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DATA MINING SYSTEM FOR NONINVASIVE
INTRACRANIAL PRESSURE ASSESSMENT

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit under 35 U.S.C.
§371 of International Patent Application No. PCT/US2007/
008534, filed on Apr. 5, 2007, and titled “DATA MINING
SYSTEM FOR NONINVASIVE INTRACRANIAL PRES-
SURE ASSESSMENT,” which claims the benefit under 35
U.S.C. §119(e) of U.S. Provisional Patent Application No.
60/789,410, filed on Apr. 5, 2006, and titled “DATA MINING
FRAMEWORK OF NONINVASIVE INTRACRANIAL
PRESSURE,” the entirety of which is hereby incorporated by
reference.

GOVERNMENT LICENSE RIGHTS

[0002] The U.S. Government has a paid-up license in this
invention and the right in limited circumstances to require the
patent owner to license others on reasonable terms as pro-
vided for by the terms of Contract/Grant Nos. 441488-MD-
19900 and NS40122-01 awarded by the National Institute of
Neurological Disorders and Stroke and Contract/Grant No.
1R21NS055998-01 A1 awarded by the National Institute of
Health.

BACKGROUND OF THE INVENTION

[0003] 1. Field of the Invention

[0004] This disclosure relates to methods and apparatus for
processing physiological information. The disclosure relates
in particular to a methods and apparatus for the assessment
and processing of intracranial pressure data.

[0005] 2. Description of the Related Art

[0006] Although several noninvasive techniques of mea-
suring intracranial pressure (ICP) have been proposed during
the last decade, the only established means of ICP measure-
ment is an invasive direct procedure, which accesses the
intracranial space in ventricles, parenchymal, or epidural
space for sensing ICP. Albeit this invasiveness, long term
monitoring of ICP has been part of the established protocols
of managing brain injury patients in a neurosurgical intensive
care unit. The risk involved in an invasive ICP measurement
1s justified in such a critical scenario because of the demon-
strated benefits of outcome improvement of brain injury
patients. However, there are many other situations where an
assessment of ICP, or even a monitoring, is desirable but an
invasive procedure is inappropriate. For example, these situ-
ations may include: management of fulminant hepatic failure
(FHF) and liver transplant patients where ICP monitoring
allows a specific therapy to control intracranial hypertension
but is especially risky for patients with coagulopathy; in a
non-specialized units where the ICP sensor placement is not
possible; and management of normal, pregnant women or
those with pre-eclampsia. Furthermore, even in a neurosur-
gical setting, noninvasive ICP is a highly desirable follow-up
assessment of hydrocephalous patients with implanted
shunts.

[0007] Noninvasive assessment of ICP (NICP) has been
pursued with several approaches that are based on different
physical principles. Unfortunately, none of them has been
clinically accepted. The existing approaches share the com-
mon idea of measuring an alternative physical variable that
carries ICP information for its estimation. The relationship
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between ICP and these secondary measurements is governed
by complex physical and physiological principles. Realistic
mathematical expression of these principles are almost
impossible or only available in a highly simplified form such
that a straightforward formula cannot be established for rep-
resenting such a relationship. Instead, advanced signal pro-
cessing techniques are well justified in order to establish such
hidden relationship between ICP and its secondary variables.
The noninvasive ICP methods lack such built-in signal pro-
cessing approaches.

SUMMARY OF THE INVENTION

[0008] In certain embodiments, a system for data mining
cerebral hemodynamic signals for NICP assessment is dis-
closed. The system comprises two processes: a training pro-
cess and a simulation process. In certain embodiments, the
training process is used to explore existing information in the
signal database and organize it into a mapping function by
which the database becomes searchable. In certain embodi-
ments, the simulation process constructs a hemodynamic fea-
ture vector from ABP and CBFV that can be used as the input
to the mapping function for querying the database. The query
will return the most suitable record that can be used for
building an ICP estimation model on the fly. The simulation
process then simulates this model to obtain the unobserved
ICP.

[0009] Insome embodiments, a system, for determining an
estimated ICP of a first patient, is described that includes a
processing module that receives a first input based on a first
plurality of measurements of a first physiological parameter
of the first patient, the first physiological parameter correlat-
ing with ICP, that receives a second input based on a second
plurality of measurements of a second physiological param-
eter of the first patient, the second physiological parameter
correlating with ICP, that processes the first and second inputs
based onan ICP model, and that produces an output indicative
of the estimated ICP of the first patient. The ICP model is
preferably chosen from a plurality of potential ICP models,
each of the potential ICP models having an associated map-
ping function that maps values of the first and second physi-
ological parameters to at least one dissimilarity value, each of
the at least one dissimilarity values representing a dissimilar-
ity between an estimated ICP value or function and an
observed ICP value or function.

[0010] Insome embodiments, a hemodynamic feature vec-
tor includes values of, or derived from, the first and second
physiological parameters discuss above. In some embodi-
ments, the ICP model is chosen based on the dissimilarity
values obtained by inputting data indicative the first patient’s
first plurality of measurements and second plurality of mea-
surements into the mapping functions of each of the potential
ICP models, based on the inputted data, outputting a corre-
sponding dissimilarity value for each of the potential ICP
models, and choosing an optimal dissimilarity value from
among the corresponding dissimilarity values, based on at
least on criterion. In some embodiments, each of the corre-
sponding dissimilarity values comprise a scalar value. In
some embodiments, the small the scalar value, the more simi-
lar the estimated ICP is to the measured ICP, and dissimilarity
values can be comparable under the same criterion. In some
embodiments, a hemodynamic feature vector includes
derived values from the first patient’s first plurality of mea-
surements and second plurality of measurements. In some
embodiments, the criterion is determining a minimum dis-
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similarity value or a maximum-score dissimilarity. In some
embodiments, the dissimilarity value includes an expression
of a cross correlation coefficient between estimated and
observed ICP values or vectors, a pulsatile component of at
least one of said first plurality of measurements and said
second plurality of measurements, or a slow wave component
of at least one of said first plurality of measurements and said
second plurality of measurements.

