed
to extract query features that are evaluated by each mapping
function in the database. The output is dissimilarity metrics
providing estimates of the quality of the simulated ICP using
the database models for a given ABP/CBFYV instance. The
dissimilarity metrics are ranked to find the optimal model.
The model is used to simulate ICP using the new ABP/CBFV.
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METHODS FOR NONINVASIVE
INTRACRANIAL PRESSURE CALIBRATION
WITHOUT THE NEED FOR INVASIVE ICP

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] Not Applicable

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH OR DEVELOPMENT

[0002] No Applicable

INCORPORATION-BY-REFERENCE OF
MATERIAL SUBMITTED ON A COMPACT DISC

[0003] Not Applicable
BACKGROUND OF THE INVENTION
[0004] 1. Field of Invention
[0005] This invention pertains generally to methods for

processing sensed physiological information and more par-
ticularly to a system and method for non-invasive Intracranial
Pressure Pulse (ICP) signal analysis and tracking of pulse
metrics for real time diagnosis and prospective treatments.
[0006] 2.Background

[0007] The treatment of many neurological disorders and
brain injuries relies on the continuous measurement of differ-
ent physiological signals like Electrocardiogram (ECG),
Intracranial Pressure (ICP), Saturation of Peripheral Oxygen
(Spo2), and Arterial Blood Pressure (ABP) by physicians.
Dynamic changes in the intracranial pressure (ICP) reflect the
ability of the body to compensate for changes in volume
within the skull and pathophysiological changes in the cere-
bral vasculature. ICP monitoring is an essential element of
current treatment protocols.

[0008] The conventional method for assessing ICP is with
the surgical insertion of a catheter into one of the lateral
ventricles of the brain of the patient that is then connected to
an external pressure transducer. The output of the transducer
produces a characteristic ICP pulse waveform. It has been
recognized that an ICP pulse is typically triphasic with three
subpeaks that originate mostly from cerebral arterial pulsa-
tions with some contributions of venous origin.

[0009] Although intracranial pressure (ICP) is an important
physiological variable for managing brain injury patients, no
clinically accepted medical device exists for noninvasive ICP
assessment. Existing efforts to make a viable noninvasive ICP
device have been focused on finding noninvasive alternative
signals to correlate with ICP but their achievable accuracy is
limited due to a lack of an individualized calibration module.
[0010] A logical attempt to create noninvasive ICP technol-
ogy has been to infer ICP from other available physiological
signals. Many such attempts in the past have focused on
creating noninvasive sensors to measure ICP-related signals.
Examples of such efforts include noninvasive ICP surrogates
from brain imaging, pupillary size, presence of papilledema,
optic nerve sheath width, retinal vein outflow pressure, visual
evoked potentials, displacement of the skull, brain tissue
resonance, cerebrospinal fluid (CSF) flow and CBF as
assessed by phase-contrast MRI, CBFV as measured by Tran-
scranial Doppler, and displacement of tympanic membrane.
[0011] A common scientific challenge to these existing
efforts is to build in vivo calibration to obtain absolute ICP
from its related signals. Without calibration, only ICP trend-
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ing can be potentially inferred without any clue to the abso-
Iute ICP. Nevertheless, in-vivo noninvasive calibration is not
a trivial problem. A global equation will fail because indi-
vidual patient entails different equations to obtain accurate
result. On the other hand, a straightforward regression to
build a calibration equation for each patient is not feasible
because the ICP is not readily obtainable noninvasively for
each new patient as a starting point. In other words, the
calibration problem is challenging because no global equa-
tion exists to transform values of an ICP-related signal to
absolute value of ICP because individual subject entails dif-
ferent calibration functions that cannot be pre-built without
having access to invasive ICP for the specific subject.
[0012] Despite the importance of ICP monitoring, signal
processing capabilities in existing commercial ICP monitor-
ing devices remain poor providing clinicians with a limited
amount of information and reliance on invasive procedures.
As a consequence, clinical decisions related to treating ICP-
related abnormalities are typically made solely based on
mean ICP.

[0013] Accordingly, there is a need for a system and
method for non-invasive ICP monitoring from ICP-related
signals to provide an accurate [CP estimation. There is also a
need for a system and method for ICP monitoring that not
only evaluates mean ICP, but can continuously evaluate the
dynamic morphological features of the ICP pulse wave forms
thatis at the same time accurate, reliable and computationally
practical. The present methods satisfy these needs, as well as
others, and are generally an improvement over the art.

SUMMARY OF THE INVENTION

[0014] The present invention provides an approach for
achieving individualized calibration without using invasive
ICP for a de novo patient. Generally the method is built upon
the integration with system identification and a case based
reasoning framework. A core element in this framework is a
mapping function associated with an input/output model used
to simulate ICP for a given noninvasive signal. This mapping
function maps a noninvasive feature vector to an expected
error of estimating ICP using the input/output model and
hence facilitates the determination of an optimal model from
a collection of models. The various solutions to learning the
mapping functions are illustrated with a baseline multivariate
linear model, a model with ranking constraints, and a kernel-
ized model.

[0015] The method is a Noninvasive ICP Calibration
Framework (NICF) consisting of two key elements: dynami-
cal system modeling and case-based reasoning. The methods
identify individual input/output models between invasive ICP
and noninvasive signals from each subject of a training popu-
lation. To obtain noninvasive ICP for a new patient, an opti-
mal dynamical model is selected from this collection of mod-
els and used to simulate ICP from the noninvasive signals.
System identification is used to identify dynamical models
from the training data in the database. These models can
simulate ICP using noninvasive signals as input. Then a case-
based reasoning process is used on noninvasive signals of a
new subject to locate the optimal ICP simulation model from
the database that are estimated to be able to provide the best
possible estimate of ICP for that patient.