[0011] In some embodiments, the system includes an out-
put module that receives the output produced by the process-
ing module. The output module can be an electronic display,
a printed display, an audible display, or any other visual,
audible, or tactile indication. In some embodiments, the pro-
cessing module includes computer-executable instructions.
The system can also include a storage module that stores data
indicative of at least one of said first plurality of measure-
ments and said second plurality of measurements. In some
embodiments, the output includes data configured to be
stored on a computer-readable medium. In some embodi-
ments, at least one of the first and second physiological
parameters include pCO,, pO,, arterial blood pressure, cere-
bral blood flow velocity, or an echocardiographic measure-
ment. Additionally, the observed ICP value or function is
preferably obtained from a patient other than said first patient.
[0012] Some embodiments described herein provide meth-
ods of determining an estimated ICP of a first patient. These
methods preferably include inputting into an ICP model a first
plurality of measurements, of a first physiological parameter
of the first patient, the first physiological parameter correlat-
ing with ICP; inputting into an ICP model a second plurality
of measurements, of a second physiological parameter of the
first patient, the second physiological parameter correlating
with ICP; and outputting from the ICP model the estimated
ICP of the patient. The ICP model is preferably chosen from
a plurality of potential I[CP models, each of the potential ICP
models having an associated mapping function that maps
values of said first and second physiological parameters to at
least one dissimilarity value, each of said at least one dissimi-
larity values representing a dissimilarity between an esti-
mated ICP value or function and an observed ICP value or
function.

[0013] Insomeembodiments,a hemodynamic feature vec-
tor includes the values of, or derived values from, the first and
second physiological parameters. In some embodiments, the
method also includes inputting the first patient’s first plurality
of measurements and second plurality of measurements into
the mapping functions of each of the potential ICP models,
outputting a corresponding dissimilarity value for each of the
potential ICP models, and choosing an optimal dissimilarity
value from among the corresponding dissimilarity values,
based on at least one criterion.

[0014] In some embodiments, at least one criterion
includes determining a minimum dissimilarity value or a
maximum-score dissimilarity value from among the corre-
sponding dissimilarity values. In some embodiments, the dis-
similarity value includes an expression of a cross correlation
coefficient between estimated and observed ICP values or
vectors, a pulsatile component of at least one of said first
plurality of measurements and said second plurality of mea-
surements, or a slow wave component of at least one of said
first plurality of measurements and said second plurality of
measurements.

[0015] Insomeembodiments, a hemodynamic feature vec-
tor comprises derived values from the first patient’s said first
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plurality of measurements and second plurality of measure-
ments, and each of the corresponding dissimilarity values can
comprise a scalar value. In some embodiments, the first plu-
rality of measurements is obtained over time and said second
plurality of measurements is obtained over time. The first and
second physiological parameters can include pCO,, arterial
pO,, arterial blood pressure, cerebral blood flow velocity, or
an echocardiographic measurement. [n some embodiments,
the observed ICP values are obtained from a patient other than
said first patient. And in some embodiments, a signal (e.g., an
electrical signal) can include at least one of the first plurality
of measurements and the second plurality of measurements.

[0016] Some embodiments disclosed herein relate to a sys-
tem, for determining an estimated value or function of a first
physiological parameter of a first patient. The system can
include a processing module that (i) receives a first input
based on a first plurality of measurements of a second physi-
ological parameter of the first patient, the second physiologi-
cal parameter correlating with the first physiological param-
eter; (ii) receives a second input based on a second plurality of
measurements of a third physiological parameter of the first
patient, the third physiological parameter correlating with the
first physiological parameter; (iii) processes the first and sec-
ond inputs based on a physiological-parameter model; and
(iv) outputs data indicative of the estimated first physiological
parameter of the first patient. The physiological-parameter
modelis preferably chosen from a plurality of potential physi-
ological-parameter models, each of the potential physiologi-
cal-parameter models having an associated mapping function
that maps values of said second and third physiological
parameters to at least one dissimilarity value, each of said at
least one dissimilarity value representing a dissimilarity
between an estimated first-physiological-parameter value or
function and an observed first-physiological-parameter value
or function.

[0017] In some embodiments, the first physiological
parameter comprises intracranial pressure (ICP), and is some
embodiments the second physiological parameter includes
cerebral blood flow velocity (CBFV) and the third physi-
ological parameter includes an arterial blood pressure (ABP).
The first physiological parameter can also include cerebral
blood flow velocity (CBFV), and the second physiological
parameter can include intracranial pressure (ICP) and the
third physiological parameter can include an arterial blood
pressure (ABP).

[0018] Insome embodiments, a method, of determining an
estimated value or function of a first physiological parameter
of a first patient, is described. The method preferably includes
inputting into a physiological-parameter model a first plural-
ity of measurements, of a second physiological parameter of
the first patient, the second physiological parameter correlat-
ing with the first physiological parameter; inputting into the
physiological-parameter model a second plurality of mea-
surements, of a third physiological parameter of the first
patient, the third physiological parameter correlating with the
first physiological parameter; and outputting from the physi-
ological-parameter model the estimated value or function ofa
first physiological parameter of the patient. The physiologi-
cal-parameter model is preferably chosen from a plurality of
potential physiological-parameter models, each of the poten-
tial physiological-parameter models having an associated
mapping function that maps values of said second and third
physiological parameters to at least one dissimilarity value,
each of said at least one dissimilarity value representing a
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dissimilarity between an estimated first-physiological-pa-
rameter value or function and an observed first-physiologi-
cal-parameter value or function.

[0019] In some embodiments, the first physiological
parameter includes intracranial pressure (ICP), the second
physiological parameter includes cerebral blood flow veloc-
ity (CBFV), and the third physiological parameter includes an
arterial blood pressure (ABP). In some embodiments, the first
physiological parameter includes cerebral blood flow veloc-
ity (CBFV), the second physiological parameter includes
intracranial pressure (ICP), and the third physiological
parameter includes an arterial blood pressure (ABP).

[0020] In certain embodiments, at least one of the arterial
blood pressure values, the cerebral blood flow velocity val-
ues, and the intracranial pressure values is extracted from
biological signal data by obtaining data on at least one of slow
wave components, waveform analysis, and full dynamics. In
certain embodiments, the at least one of the arterial blood
pressure values, the cerebral blood flow velocity values, and
the intracranial pressure values is extracted as a hemody-
namic feature vector. In certain embodiments, the method
further comprises organizing a database comprising second
arterial blood pressure values, second cerebral blood flow
velocity values, and second intracranial pressure values using
a mapping function, and generating the simulation model
using at least one of the second arterial blood pressure values,
the second cerebral blood flow velocity values, and the sec-
ond intracranial pressure values from the database. In certain
embodiments, the mapping function outputs at least one dis-
similarity measure. In certain embodiments, the database
comprises at least one entry, and wherein the at least one entry
is associated with at least one mapping function. In certain
embodiments, the method further comprises providing a
hemodynamic feature vector to a mapping function for que-
rying the database, wherein the hemodynamic feature vector
is generated from the arterial blood pressure values, the cere-
bral blood flow velocity values, and the intracranial pressure
values, receiving a record from the database that is configured
to generate the simulation model, and generating the simula-
tion model to obtain an unobserved ICP.