[0016] Finding the optimal model using noninvasive sig-
nals is essentially a ranking process. The algorithm leverages
this insight by incorporating ranking constraints when learn-
ing the functions that map noninvasive signals to a quality
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measure of the ICP estimate. Therefore, it can deliver amuch
more accurate estimation of ICP than other approaches.
[0017] The learning algorithm for the mapping function
involves a sequential convex optimization of a regularized
objective function with ranking constraints. Imposing rank-
ing constraints is vital because the correct ranking of dynamic
models based on mapping function output for a given query
needs to be ensured to achieve accurate retrieval of the model.
Furthermore, a kernelized version of this learning algorithm
was derived to enable nonlinear mapping. The nonlinear map-
ping function, learned using this constraint learning algo-
rithm, performed the best in the validation studies achieving
a performance equivalent to a hypothetical case retrieval
method that returns consistently the best 30th model to each
query.

[0018] The system and method will not only provide end-
users an ICP estimate but also a quality indicator of the
reliability of the estimate. The method also guarantees an
individualized calibration function.

[0019] Further aspects of the invention will be brought out
in the following portions of the specification, wherein the
detailed description is for the purpose of fully disclosing
preferred embodiments of the invention without placing limi-
tations thereon.

BRIEF DESCRIPTION OF THE DRAWINGS

[0020] The invention will be more fully understood by ref-
erence to the following drawings which are for illustrative
purposes only:

[0021] FIG. 1 is a schematic block diagram of a system
framework for estimating inaccessible biological variables
from new accessible biological signal data according to one
embodiment of the invention.

[0022] FIG.2A is a system diagram model where ICP is an
output from a dynamical system driven by its related nonin-
vasive signals.

[0023] FIG. 2B is a system diagram model where ICP is an
input to drive a dynamical system from which ICP-related
noninvasive signals are observed.

[0024] FIG. 2C is a system diagram model where ICP is
among the observables of a dynamical system that also
include its related noninvasive signals.

[0025] FIG. 3 is a schematic block diagram of the NICP
calibration framework (NICF) process according to one
embodiment of the invention.

[0026] FIG. 4 is a flow diagram of the noninvasive ICP
calibration framework optimal model selection process algo-
rithm according to one embodiment of the invention.

DETAILED DESCRIPTION OF THE INVENTION

[0027] Referring more specifically to the drawings, for
illustrative purposes several embodiments of the system and
methods for individualized noninvasive intracranial pressure
calibration of the present invention are depicted generally in
FIG. 1 through FIG. 4. It will be appreciated that the methods
may vary as to the specific steps and sequence and the system
elements may vary as to structural details, without departing
from the basic concepts as disclosed herein. The method steps
are merely exemplary of the order that these steps may occur.
The steps may occur in any order that is desired, such that it
still performs the goals of the claimed invention.

[0028] The framework 10 shown in FIG. 1 is centered on
trained mapping functions including a baseline multivariate
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linear model, a model with ranking constraints or a kernelized
regression model. Generally the implementation of the
method can be logically separated into a training phase and a
running phase. For the training phase, a database is con-
structed, variable features are derived, and system identifica-
tion is conducted along with the training of mapping func-
tions. The training phase can be computationally demanding
and time consuming to decide key system parameters, such as
which feature or mapping function to use.

[0029] Once the system is trained, the development of a
running system will be less involved in terms of algorithms
because all the components required for online running
should have already been developed in the training phase.
[0030] At block 12, a database of biological or physiologi-
cal signal data from a plurality of sensors and a variety of
sources is created. The nature of the biological signal data will
be determined by the type of system that is investigated.
[0031] For example., one physiological parameter may
include invasive intracranial pressure (ICP), the second
physiological parameter may include cerebral blood flow
velocity (CBFV), and a third physiological parameter may
include arterial blood pressure (ABP) data. The signal data-
base can store other relevant signals, such as PCO,, ECG,
arterial PO,, etc. The length of each entry into the signal
database is preferably long enough to facilitate the extraction
of low frequency information and short enough to be reason-
ably treated as coming from a dynamic system with constant
parameters.

[0032] While the embodiments of the systems and methods
disclosed herein relate to estimating ICP values through non-
invasive procedures, these methods and systems can be used
in determining other conditions, and any other random vari-
able may be estimated using these systems and methods. For
example, risks of disease or mortality, or other physiological
parameters than ICP, particularly those that vary with respect
to time, can be estimated through the systems and methods
disclosed herein.

[0033] Additionally, ABPand CBFV are used as exemplary
physiological parameters from which biological signal data is
obtained. However, ABP and CBFV are provided as only
examples and other physiological parameters can be mea-
sured and utilized in accordance with the systems and meth-
ods described herein.

[0034] Atblock 14, the acquired biological signals from the
sensor sources are optionally classified as system variables
according to dynamical relationships and parameters. For
example in a time series estimation system, target time series
(TTS) and its related time series (RTS) can be classified in
different sets of observed variables from the same dynamic
system. TTS and RTS may be used as the output and input of
atime series estimation process to derive variables less acces-
sible from a set of related and more accessible variables in this
illustration.

[0035] In another embodiment, each entry in the signal
database can contain two types of signal classifications,
desired signals and related signals. For example, invasively
measured ICP can be a desired signal and other variables,
including ABP and CBFY, are classified as related signals.
[0036] Dynamical models are built at block 16 that poten-
tially formalize the relationship between feature variables in
the database. Models are preferably developed and cross-
validated. One operating principle of the method is to first
build a collection of dynamical models and then use an
instance of ICP-related signals to locate the optimal models
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within the collection to simulate ICP for this instance. For
example, potential models of the association between RTS
and TTS can be categorized into three types: 1) RTS is an
input signal to the dynamic system that generates TTS; 2)
TTS is an input signal to the dynamic system that generates
RTS; and 3) RTS and TTS are both generated by a dynamic
system.