[0021] Incertain embodiments, a system, for noninvasively
assessing an intracranial pressure of a patient, is disclosed.
The system comprises a storage module configured to store a
measured first arterial blood pressure of the patient and a
measured first cerebral blood flow velocity of the patient. The
system further comprises a database module configured to
store arterial blood pressure values, cerebral blood flow
velocity values, and intracranial pressure values. The system
further comprises a processor module configured to generate
a simulation model for determining intracranial pressure val-
ues of the patient using the patient’s measured arterial blood
pressure, the patient’s measured cerebral blood flow, the arte-
rial blood pressure values, the cerebral blood flow velocity
values, and the intracranial pressure values. The system fur-
ther comprises an output module configured to output a data
set indicative of an intracranial pressure value of the patient
determined by the simulation model.

[0022] In certain embodiments, the system further com-
prises an extraction module configured to extract a hemody-
namic feature vector from the first arterial blood pressure
values, the first cerebral blood flow velocity values, and the
first intracranial pressure values.

[0023] Incertain embodiments, a system, for noninvasively
assessing an intracranial pressure of a patient, is disclosed.
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The system comprises means for providing to a simulation
model a measured arterial blood pressure of the patient and a
measured cerebral blood flow velocity of the patient, wherein
the simulation model correlates arterial blood pressure val-
ues, cerebral blood flow velocity values, and intracranial
pressure values. The system further comprises means for
determining an intracranial pressure of the patient based on
the simulation model. The system further comprises means
for creating an output data set indicative of the determined
intracranial pressure.

[0024] For purposes of summarizing this disclosure, cer-
tain aspects, advantages, and novel features of the disclosure
have been described herein. It is to be understood that not
necessarily all such advantages may be achieved in accor-
dance with any particular embodiment of the disclosure.
Thus, the disclosure may be embodied or carried out in a
manner that achieves or optimizes one advantage or group of
advantages as taught herein without necessarily achieving
other advantages as may be taught or suggested herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0025] A general architecture that implements the various
features of the disclosure will now be described with refer-
ence to the drawings. The drawings and the associated
descriptions are provided to illustrate embodiments of the
disclosure and not to limit the scope of the disclosure.
Throughout the drawings, reference numbers are re-used to
indicate correspondence between referenced elements.
[0026] FIG. 1 illustrates a diagram of a training process of
the noninvasive intracranial pressure estimation system
according to certain embodiments.

[0027] FIG. 2 illustrates a logarithm of the linear discrimi-
nant analysis eigenvalues of the five types of hemodynamic
features investigated in the paper.

[0028] FIG. 3 illustrates a comparison of the F,,,, and
F s performance of NICP assessment based on dissimilar-
ity measure e, which was obtained in a leave-one-patient-
out fashion using the robust query method.

[0029] FIG. 4illustrates key characteristics of nine patients
used in the implementation according to one embodiment.
[0030] FIG. 5 illustrates a block diagram of one embodi-
ment of the simulation process of the proposed noninvasive
intracranial pressure estimation system.

[0031] FIG. 6A illustrates a comparison of the determinis-
tic and the statistical query methods based on e, which was
obtained using CBFV as model input.

[0032] FIG. 6B illustrates another comparison of the rela-
tive etror in assessing the mean ICP obtained using the pro-
posed data mining approach to those obtained using three
published NICP assessment methods according to certain
embodiments.

[0033] FIG. 7A illustrates a comparison of ¢ obtained
using the proposed data mining approach to those obtained
using three published NICP assessment methods.

[0034] FIG. 7B illustrates another comparison of the pro-
posed data mining approach to the published Schmidt method
that can simulate ICP waveform. The comparison is based all
the five defined dissimilarity measures.

[0035] FIG. 8 illustrates a comparison of certain embodi-
ments of the proposed data mining approach, based on e,
¢ and ¢®, with the published Schmidt method that can
simulate ICP waveform. F,,,, and robust query were used in
the data mining approach.

slow



US 2010/0049082 A1

[0036] FIG. 9 illustrates a summary presentation of esti-
mated ICP waveform based on different dissimilarity mea-
sures.

[0037] FIG.10illustrates scatter plots of dissimilarity mea-
sures as a function of mean ICP (the first row), PRx (the
second row) and Mx (the third row), respectively.

DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

[0038] In certain embodiments, a system for simulating
ICP using various biological signal data is proposed. In some
embodiments, biological signal data such as continuous arte-
rial blood pressure (ABP) cerebral blood flow velocity
(CBFV), and observed ICP may be used to simulate unob-
served ICP. This simulation may be supplemented by using
data on hemodynamic features extracted from measured ABP
and CBFV. In certain embodiments, the system is flexible in
incorporating other relevant signals besides ABP, CBFV and
ICP into the database. Certain embodiments of the system
allow for designing new hemodynamic feature vectors and
for adopting new models for ICP estimation.

[0039] 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. Additionally, in the present disclosure, ABP
and CBFV are used as exemplary physiological parameters
from which biological signal data is obtained. However, ABP
and CBFV are provided as only examples throughout this
disclosure, and other physiological parameters can be mea-
sured and utilized in accordance with the systems and meth-
ods described herein.

[0040] In some embodiments, the systems and methods
estimate CBFV values through noninvasive procedures. In
some embodiments CBFV values are estimated from, for
example, ICP and ABP values. Such a system is particularly
advantageous because ICP values can be continuously
recorded while CBFV assessment via transcranial Doppler
may not beused continuously for an extended period of time.
[0041] Some systems for simulating ICP using various bio-
logical signal data preferably comprises a training process
and a simulation process. In some embodiments, the training
process first organizes biological signal data stored in a signal
database into a mapping function so that the signal database is
searchable. In certain embodiments, a “database” is meant to
include, without limitation, a collection of information stored
on an electronic device, such as a computer or computer disk.
[0042] The simulation process preferably constructs a
hemodynamic feature vector from selected ABP and CBFV
data and then queries the signal database by inputting the
hemodynamic feature vector into the database’s mapping
function. The signal database may then return the an appro-
priate biological signal data record that may be used for
building an ICP estimation model. The simulation may simu-
late the ICP estimation model in order to obtain unobserved
ICP data.