[0037] Given this categorization, the third scenario, where
the set of RTS data contains at least one variable that shares
the same dynamics origin as that of the TTS, is most appro-
priate. Such an association will theoretically guarantee that
those RTS features, which characterize the intrinsic proper-
ties of the system, can identify the most appropriate model
from the database for simulating TTS.

[0038] Similarly, there are three possible forms of relation-
ship between ICP and its related noninvasive signals as illus-
trated in F1G. 2A through FIG. 2C, where Signal, is referred
to as a noninvasive ICP-related signal, and it is assumed that
there are N of them (N>1). In the first type illustrated in FIG.
2A, ICP is an output of a dynamical system where all the
related signals are considered as inputs. In this case, if an
accurate model of this system is applicable across different
patients, then NICP can be achieved using these input signals
to simulate the model. However, it has been shown that such
a patient-independent model does not exist to model ABP/
CBFV and ICP and is not suitable as a consequence.

[0039] In the second type shown in FIG. 2B, ICP assumes
an input-signal role and the related signals are outputs. Esti-
mate of input in this scenario can usually be approached using
a blind-source identification approach. However, it is not
physiologically plausible to treat ICP as input and ABP/
CBFV as output of the system. Therefore, this model would
be rejected.

[0040] The third type, shown in FIG. 2C, describes ICP as
among the output signals of a dynamical system and its
related signals include both input and output from this
dynamical system. For example, the ABP is the input signal to
the coupled CBF and CSF circulatory dynamical system from
which both ICP and CBFV are output signals.

[0041] At block 18 of FIG. 1, simulation models are pref-
erably formulated for each entry in the signal database. In one
embodiment, a simulation model may be created by a simu-
lation modeler. In another embodiment, the simulation mod-
eler builds a model directly from a given set of input output
data. There are many different types of dynamic models that
are available for use by the simulation modeler such as dis-
crete-time, continuous-time, linear and nonlinear models. For
example, a stable deterministic linear dynamic model can be
used to represent the input/output relationship between ABP,
CBFYV and ICP in simulations. In other embodiments, a non-
linear dynamic model may be used instead of a linear model.
The simulation models formulated at block 18 are typically
stored in a database.

[0042] At block 20, a metric of dissimilarity is derived
through mapping function training. Error exists between the
measured output variables and the simulation from the input/
output model. The dissimilarity calculations quantify the
error. The objective of training is to associate a mapping
function with each database entry.

[0043] This mapping function takes an available feature
vector as input and outputs a dissimilarity measure that pre-
dicts how well the input/output model built from this entry
will perform in estimating an unavailable variable from the
available variable features that is the input to the mapping
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function. For example, a mapping function can be formulated
for each TTS-RTS pair in the database that translates a feature
vector extracted from RTS to the dissimilarity between true
TTS and its estimate from the dynamic model associated with
the same TTS-RTS pair. The association of a mapping func-
tion with each database entry can provide an estimate of how
well the input/output model derived from this database entry
would perform for a given RTS

[0044] The training process at block 20 preferably uses a
dissimilarity matrix.

[0045] The composition of this dissimilarity matrix for a
hypothetical N-entry database is one where the kth database
entry is associated with an N-dimension column vector that is
composed of the dissimilarity measures between each of N
variables and their simulated counterparts from using the
input/output model associated with the kth database entry.
[0046] The dissimilarity matrix may be produced with a
feature matrix subject to NxN simulations and evaluations
where the rows describe how well the final variable (e.g. ICP)
is estimated by models from other database entries and the
columns describe how well a model estimates the final vari-
able from other database entries. A linear mapping function is
preferably used, incorporating multiple independent regres-
sions to evaluate the entries of the feature matrix. In order to
avoid the loss of row wise ranking information, the mapping
function regression is preferably constrained and applied
iteratively. Up to 2N restraints may be used for each mapping
function. In another embodiment, a non-linear kernel func-
tion is used as a replacement for certain inner products among
various feature vectors.

[0047] Using the mapping functions determined in the
training process, for example, a query engine can be utilized
to select appropriate database entries so that the associated
input/output models can be used to predict inaccessible vari-
ables with the knowledge of accessible new biological signal
variables.

[0048] Once the system is trained, it can be used to estimate
an unavailable system variable from a new set of available
variables at block 22. For example, at run time, a feature
vector is extracted from new RTS data and supplied to the
mapping function associated with each TTS-RTS pair to cal-
culate a dissimilarity measure. An optimal TTS-RTS pair is
then selected by analyzing these dissimilarity measures. The
associated input/output model of the selected TTS-RTS pair
is then used to simulate the TTS given the inquiry RTS as an
input.

[0049] Similarly, in the ICP example, a query feature may
be extracted from new APB or CBFV or other biological
signal data and evaluated by the mapping functions to pro-
duce dissimilarity metrics that are ranked to find the optimal
model. The selected model is used to simulate the ICP from
the new biological signals.

[0050] Turning now to FIG. 3, the schematic diagram of
one embodiment 30 of the Noninvasive ICP Calibration
Framework (NICF) shows a highly modularized framework.
The ICP is among the observables of a dynamical system that
also includes its related noninvasive signals. The related non-
invasive signals can include both input and output from the
dynamical system. The operating principle of this NICF
framework is to first build a collection of dynamical models
and then use new ICP-related signals to locate the optimal
models within the collection to simulate ICP for the new
signals. As one illustration of this concept, arterial blood
pressure (ABP) is the input signal to the coupled CBF and
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CSF circulatory dynamical system from which both ICP and
cerebral blood flow velocity (CBFV) are output signals.
[0051] The NCIF framework 30 can be generally divided
into an offline framework training module 32 and an online
execution module 34. The framework training module 32
orients the selected system from a database of collected bio-
logical signal variables as well as dynamic models and simu-
lation models of system and subsystem relationships between
the identified variables. Framework training has the goal of
associating each database entry with a mapping function.
[0052] The online execution module 34 allows the estima-
tion of the desired final variable from new signal variables
through the use of the trained framework.