[0043] Compared to other implementations of NICP
assessment, such as MR imaging, transcranial Doppler
(TCD) based approaches measuring the displacement of the
skull and substituting inner ear pressure for ICP are usually
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the most cost effective. Furthermore, given the fact that inva-
sive ICP is still indispensable for the purpose of treating
intracranial hypertension via diverting cerebrospinal fluid,
the data mining approach originated in a neurosurgical envi-
ronment may advantageously build up a properly sized data-
base to conduct a NICP assessment for other services. Data
mining may thus make full use of the data collected, while
other data-independent approaches cannot directly use these
data sets.

[0044] As compared to the existing methods, the proposed
system has the main advantage of being flexible in many
aspects. Firstly, in certain embodiments, the proposed system
does not attempt to build an ICP simulation model by pooling
all training data. Instead, in certain embodiments, an intet-
mediate minimum-dissimilarity driven query can be used for
discovering the most appropriate entry for building ICP simu-
lation model. Therefore, in certain embodiments, the pro-
posed system can enjoy the flexibility of accommodating a
database of diversified entries. On the other hand, pooling all
training data for building an ICP simulation model may
require the homogeneity of the training database. Secondly,
the system is capable of responding to different requirements
for noninvasively assessing various aspects of ICP by design-
ing different dissimilarity measures and associated mapping
functions. Thirdly, in certain embodiments, the system is
versatile in incorporating different implementations of its
various component blocks without much interference from
each other. For example, the adoption of a new set of hemo-
dynamic features does not require the change to the models
chosen for ICP simulation. In this way, each block can be
improved individually to enhance the overall system perfor-
mance. Finally, in certain embodiments, the proposed system
provides an estimate of the quality of NICP assessment—the
estimated dissimilarity. Thus, a user can choose to disregard a
NICP estimate if its associated dissimilarity exceeds certain
limit. In certain embodiments, the system as disclosed herein
may complement other existing proposals of NICP assess-
ment.

Training Process

[0045] FIG. 1illustrates a diagram of a training process 100
for the noninvasive intracranial pressure estimation system
according to certain embodiments.

[0046] The training process moves from begin state 100 to
state 101, wherein a loop begins for each entry x in a signal
database. In certain embodiments, the training process 100
accesses a signal database capable of storing biological data
signals. In certain embodiments, the signal database can store
biological data signals such as ABP signals, CBFV signals,
and invasive ICP signals. The signal database can store other
relevant signals, such as PCo,, ECG, arterial PO,, etc. A
simultaneous record of signals can be stored as a single data-
base entry, and in some embodiments, a simultaneous record
of the signals can be stored as multiple database entries. In
certain embodiments, the length of each entry is long enough
to facilitate the extraction of low frequency information, and
in some embodiments, the length of each entry is short
enough to be reasonably treated as coming from a dynamic
system with constant parameters.

[0047] Insomeembodiments, each entry in the signal data-
base can contain two types of signals, desired signals and
related signals. For example, in certain embodiments, and as
illustrated in FIG. 1, invasively measured ICP can be a desired
signal and other variables, including ABP and CBFV, are
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related signals. In certain embodiments, and as illustrated in
the simulation process 500 illustrated in FIG. 5 and described
further below, related signals would be made available while
desired signals, such as ICP, would be estimated from the
related signals.

[0048] For each entry X in the signal database, the training
process in state 103 creates an ICP simulation model Mx. In
certain embodiments, a simulation model 1s created by a
simulation modeler. In certain embodiments, the simulation
modeler builds a model directly from a given set of input-
output data. For example, in the embodiments illustrated in
FIGS. 1 and 2, the simulation modeler can build a model used
for simulating ICP. In other words, the input data are biologi-
cal data values such as ABP values and CBFV values, and the
output is ICP. In certain embodiments, the term “values” may
represent a single biological data value. In certain embodi-
ments, the term “values” may represent more than one bio-
logical data value. In certain embodiments, the input-output
data of simulation modeler and ICP simulation models are
independent from certain other feature of the simulation sys-
tem. Consequently, a greater flexibility has been introduced
into the system by this modularity.

[0049] There are a large number of classes of dynamic
models for use by the simulation modeler, including both
discrete-time and continuous-time, linear and nonlinear ones,
that can be used for simulating ICP given ABP and CBFV as
input. In certain embodiments, a discrete linear dynamic sys-
tem may be used, as further discussed herein. Specifically, as
discussed herein, a stable deterministic linear dynamic model
can used to represent the input/output relationship between
ABP, CBFV and ICP. In certain embodiments, a nonlinear
dynamic model may be used instead of a linear model. Iden-
tification of the stable deterministic linear dynamic model
may be conducted using the subspace identification method.
This algorithm is able to identify, given input/output data, the
following state space model:

Xy —AX B AW,

V=Cx,+Dut, +v, @
with
Wy Q s 3
NS
[0050] where A, B, C, and D are system matrices to be

identified y,, is the model output at time n, i.e., ICP, and u,, is
the model input including ABP and CBFV. w, and v, are
zero-mean, stationary Gaussian white noise series, hence
dpk=0 if p=k. They are termed state noise and observation
noise, respectively. A key to the subspace identification algo-
rithm is the proof that unknown state variable x,, as well as its
dimension can be estimated from block Hankel matrices
formed from the input and output data. With estimated x,,
available, remaining matrices A, B, C, D, Q, S,and R, S and
can be estimated using the well established linear least
squares method. Therefore, two major steps of a subspace
identification include: 1) estimation of model dimension and
sequence of x,,, usually by projecting the row space of data
block Hankel matrices and then applying singular value
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decomposition; and 2) solving a least squares problem to
obtain unknown model matrices. Three major variants of
subspace algorithm exist that include Multivariable Output-
Error State Space (MOSEP), Canonical Variate Analysis
(CVA), and Numerical algorithms for Subspace State Space
System Identification (N4SID). In certain embodiments, the
implementation of the subspace algorithm in the System
Identification Toolbox found in Matlab 7.0 can be used. This
implementation contains automatic procedures of selecting
prediction horizon based on Akaike information criterion
(AIC), selecting either MOSEP or CVA algorithm, and deter-
mining model dimension based on SVD. Details of this
implementation can be found in the text book L. Ljung, Sys-
tem identification: theory for the user, in: Prentice Hall infor-
mation and system sciences series, second ed., Prentice Hall
PTR, Upper Saddle River, N.J., 1999, the entire contents of
which is incorporated herein by reference.