[0053] AsseeninFIG. 3, the framework training module 32
uses a training process 38 where a database 36 of many
instances of invasive ICP, ABP, and CBFV as well as other
biological signals are analyzed. In this embodiment, the train-
ing 38 results in three types of databases: a database 40 of
linear dynamical models (LDM); a database 42 of mapping
functions, and a database 44 of query features. The dynamical
model database 40 contains the input/output (I/0) models
relating ABP/CBFV to ICP that are built from each instance
of ABP/CBFV/ICP in this illustration. The mapping function
database 42 contains a mapping function for each entry in the
model database 40, which provides an estimate of the dis-
similarity between the unknown ICP and the NICP simulated
using the corresponding dynamical model on a given instance
of ABP/CBFV. Each query feature in the feature database 44
is a vector extracted from an instance of ABP/CBFV.

[0054] In the online execution module 34 of FIG. 3, a new
instance 46 of ABP/CBFV or other variable is acquired and
becomes available for analysis. These signals 46 are first
analyzed to extract a query feature at block 48 that is further
evaluated by each mapping function in the database 42 at
block 50. The outputs of this process are the estimated dis-
similarity metrics providing an estimate of the quality of the
simulated ICP using the models in the database for this given
ABP/CBFV instance. These dissimilarity metrics are then
ranked to find the optimal model by a statistical query engine
at block 52. The returned optimum model is then used to
simulate ICP at block 54 using the new ABP/CBFYV instance
46 to obtain the noninvasive ICP (NICP) 56 estimate.

[0055] Referring also to FIG. 4, one embodiment 60 of the
NCIF algorithm mapping function and selection features is
generally described. At block 62 a number N of dynamical
models have been built from N pairs of invasive [CP and
noninvasive signals as an illustration. At block 64 each of the
N models are simulated using N noninvasive signals that have
been previously acquired. It is then possible to compare the
model simulation results at block 64 with the actual invasive
ICP results to derive a metric of dissimilarity between the two
signals at block 66. For a given dynamical model, N dissimi-
larity measurements are obtained for each of the N ICP and
noninvasive signal pairs at block 68.

[0056] At block 70, N feature vectors are extracted from
each of the N noninvasive signals. Using these N features and
N dissimilarity measurements, a functional relationship can
be learned between a noninvasive feature as input and a dis-
similarity measurement as output at block 72. This relation-
ship is called a mapping-function. Obviously, each model
will be associated with a mapping-function. This mapping-
function essentially provides an estimate of the quality of
noninvasive ICP that is obtained by simulating this model.
Therefore, an optimal model can be selected at block 74 by
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ranking the outputs from the mapping-functions associated
with the models in the collection and then picking the one
outputting the smallest dissimilarity. In addition to estimating
ICP, this approach is able to tell users an estimate of how
accurate the simulated ICP is and thus can flag a potentially
inaccurate noninvasive ICP estimate if the pre-constructed
database of models cannot provide an ICP simulation model
that is good for the current subject.

[0057] The NICF method is also capable of handling any
existing noninvasive signals proposed for ICP estimation
whose dynamical relationship with an ICP signal can be
identified using system identification methods. For example,
the approach was implemented and validated on brain injury
patients whose invasive ICP was available for both building
and validating the approach. The noninvasive signals used in
this implementation include cerebral blood flow velocity
(CBFV) signals measured at the middle cerebral artery
(MCA) using conventional Transcranial Doppler and arterial
blood pressure (ABP) signals measured either invasively or
noninvasively using Finapres.

[0058] The present method is fundamentally different from
previous efforts that attempted to use the pulsatility index (PI)
of CBFV pulses and have shown conflicting results on esti-
mating ICP. The method utilizes a comprehensive character-
ization of CBFV pulse morphology to calculate query fea-
tures for mapping function.

[0059] In addition, the performance of detecting intracra-
nial hypertension using pulse morphological features of
CBFV pulses was compared with just using the pulsatility
index PI alone. It was found that the CBFV pulse morpho-
logical features achieved a much higher performance over P1.
[0060] The mapping-function learning algorithm illus-
trated generally in FIG. 1 through FIG. 4 integrates system
identification and case based reasoning. Specifically, the
algorithm starts with a database with N databases of available
biological signal entries such as invasive ICP and noninvasive
signals. In learning the mapping function, NxN simulation
evaluations are conducted first where each of N models is
used to simulate the ICP for each of the N pairs.

[0061] By comparing simulated ICP with measured ICP, an
NxN dissimilarity matrix E is obtained. The matrix E is
organized such that the i-th row represents dissimilarity for
the i-th ICP using the N models. Furthermore, the i-th column
represents dissimilarity from using the i-th model to simulate
ICP for the N entries. A mapping function for the i-th model
can be defined as: e=G,(f) such that e, =G,(f)) where e, is an
element of E and T is the feature vector of the j-th entry.
[0062] A linear mapping function is used in the form ofa
naive learning approach formulated as solving N independent
linear least squares:

: 2
nzl_n”Fbi - e:,i”z
i

=1, 2, L N where the i-th row of feature F matrix is the feature
vector from the i-th entry and b, is a column vector represent-
ing the i-th mapping function.

[0063] However, this learning approach misses an impor-
tant piece of information, i.e., the rankings among each row of
the matrix E. To demonstrate the importance of ranking con-
straints, it was assumed that a feature for a new feature is . To
find the optimal linear dynamical model (LDM) for this f, the
dissimilarity is calculated from each mapping function so that
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b,.i=1,2, ..., Nis obtained. It is clear now that the correct
ranking among f7b, is important to locate the best model for
this new f.

[0064] To incorporate the row-wise constraints in learning
the mapping function, the following least squares problem
with constraints can be solved:

: 2 2
minl|F, - e, + 1013
1

subject to
£=0

ol FBp <&,i=1,2, IN?

where € is a slack variable for relaxing the constraints, o, is a
Nx1 vector with only one nonzero element equal to 1, f, is a
vector with only two nonzero elements equal to 1 and -1,
respectively. So a,” FBBFij (b,~b;: expressing one ranking
condition for an arbitrary j, k, 1 depending on the locations of
those nonzero elements in ¢, and f3,.

[0065] However, the above formulation is computationally
prohibitive due to a large number of constraints ~O(N?).
Therefore, an approximate solution may be used. The solu-
tion is to sequentially solve the following convex optimiza-
tion problem, with the following formulation of the problem
at step n:

min||F, - eally +MIZIE
1

subject to

£=0

f:i,;b,l < mjll(gjyy(j,,,)) +§j, j=1,2, LN

Fiibu > maxe, ) 48wy = 1,2, LN

[0066] In this formulation, it is assumed that b, i=1,2, . ..
, -1 1s estimated and that b,, is to be solved. The incorpora-
tion of ranking constraints is preferably done by using two
lists:  L*(.n)={kle >, ,&k<n} and L(,n)~{kle, e,
r&k<n} to find the upper and lower bounds for f;:b, based on
the estimated b, up to n-1. Therefore, the maximal number of
constraints is 2N at each step. Conflicts may occur when
upper bound is lower than lower bound, however. In such a
case, only one of the constraints can be kept so that the actual
number of constraints will be smaller than 2N.

[0067] To further enhance the flexibility of the mapping
function, it will be seen that the above linear solution can be
expressed solely in the form of inner products among various
feature vectors and hence a “kernel trick” can be played to
replace those inner products with a nonlinear kernel function.
In this way, the most flexible solution can be obtained that
also enjoys the ranking constraints.

[0068] In the preceding derivation, the following is a re-
formulation of the problem in standard form by removing the
subscripts from b, and the introduction of a regularization
term to handle the under-determined problem when the
dimension of the feature space becomes infinite after kernel-
ization:
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minll b - el + A1 + HIBIE

subject to
=20

fibswi+;

[0069] Since the solution should be in the row space of F,
i.e., b=F7u because the objective function contains only the
quadratic terms of b, the following is obtained:

min||FFTu — el3 + A3 + yul FF
bi

subject to
Zz0

fj,:FTuswj+{j

[0070] Then, the substitution of x=FF"u provides:

. 1
minfy = ey + A5 + yx' (FF') x

subject to
=20

Xijj+§j

[0071] 1t is possible to solve for x and then obtain b by
invoking b=F” (FF”)'x. Hence, an estimate of dissimilarity
for a new feature vector f,,, , can be obtained as e, , =y, , "F*
(FF7)'x where only inner products among rows of F and
between rows of F and f,,, are involved. By playing the
kernel trick, we have:

N

elfi= Y K(fT, filki'x

i

where K is a chosen kernel function and K~' is the inverse of
kernel matrix of training features.

[0072] Accordingly, the incorporation of ranking con-
straints and the kernelized solution are both important ele-
ments in improving the accuracy of noninvasive ICP estima-
tion.

[0073] The invention may be better understood with refer-
ence to the accompanying examples, which are intended for
purposes of illustration only and should not be construed in
any sense as limiting the scope of the present invention as
defined in the claims appended hereto.

Example 1

[0074] In order to demonstrate the functionality of the
invention, cerebral blood flow velocity (CBFV)was used as a
noninvasive signal and the CBFV pulse morphological fea-
tures were extracted using a pulse analysis algorithm termed
Morphological Clustering and Analysis of Intracranial Pulse
(MOCAIP). By using the MOCAIP algorithm to analyze
CBFV pulses, a significant correlation between morphologi-
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cal metrics of ICP and CBFV pulses was observed. The
MOCAIP algorithm was used to analyze CBFV pulses to
derive input features for the mapping function.

[0075] The MOCAIP analysis starts by detecting indi-
vidual pulses from the continuous raw pulsatile signal using
an algorithm. Consecutive sequences of these raw pulses
within a pre-defined time window are clustered, resulting in
dominant ICP pulses that are validated against artifact-free
pulses in a library of pulses. Only the legitimate dominant
pulses are further processed to detect inflection points and
local optima of the pulse as candidate peaks. Finally, the peak
designation recognizes up to three peaks, in legitimate pulses,
among the candidate peaks. There have been defined 128
MOCAIP metrics that can be calculated based on the identi-
fied peak locations. These metrics capture morphology of a
pulse and have been shown to contain useful input features to
various predictive models.

[0076] Using the MOCAIP algorithm, simultaneously
recorded CBFV (from the MCA) and ICP from 47 brain
injury patients were analyzed and then the inter-subject cor-
relation between these 128x128 pairs of metrics was studied
using a statistically robust percentage bend correlation
method. It was found that 15.2% of metric-pairs between ICP
and CBFV pulses have significant (p<0.01) correlation. Since
the CBFV pulse morphological features are informative of
ICP state, they were a good input feature for mapping func-
tion.