[0051] After the simulation model is created in state 102,
the training process 100 moves begins a nested loop in state
103 for each remaining entry y in the signal database. For
each remaining entry y in the signal database, the process
moves to state 104 wherein the ICP simulation model
described earlier, Mx, is simulated against related signals for
each remaining entry y in the signal database in order to
obtain estimated ICP for each remaining entry y. In certain
embodiments, the simulation may take place as described
above, with reference to the creation of ICP simulation mod-
els. The estimated ICP output by the simulation of state 104 is
then used in state 105 to calculate the dissimilarity Ey
between the estimated ICP and the original ICP of each
remaining entry y.

[0052] In certain embodiments, dissimilarity measures the
distance between simulated and measured ICP, or other
physiological variable, for a given criterion. In certain
embodiments, having the mapping function output different
types of dissimilarity measures makes the resultant NICP
close to a particular aspect of ICP. In some embodiments,
dissimilarity is used as a quality indicator of the estimated
ICP even without knowing the true ICP, and thus, helps a user
to decide whether to accept the estimated ICP. This flexibility
is highly desirable. While the terms “measure” and “value”
have their ordinary meaning, they sometimes used inter-
changeably herein. While this disclosure expresses the differ-
ence between estimated and observed or unobserved vari-
ables as a dissimilarity value or measure, this difference may
also be expressed as a similarity value or measure, which may
be, for example, the inverse or reciprocal of a dissimilarity
value or measure. Thus, as used herein, the term “dissimilar-
ity” is meant also to encompass, without limitation, the con-
cept of “similarity.”

[0053] Asiswell known to those of skill in the art, ICP data
comprises several components, each of which may suit dif-
ferent clinical purposes. For example, mean ICP is still the
most clinically relevant parameter that affects many clinical
decisions. Pulsatile ICP has been proposed to characterize
intracranial compliance. On the other hand, slow waves in
ICP might provide autoregulation status of the cerebral vas-
cular bed. The adoption of different dissimilarity measures
also embodies a “divide-and-conquer” strategy in that simu-
lating different aspects of ICP separately can result in a com-
plete ICP assessment.

[0054] In certain embodiments, the dissimilarity measure-
ment calculation module 130 is configured to match a simu-
lated ICP with an unobserved ICP in a particular aspect.
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[0055] 1Incertain embodiments, dissimilarity measurement
calculation module 130 uses a first metric defined as:

N “
D=3l
y_Ll&

TN

(1

where N is number of samples y, is the i sample of unob-
served ICP waveform and ¥, its corresponding estimate. e"
calculates the mean absolute error between a signal y and its
estimate § normalized by the mean of signal y. This is a
comprehensive metric in the sense that both the mean value
and waveform shape of§ have to be close to those of y in order
to achieve a small &',

[0056] Incertain embodiments, dissimilarity measurement
calculation module 130 uses a second metric defined as:

22 = |§ _ y| ®)

¥

This metric calculates the normalized absolute error between
the mean estimated ICP and the mean original ICP. This is
motivated because the mean is still the most used information
for clinicians in which case the shape of the waveform might
not be a concern.

[0057] Incertain embodiments, dissimilarity measurement
calculation module 130 uses a third metric defined as:

ed=1—corr("V,/M), N

which lies in the range [0, 2]. corr(x, y) is the operator for
calculating the zero-lag cross correlation coefficient between
x and y. This metric excludes the effect of mean signal level
and puts more emphasis on the matching of the two signals in
their general trend. To calculate e®, it was found advanta-
geous to derive ICP using normalized ABP and CBFV in both
model identification and simulation phase. Thus y” stands for
the normalized ICP and ¥ its estimate. The normalization of
a signal x was carried out as

N _ X-X (7

[0058] Incertain embodiments, dissimilarity measurement
calculation module 130 uses a fourth metric defined as:

®)
e -1

-
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where y” represents the pulsatile component of signal y and
denotes |y”| denotes the average amplitude of the pulse.
Hence, this measure emphases matching the pulsatile com-
ponent. As for deriving €, ICP?’s estimate was derived by
using corresponding pulsatile components of ABP and CBFV
for model identification and simulation. Understandably,
such models were different from those used in calculating
¢, which were built using normalized signals.
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[0059] In certain embodiments, in order to match slow
wave components, the dissimilarity measurement calculation
module 130 can use a fifth metric defined as:

where y° represents the slow-wave component of signal y and
denotes ly®| denotes the mean of y*. Similarly, ICP* was
derived by building and simulating the linear dynamic model
using slow wave components of ABP and CBFV.

[0060] Upon calculating dissimilarity Ey in state 105, the
process moves to state 106, wherein Ey is accumulated into an
one-dimensional array E. Thus, after the nested loop has
completed running through each remaining entry y in the
signal database, the one-dimensional array E will store a
dissimilarity value Ey calculated using entry x and each
remaining entry y in the database, according to the process
being discussed. In certain embodiments, any appropriate
data structure may be used to store array E, including, but not
limited to, an array, vector, list, and/or matrix.

[0061] The process 100 then moves to state 107 where
through signal analysis a hemodynamic feature vector Fy is
extracted from related signals stored for each remaining entry
y in the signal database.

[0062] In certain embodiments, signal analysis describes a
procedure or process for extracting a hemodynamic feature
from biological signals. In certain embodiments, signal
analysis is not applicable to ICP signals. In certain embodi-
ments, signal analysis can extract hemodynamic features
from biological data signals because cerebral hemodynamics
are under the influence of cerebrospinal fluid (CSF) dynam-
ics, and thus a suitable hemodynamic feature might carry
information that could be used as a probe to CSF dynamics.
Consequently, the designed hemodynamic features should be
able to characterize the unique aspect of hemodynamic state
that can be attributed to the effect of CSF dynamics.

[0063] In certain embodiments, several ways of construct-
ing hemodynamic features from measurements of ABP val-
ues and CBFV canbe used, including, but not limited to, Slow
Wave Dynamics, Waveform Analysis, and Full Dynamics.
[0064] For slow wave dynamics, slow wave components
having a frequency below heart rate have been identified in
ABP, CBFYV, and ICP in previous studies. They may have
different physiological origins and interact with each other in
a non-trivial fashion. Of interest here is that slow waves in
CBFV carry information regarding how the cerebral vascular
bed responses to the slow waves present in ABP and ICP.
[0065] To extract the slow wave component, a beat-to-beat
average of corresponding signal was first extracted and resa-
mpled, using a cubic spline, at 2 Hz. Each beat was delineated
using ABP waveform and the results were visually checked.
To extract a hemodynamic feature vector from these signals,
a linear autoregressive model with exogenous input (ARX)
can be fitted to the output/input pair of CBFV/ABP and the
resultant model coefficients can be used as hemodynamic
feature vectors. In certain embodiments, a linear dynamic
system is adequate for modeling the input/output relationship
between slow waves of ABP and CBFV that were extracted in
a similar way. Model orders can be determined as the median
of optimal model orders found for all signal entries. Mini-
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mum description length (MDL) criterion was adopted for
determining optimal order for each entry. For an easy refer-
ence, the hemodynamic feature thus created is denoted as

oo

[0066] By resorting to waveform analysis, the following
measures can be extracted in a beat-to-beat fashion: Trans
Systolic Time (TST), Resistance Area Product (RAP), Criti-
cal Closing Pressure (CCP), CBFV Pulsatility index (PI),
Resistance Index (RI), mean FV (mFV), amplitude of the FV
(pFV), systolic FV (sFV) and diastolic FV (dFV).

[0067] Theextraction procedure can result in a beat-to-beat
time series for each measure. Two types of hemodynamic
features can be derived from these time series. The first type
is static in the sense that mean and the standard deviation of
the each time series is cascaded into a hemodynamic feature
denoted as (F,,,). On the other hand, to derive the second type
of hemodynamic feature, an autoregressive model (AR) is
fitted to each secondary time series and the model coefficients
are cascaded into a hemodynamic feature designated as
(F4,,)- The AR model order can be determined using the same
procedure.

[0068] In contrast to the procedures mentioned above
where slow wave components extracted from original signals
were used for feature extraction, a full dynamic feature can be
constructed based on the raw waveforms. Specifically, an
ARX model can be adopted with a higher model order to fit
each CBFV and ABP pair. Two kinds of feature vectors can
then derived from the model coefficients. As known from
system theory, two transfer functions for two outputs of a
linear dynamic system with the same input should share a
common denominator, which determines the inherent system
properties such as resonant frequencies. In the present con-
text, the coupled cerebral hemodynamic and intracranial
hydraulic systems can be treated as one system with ABP as
its input and CBFV and ICP as its output. Thus, in certain
embodiments, the feature vector composed solely ofthe ARX
denominator coefficients can be a better characterization of
the properties of the combined system by excluding what is
specific to the ABP—CBFV transfer function. This feature
vector was denoted as F ;.. In certain embodiments, a second
feature denoted as F,,, composed of all the model coefficients
can also be also included.

[0069] In certain embodiments, hemodynamic features
with less inter-patient separability are more appropriate for
being used as hemodynamic features. Since LDA projection
can be used to remove patient-specific discriminant feature
directions, in certain embodiments, pre-processing of feature
vectors may improve NICP assessment.

[0070] In certain embodiments, one important property of
various feature vectors is their separability in the feature
space. For pattern classification purposes, in certain embodi-
ments, a feature set with good separability is desirable. In
certain embodiments, separability might have to be treated
differently because the hemodynamic features extracted can
be used as the input to a continuous mapping function, as
illustrated. Due to this requirement of continuity, it is more
difficult to obtain a continuous mapping function from such a
disjoined data set for well separated feature vectors.

[0071] To further elaborate, say, for example, each patient
may become a class. A class-independent linear discriminate
analysis (LDA) can be performed to reduce the dimension of
the original feature vector for the purpose of visualization as
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well as to quantify its inter-patient separability. This can be
achieved by solving the following generalized eigenvalue
decomposition.

Spa=h;S

Py

an MZMZ L Zh, M

where S, is the between-class covariance matrix of the hemo-
dynamic features, S,, the within-class covariance matrix, and
2, 1s the ith eigenvector. m is the dimension of the original
feature space. a;s are the generalized eigenvectors. In certain
embodiments, the leading three of these values can give the
directions of the subspace where the original feature will be
projected onto for visualization. A, is positively proportional
to the degree of separability of the features along a,, thus
different feature sets’ separability can be compared based on
2,;8.S,and S, can beobtained in the usual way, as found in X.
Hu, V. Nenov, Multivariate ar modeling of electromyography
Jor the classification of upper arm movements, Clin. Neuro-
physiol. 115 (6) (2004) 1276-1287, which is hereby incorpo-
rated in by reference in its entirety.

[0072] Hemodynamic feature F,,,, can be extracted from
ARX model coefficients, as discussed above. In certain
embodiments, the order is (6, 2) for the denominator and the
numerator polynomials of the transfer function, respectively.
F 4, can be extracted from nine AR models. The order of each
model was determined as 4. F,, and F_, can be extracted
from an ARX model with orders (8, 24).

[0073] LDA eigenvalues of five types of hemodynamic fea-
tures are presented in FIG. 2. As illustrated, the eigenvalues of
each feature type are positively proportional to the separabil-
ity of the feature along the corresponding eigenvectors’ direc-
tions. F;,,, has the lowest patient separability while F  , is the
most discriminant one. F, is less discriminant than F,
since the later contains the former. To test which type of
feature will be more appropriate for being used as input to
mapping functions, a leave-one-patient-out validation was
conducted based on e using Funand F,,, as input to the
mapping function, respectively. The final e achieved for
both of them is presented in FIG. 3, which is a comparison of
Fyjo and F /s performance of NICP assessment based on
dissimilarity measure e35p. Overall F,_ achieved smaller
& except for two data entries from patient No. 4. This analy-
sis indicates that hemodynamic features with less inter-pa-
tient discriminant ability can be used as the input to the
mapping function. In certain embodiments, according this
result, the rest of the computations will be based on F,_ . In
certain embodiments, computations may be based on other
feature types.

[0074] Incertain embodiments, there are four different ICP
simulation models that can be identified using the system
identification method described above. To calculate e and
¢ the model can be built using unfiltered ABP, CBFV and
ICP; normalized signals will be used to calculate e®; pulsa-
tile components of signals will be used to calculate e®;
slow-wave components will be used for e®. This design of
various dissimilarity measures reflects possible requirements
that a NICP assessment method might have to satisfy. The
correlation among those measures are very low by design,
hence, in certain embodiments, different ICP simulation
models and different mapping functions can be built for them.