[0077] The preliminary assessment of the mapping func-
tion learning approach was conducted using a database con-
sisting of simultaneously recorded ICP, ABP, and CBFV sig-
nals from 38 TBI, 27 aSAH, and 10 hydrocephalus patients.
The age span of the database is from 18 to 89 years old with
an average age of 43.9 years old. Each signal entry in the
database is 300 heartbeats long. Some patients contribute
multiple entries and hence we have in total 169 entries in the
database. The distribution of four basic vita signs of the 169
entries in the database was evaluvated. It was observed that
entries with high ICP were rare.

[0078] To visualize the quality of the database, a hypotheti-
cal querying algorithm was used that always returns the data-
base entry that is guaranteed to produce a model that achieves
n-th lowest percentile dissimilarity among all available mod-
els. This is a hypothetical approach because it requires that we
know the invasive ICP as ground truth. The best performance
of such a querying algorithm is for the algorithm to return the
entry with lowest dissimilarity. Graphs of 10 overlapped ICP
and estimated ICP traces representing different levels of error
across the database using the ideal algorithm were generated.
Qualitatively, it was seen that the noninvasive ICP can be
adequately estimated for up to 75% of the database entries by
the ideal mapping function. By increasing percentile of this
guaranteed error, the median error across database entries was
calculated and listed in Table 1. The median error from a
realistic mapping-function learning algorithm can be com-
pared with entries in this table to see how a particular map-
ping-function learning algorithm stands in this chart.

[0079] The distribution of the dissimilarity as a function of
difference of a vital sign belonging to a test entry for which
the ICP was estimated and that of a model-supplying entry
was investigated. The distribution for four vital signs includ-
ing mean ICP, mean ABP, mean FV, and heart rate (HR) was
evaluated. It was revealing to observe that mean ICP differ-
ence between model-supplying entry and that of a test entry
has the largest influence as there was a clear ditch of dissimi-
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larity at zero difference. This finding showed that an inad-
equate number of entries of high ICP will limit the perfor-
mance of any noninvasive ICP approach based on this
database.

[0080] Using the current database, significant improve-
ment of the newly developed leaming algorithm for the map-
ping function was demonstrated. Furthermore, existing
efforts at developing noninvasive sensors for ICP can signifi-
cantly benefit from this calibration approach.

Example 2

[0081] To evaluate the performance of the calibration meth-
ods, a 3-fold cross-validation was used to compare the pet-
formance of four learing algorithms including the naive
linear mapping, linear mapping with sequential constraints,
nonlinear mapping using a Gaussian kernel, and nonlinear
mapping using a Gaussian kernel plus the sequential con-
straints. In each fold, test entries and training entries were
from different patients. Except for the linear mapping func-
tion, the other three methods had hyper-parameters that will
affect performance.

[0082] The median error and the standard deviation of the
performances from each method were computed. Median
error was preferred because there are extremely large errors
for the naive linear mapping function that inflate the mean
error.

[0083] Interms of absolute error, a paired-sign test showed
that all three new methods achieved significantly (p<0.01)
better results than the naive linear mapping. Among the three
new methods, the nonlinear kernel with ranking constraints
was significantly better than both constrained linear (p=0.
005) and nonlinear kernel approach (p=0.015). This result
clearly documents the progressive methodological improve-
ment that was achieved. Both nonlinear kernel and ranking
constraints are important factors in the new learning strategy.
[0084] By cross-referencing the displayed median error
values to those listed in Table 1, a more intuitive understand-
ing of the results can be obtained. Table 1 lists the median
error for a hypothetical query method that always returns the
top n-th performing model-supplying entry to a test case.
Therefore, in terms of median error, the mapping function
from using a nonlinear constraint learning approach is
equivalent to a hypothetical query function that returns
model-supplying entry among the top 30% performers.
[0085] Scatter plots between the true dissimilarity (y-axis)
and the estimated dissimilarity (x-axis) from the nonlinear
constraint approach were prepared and evaluated. The scatter
plots were generated based on the percentiles of the noninva-
sive ICP error. It was not surprising that test entries with
higher ranking-correlation generally have the smallest error
(smaller percentile). Please note that every mapping function
has to do well to achieve a high-ranking correlation for a new
test entry. Therefore, the good result obtained entry cannot be
explained by random luck.

[0086] From the discussion above it will be appreciated that
the invention can be embodied in various ways, including the
following:

[0087] 1. A method of estimating an unknown physiologi-
cal value from measurements of associated physiological
parameters, comprising: (a) creating a database of measure-
ments of a plurality of physiological parameters; (b) provid-
ing a database of linear dynamical input/output models built
from pairs of physiological parameter measurements; (c)
associating a mapping function with each model in the data-
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base of models, said mapping function providing at least one
dissimilarity value representing dissimilarity between an
actual value or function and an estimated value or function
from using the model associated with the mapping function;
(d) extracting features from a newly acquired set of measure-
ments of one or more physiological parameters; (e) evaluat-
ing extracted features with each associated mapping function
model producing dissimilarity metrics for each extracted fea-
ture; (f) ranking the dissimilarity metrics to find an optimal
model; and (g) using the optimal model and the newly
acquired set of measurements of one or more physiological
parameters to simulate an unknown physiological value.

[0088] 2.A method as recited in any previous embodiment,
further comprising: compiling a database of query features
extracted from the database of measurements of a plurality of
physiological parameters.

[0089] 3.A method as recited in any previous embodiment,
further comprising: estimating model quality from said
ranked dissimilarity metrics.

[0090] 4.A method as recited in any previous embodiment,
wherein the physiological parameters mapping function com-
prises a linear mapping function with row wise ranking con-
straints.

[0091] 5.A method as recited in any previous embodiment,
wherein the mapping function further comprises: replacing
inner products with a nonlinear kernel function.

[0092] 6.A method as recited in any previous embodiment,
wherein the database of physiological parameters comprises
cerebral blood flow velocity (CBFV) signals, intracranial
pressure (ICP) signals and arterial blood pressure (ABP) sig-
nals from a plurality of subjects.