[0075] After extracting the hemodynamic feature vector Fy
in state 107, the training process moves to state 108 where the
hemodynamic feature vector is accumulated into a two-di-
mensional array F, the ith row of which (array Fy) is dissimi-
larities between the ith model simulated ICP and the mea-
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sured ICP of all the data entries in the signal database. This
row vector, Fy, thus serves as the output of the training data set
to learn the mapping function for the ith data entry.

[0076] The training process then moves to state 109
wherein the nested loop continues to run for each remaining
entry y as compared to entry X in the signal database.

[0077]  After thenested loop defined between states 103 and
109 completes for entry x, the process moves to state 110
wherein a mapping function MFx is trained by using a train-
ing algorithm, where the two dimensional array F is input, and
the one-dimensional array E is output.

[0078] Incertain embodiments of the training process 100,
a mapping function associates each entry in the signal data-
base with a mapping function. In certain embodiments, the
mapping function associated with an entry can take a hemo-
dynamic feature vector, such as Fy, as input and output a
dissimilarity measure, such as Ey. In certain embodiments, a
dissimilarity measure represents the distance between the
simulated and the measured ICP for a given criterion, as
discussed above. Consequently, a mapping function can pre-
dict how well a simulation model built from a database entry
will perform in simulating ICP for signals whose hemody-
namic feature vectors are input to the mapping function.
[0079] Inthe embodiment illustrated, the input to the map-
ping function comprises an array of hemodynamic features.
The predicted dissimilarity serves two purposes: (1) guide the
database query, i.e., queries which appear to achieve less
simulation error will be returned upon query; and (2) provide
an estimate of the final quality of the NICP simulation.
[0080] Incertain embodiments, the first step to obtain map-
ping function MFx is to perform a complete cross-validation
of the database entries. In certain embodiments, validation
can be carried out using a leave-one-patient-out schema.
Accordingly, to proceed with the leave-one-patient-out
schema, certain illustrated examples herein use certain
embodiments of implementing mapping function MFx
trained using the data from eight patients and tested on the
remaining one.

[0081] Specifically, one embodiment of the proposed sys-
tem was implemented using a database of nine traumatic
brain injury patients. Each patient had a thirty-minute long
passive recording of ABP values, ICP values, and CBFV
values. CBFV values were obtained at the right middle cere-
bral artery, ipsilateral to the ICP measurement location, with
ultrasonography transducers fixed to a headband to prevent
motion artifacts. ABP values were measured through radial
A-lines while ICP values were measured using a ventricular
catheter connected to an external strain gauge. All three sig-
nals were fed into bedside multi-modality monitors, which
were then simultaneously sampled at 75 Hz using a data
acquisition system equipped with proper interfaces to the
bedside patient monitors. The criterion for selecting the nine
patients was that their archived data included continuous
measurements of ABP values, ICP values, and CBFV values.
Key characteristics of the patients used in the sample imple-
mentation are listed in FIG. 4.

[0082] Each30-minute long data segment was decomposed
into 20 consecutive short segments, each of which contains
about 100 heart beats of data. This segment length was chosen
as a compromise between the requirements of capturing long-
term changes in signals and being able to treat such a segment
as from a constant-parameter dynamic system.

[0083] The results obtained indicate that hemodynamic
features that do not emphasize characteristics of each indi-
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vidual subject and the statistic query method that considers
the imperfectness of the mapping function performed better
for NICP simulation. The performance of the data ruining
method was shown in certain embodiments to be superior to
existing methods that use the same material for simulating
ICP. However, considering that the signal database consisted
of only nine patients’ data, this result should be treated cau-
tiously as a positive sign that motivates further evaluations
with more clinical materials.

[0084] In certain embodiments, to provide comparisons to
the proposed method described above, the following mapping
functions were implemented according to the following pub-
lished NICP methods for assessing mean ICP:

[0085] Aaslid’s original proposal:

1Cp. - agp.  CBFValABPI (14

m = AP m T T CBRY|
[0086] Czosnyka method:
. ABP X CBPV jigs (19
ICP, = ABP, - — "% _ |4 and
CBFV,,

[0087] Belfort method:

1P, = ABP, - CBFV,, X (ABP,, — ABP.os) (16)

CBFVy, — CBFV.zis

where |ABP, | and ICBFV | represent the amplitudes of the
harmonic of ABP and CBFV corresponding to heart rate
respectively. ABP,, stands for the mean ABP and ABP,, . for
the diastolic ABP. The same notation applies to CBFV as
well.

[0088] In addition, the method due to Schmidt and Czos-
nyka et al. (in B. Schmidt, J. Klingelhofer, J. J. Schwarze, D.
Sander, 1. Wittich, Noninvasive prediction of intracranial
pressure curves using transcranial doppler ultrasonography
and blood pressure curves, Stroke 28 (12) (1997) 2465-
2472), the entirety of which is hereby incorporated by refer-
ence, capable of assessing ICP waveform can also be imple-
mented and compared to the proposed data mining approach.
In certain embodiments, modified versions of the above
methods may be used.

[0089] Incertain embodiments, the mapping function MFx
can depend on different hemodynamic features. In certain
embodiments, a flexible function approximator like a multi-
layer feed forward neural network can be used. In certain
embodiments, the amount of available training data should
substantially match with the number of unknown parameters
in the neural network.

[0090] In the implementation including nine patients
described above, to train a mapping function, the number of
training input-output pairs was 160 because the 20 data
entries associated with the corresponding patient whose asso-
ciated mapping functions are being trained were excluded for
a realistic testing of the performance of the method. The
smallest hemodynamic feature F,,,, had a dimension of 4.
Following a typical recommendation of a two layer network
configuration (as described in M. T. Hagan, H. B. Demuth, M.
H. Beale, Neural Network Design, first ed., PWS Pub, Bos-
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ton, 1996.), the entirety of which is hereby incorporated by
reference, the number of hidden units at each hidden layer
would be 8 and 4. This choice will result in 80 unknown
network weights and biases. There will be a great probability
of overfitting the network to learn these 80 unknown with 160
input-output pairs. Taking this into consideration, a linear
function was selected to predict dissimilarity e given hemo-
dynamic feature vectors F such that

e=F (10)

where e is a scalar representing the dissimilarity output, F is
acolumn hemodynamic vector, and b is a column coefficients
vector having the same dimension as F. Given the training
data set, which contains e, and F, with i=1, ... ,N,, application
of a linear least squares estimation results in an estimate of'b
as

b=(FTF)'Fe (1n

where N,_is the total number of database entries minus the
number of excluded ones and F is a N, xd data matrix, ith row
of whichis F,”. e is a column vector comprised of'e,. Standard
linear regression theory states the covariance of b as

V,=FFy'o? (12)

where o” is the variance of the observational noise present in
e, which is usually assumed to be white Gaussian noise. This
assumption leads to the result that b is normally distributed,
with its mean being the unknown b and its covariance matrix
being V. In certain embodiments, a statistical query can be
designed based this result.