[0093] 7. A method of estimating ICP with non-invasive
biological signals, the method comprising: (a) creating a data-
base of measurements of ABP, ICP and CBFP from a plurality
of test subjects; (b) creating a database of linear dynamical
input/output models relating ABP and CBFV with ICP that
are built from entries in the ABP, ICP, CBFP database; (c)
creating a mapping function database of simulations of each
dynamical model with each ABP/CBFV instance in the mea-
surement database; (d) providing an estimate of dissimilarity
between an unknown ICP and each simulation ICP; (e)
obtaining ABP and CBFV measurements from a patient; (f)
extracting features from the ABP and CBFV measurements;
(g) evaluating the mapping function of each entry in the
mapping function database to produce dissimilarity metrics;
(h) ranking the dissimilarity metrics to find an optimal model,
and (i) simulating the ICP from the optimal model to estimate
ICP of the patient.

[0094] 8.A method as recited in any previous embodiment,
further comprising: creating a database of query features
extracted from the database of measurements of a plurality of
physiological parameters.

[0095] 9. A method as recited in any previous embodiment,
further comprising: estimating model quality from said
ranked dissimilarity metrics.

[0096] 10. A method as recited in any previous embodi-
ment, wherein the physiological parameters mapping func-
tion comprises a linear mapping function with row wise rank-
ing constraints.

[0097] 11. A method as recited in any previous embodi-
ment, wherein the mapping function further comprises:
replacing inner products with a nonlinear kernel function.
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[0098] 12. A method as recited in any previous embodi-
ment, wherein the mapping function comprises:

N

()= Y KT, fiakilw

i

where fis a new feature, « is a chosen kernel function and K*
is the inverse of a kernel matrix of training features.

[0099] 13.A system forestimating an unknown physiologi-
cal value from measurements of associated physiological
conditions, comprising: (a) sensors adapted to sense physi-
ological conditions of a patient and produce one or more
biological signals; and (b) computer with programming on a
computer readable storage medium storing instructions
which, when executed on a programmed processor, performs
steps comprising: receiving biological signals from the sen-
sors; extracting features from one or more received biological
signals; comparing extracted features with entries of a data-
base of mapping functions of linear dynamical models pro-
ducing dissimilarity metrics for each extracted feature; rank-
ing the dissimilarity metrics to find an optimal model; and
using the optimal model and the received set of biological
signals to simulate an unknown physiological value.

[0100] 14.A system as recited in any previous embodiment,
the programming further comprising: a framework training
module; and an execution module; wherein the framework
training module comprises a database of recorded biological
signals from many different patients, a database of linear
dynamic models and a feature database.

[0101] 15.A system as recited in any previous embodiment,
wherein the database of recorded biological signals com-
prises cerebral blood flow velocity (CBFV) signals, intracra-
nial pressure (ICP) signals and arterial blood pressure (ABP)
signals from a plurality of subjects.

[0102] 16.A system as recited in any previous embodiment,
wherein the mapping function of said programming com-
prises:

N

()= K7, filkilx

i

where fis anew feature, « is a chosen kernel function and K=!
is the inverse of a kernel matrix of training features.

[0103] 17.Asystem as recited in any previous embodiment,
wherein the dissimilarity metrics are placed in a dissimilarity
matrix for ranking.

[0104] Embodiments of the present invention may be
described with reference to flowchart illustrations of methods
and systems according to embodiments of the invention, and/
or algorithms, formulae, or other computational depictions,
which may also be implemented as computer program prod-
ucts. In this regard, each block or step of a flowchart, and
combinations of blocks (and/or steps) in a flowchart, algo-
rithm, formula, or computational depiction can be imple-
mented by various means, such as hardware, firmware, and/or
software including one or more computer program instruc-
tions embodied in computer-readable program code logic. As
will be appreciated, any such computer program instructions
may be loaded onto a computer, including without limitation
a general purpose computer or special purpose computer, or
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other programmable processing apparatus to produce a
machine, such that the computer program instructions which
execute on the computer or other programmable processing
apparatus create means for implementing the functions speci-
fied in the block(s) of the flowchart(s).

[0105] Accordingly, blocks of the flowcharts, algorithms,
formulae, or computational depictions support combinations
of means for performing the specified functions, combina-
tions of steps for performing the specified functions, and
computer program instructions, such as embodied in com-
puter-readable program code logic means, for performing the
specified functions. It will also be understood that each block
of the flowchart illustrations, algorithms, formulae, or com-
putational depictions and combinations thereof described
herein, can be implemented by special purpose hardware-
based computer systems which perform the specified func-
tions or steps, or combinations of special purpose hardware
and computer-readable program code logic means.

[0106] Furthermore, these computer program instructions,
such as embodied in computer-readable program code logic,
may also be stored in a computer-readable memory that can
direct a computer or other programmable processing appara-
tus to function in a particular manner, such that the instruc-
tions stored in the computer-readable memory produce an
article of manufacture including instruction means which
implement the function specified in the block(s) of the flow-
chart(s). The computer program instructions may also be
loaded onto a computer or other programmable processing
apparatus to cause a series of operational steps to be per-
formed on the computer or other programmable processing
apparatus to produce a computer-implemented process such
that the instructions which execute on the computer or other
programmable processing apparatus provide steps for imple-
menting the functions specified in the block(s) of the flow-
chart(s), algorithm(s), formula(e), or computational depic-
tion(s).

[0107] Although the description above contains many
details, these should not be construed as limiting the scope of
the invention but as merely providing illustrations of some of
the presently preferred embodiments of this invention. There-
fore, it will be appreciated that the scope of the present inven-
tion fully encompasses other embodiments which may
become obvious to those skilled in the art, and that the scope
of the present invention is accordingly to be limited by noth-
ing other than the appended claims, in which reference to an
element in the singular is not intended to mean “one and only
one” unless explicitly so stated, but rather “one or more.” All
structural, chemical, and functional equivalents to the ele-
ments of the above-described preferred embodiment that are
known to those of ordinary skill in the art are expressly
incorporated herein by reference and are intended to be
encompassed by the present claims. Moreover, it is not nec-
essary for a device or method to address each and every
problem sought to be solved by the present invention, for it to
be encompassed by the present claims. Furthermore, no ele-
ment, component, or method step in the present disclosure is
intended to be dedicated to the public regardless of whether
the element, component, or method step is explicitly recited
in the claims. No claim element herein is to be construed
under the provisions of 35 U.S.C. 112, sixth paragraph, unless
the element is expressly recited using the phrase “means for.”
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TABLE 1

E Returned/Median Error

Median Error

Smallest  10% 20% 30% 40% 50% 60%  70%

E return 1.05 227 340 442 567 7.05 833 9.88

We claim:

1. A method of estimating an unknown physiological value
from measurements of associated physiological parameters,
comprising:

(a) creating a database of measurements of a plurality of

physiological parameters;

(b) providing a database of linear dynamical input/output
models built from pairs of physiological parameter mea-
surements;

(c) associating a mapping function with each model in the
database of models, said mapping function providing at
least one dissimilarity value representing dissimilarity
between an actual value or function and an estimated
value or function from using the model associated with
the mapping function;

(d) extracting features from a newly acquired set of mea-
surements of one or more physiological parameters;

(e) evaluating extracted features with each associated map-
ping function model producing dissimilarity metrics for
each extracted feature;

(f) ranking the dissimilarity metrics to find an optimal
model; and

(2) using the optimal model and the newly acquired set of
measurements of one or more physiological parameters
to simulate an unknown physiological value.

2. A method as recited in claim 1, further comprising com-
piling a database of query features extracted from the data-
base of measurements of a plurality of physiological param-
eters.

3. A method as recited in claim 1, further comprising:

estimating model quality from said ranked dissimilarity
metrics.

4. A method as recited in claim 1, wherein said physiologi-
cal parameters mapping function comprises a linear mapping
function with row wise ranking constraints.

5. A method as recited in claim 4, wherein said mapping
function further comprises replacing inner products with a
nonlinear kernel function.

6. A method as recited in claim 1, wherein said database of
physiological parameters comprises cerebral blood flow
velocity (CBFV) signals, intracranial pressure (ICP) signals
and arterial blood pressure (ABP) signals from a plurality of
subjects.

7. A method of estimating ICP with non-invasive biologi-
cal signals, the method comprising:

(a) creating a database of measurements of ABP, ICP and

CBFP from a plurality of test subjects;

(b) creating a database of linear dynamical input/output
models relating ABP and CBFV with ICP that are built
from entries in the ABP, ICP, CBFP database;

(c) creating a mapping function database of simulations of
each dynamical model with each ABP/CBFV instance in
the measurement database;

(d) providing an estimate of dissimilarity between an
unknown ICP and each simulation ICP;
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(e) obtaining ABP and CBFV measurements from a
patient;

(D) extracting features from the ABP and CBFV measure-
ments;

(g) evaluating the mapping function of each entry in the
mapping function database to produce dissimilarity
metrics;

(h) ranking the dissimilarity metrics to find an optimal
model; and

(1) simulating the ICP from the optimal model to estimate
ICP of the patient.

8. A method as recited in claim 7, further comprising cre-
ating a database of query features extracted from the database
of measurements of a plurality of physiological parameters.

9. A method as recited in claim 7, further comprising esti-
mating model quality from said ranked dissimilarity metrics.

10. A method as recited in claim 7, wherein said physi-
ological parameters mapping function comprises a linear
mapping function with row wise ranking constraints.

11. A method as recited in claim 10, wherein said mapping
function further comprises replacing inner products with a
nonlinear kernel function.

12. A method as recited in claim 7, wherein the mapping
function comprises:

N

)= K7, fiakilw

i

where f is a new feature, K is a chosen kernel function and
K™ is the inverse of a kernel matrix of training features.

13. A system for estimating an unknown physiological

value from measurements of associated physiological condi-
tions, comprising:

(a) a plurality of sensors adapted to sense physiological
conditions of a patient and produce one or more biologi-
cal signals; and

(b) a computer with programming on a computer readable
storage medium storing instructions which, when
executed on a programmed processor, perform steps
comprising:
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(i) receiving biological signals from the sensors;

(ii) extracting features from one or more received bio-
logical signals;

(iii) comparing extracted features with entries of a data-
base of mapping functions of linear dynamical mod-
els producing dissimilarity metrics for each extracted
feature;

(iv) ranking the dissimilarity metrics to find an optimal
model; and

(v) using the optimal model and the received set of
biological signals to simulate an unknown physi-
ological value.

14. A system as recited in claim 13, said programming
further comprising:

a framework training module; and
an execution module;

wherein said framework training module comprises a data-
base of recorded biological signals from many different
patients, a database of linear dynamic models and a
feature database.

15. A system as recited in claim 14, wherein said database
of recorded biological signals comprises cerebral blood flow
velocity (CBFV) signals, intracranial pressure (ICP) signals
and arterial blood pressure (ABP) signals from a plurality of
subjects.

16. A system as recited in claim 13, wherein the mapping
fanction of said programming comprises:

N

ef)= ) KT, fiakil s

i

where f1is a new feature, K is a chosen kernel function and
K~ is the inverse of a kernel matrix of training features.

17. A system as recited in claim 13, wherein said dissimi-
larity metrics are placed in a dissimilarity matrix for ranking.
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