[0091] Incertain embodiments, a more versatile functional
form may be used to model the mapping function. Such
choices may include variants of multiple-layer feedforward
neural networks, radial basis networks and local linear fuzzy
models. In certain embodiments, the system may use a recur-
sive identification of dynamics through a multiple model
schema, as discussed in P. Andersson, Adaptive forgetting in
recursive-identification through multiple models, Int. J. Con-
trol 42 (5) (1985) 1175-1193, the entirety of which is hereby
incorporated by reference.

[0092] In certain embodiments, TCD equipment may be
configured to incorporate the database and its related algo-
rithms. In certain embodiments, the training process can
involve a significant amount of computational cost that can be
shared among several computing devices, such as computing
servers. [n certain embodiments, computational load sharing
1s facilitated through the independence of the training process
for individual database entries. As a result of the training
process, each database entry may be associated with a map-
ping function that can be coded into a stand-alone library to be
distributed to each client machine together with the database.

Simulation Process

[0093] FIG. 5 illustrates one embodiment of a simulation
process 500 of the proposed noninvasive intracranial pressure
estimation system. In certain embodiments, and as illustrated
in FIG. §, the simulation process 500 first moves from a begin
state to a first state 501 wherein hemodynamic features are
extracted from biological data signals, using a similar process
to those discussed above with reference to state 107 of FIG. 1,
thereby creating a hemodynamic feature vector. Next, the
process moves to state 502 wherein the hemodynamic feature
vector is input into each mapping function MFx associated
with each signal database entry in order to calculate a dis-
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similarity measurement. In certain embodiments, the map-
ping function trained in the process 100 of FIG. 1, and as
described above, can be used.

[0094] The process then moves from state 502 to state 503
wherein a decision is made regarding which entry in the
signal database to select for building an ICP simulation model
by querying the database. The hemodynamic feature vector
from state 501 can also be used to query the signal database
with additional dissimilarity measurement data.

[0095] In certain embodiments, based on the output of the
mapping function of state 502, a decision is made as to which
database entry should be selected for building an ICP simu-
lation model. In certain embodiments, the database query
returns only one database entry. In certain embodiments, the
database may return a set of candidate entries and then fuses
the estimated ICP from each of the models identified from the
set. In certain embodiments, the decision of state 503 can
accommodate multiple implementations. For example, in
certain embodiments, the hemodynamic feature vector and
dissimilarity measurement data can be fed into the mapping
function associated with each signal database entry, and,
based on each of the mapping functions’ output, a decision
canto be made with regard to which entry is to be returned in
response to the query. In certain embodiments, the decision
process can select the database entry with the smallest pre-
dicted dissimilarity for building the simulation model. In
certain embodiments, the decision process can incorporate
high-level information regarding the database entries. Such
high-level information can include, for example, clinical
symptoms and observations of the patients, and the temporal
closeness of two database entries. In certain embodiments,
further statistical information of the mapping function output,
such as its variance, can also be incorporated by the decision
process of state 503 when making a decision.

[0096] In certain embodiments, other approaches may be
used in order to decide which signal database entry to select
for building the ICP simulation model, such as a statistical
decision maker. Let b be a random variable and normally
distributed with the true b being its expectation and V, its
covariance matrix. The output of a mapping function e=F,’5
would thus be a normal random variable with its mean being
the true mapping function output F,’b and its variance being
F,”V,F,. Furthermore, assume that outputs from different
mapping functions are independent. This leads to the conclu-
sion that the variable e;~¢;, i#] is also normally distributed
with Fin—Fij being its mean and FiTVbFi+FjTVij being its
variance. With this result, the standard z value for testing the
difference between e, and e, can be computed as

e —e; (13)

 FTVoF; + FIV, F;

Zij=

A score can be assigned to e, as the number of positive hypoth-
esistestthate; issmallerthane,, j=1, ... ,nusingz, . Incertain
embodiments, the entry that achieves the maximal score will
be selected.

[0097] In certain embodiments, the signal database is que-
ried in state 503 in order to make a decision regarding which
entry to select for estimated ICP model simulation in state
504, which is then simulated in state 505. In certain embodi-
ments, in state 504, the model simulation is provided with
biological data values from the entry. In certain embodiments,
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the means for providing the simulation model with the bio-
logical data values is through a function or procedure call
including data associated with the biological data values. In
certain embodiments, The performance of the deterministic
and the statistical query methods is compared in FIG. 6A
based on ¢'?. FIG. 6B illustrates another comparison of the
relative error in assessing the mean ICP obtained using the
proposed data mining approach to those obtained using three
published NICP assessment methods according to certain
embodiments. As illustrated, the statistical query method did
improve the robustness of results by suppressing those erro-
neous results present for some data segments from patients 4
and 5. This observation was also true for other dissimilarity
measures. For this reason, in certain embodiments, the statis-
tical query method is used. In certain embodiments, the deter-
ministic method can be used. In certain embodiments, other
methods may be used.

[0098] In certain embodiments, and based on previous
results, the proposed system uses F,_, as the hemodynamic
feature vector and the statistical query method for retrieving
the appropriate data entry. Sample results from this combina-
tion are compared to the three published formulas for esti-
mating mean ICP as shown in FIG. 7A, in terms of ¢, FIG.
7B illustrates another comparison of the proposed data min-
ing approach to the published Schmidt method that can simu-
late ICP waveform. The comparison is based all the five
defined dissimilarity measures. The results from certain
embodiments ofthe proposed system using F,, as the hemo-
dynamic feature vector and the statistical query method for
retrieving the appropriate data entry as compared to
Schmidt’s method are illustrated in FIG. 8 based on e, &®
and e®.

[0099] As illustrated in FIG. 8, although Schmidt’s method
may be capable of simulating ICP waveform, the illustrated
results shown here demonstrate that the proposed method
outperforms Schmidt’s method significantly.

[0100] After the simulation in state 505 is complete, the
simulation process 500 for estimating ICP ends at state 506.
FIG. 9 gives summary plots of several comparisons between
estimated ICP and measured ICP. The estimated ICP illus-
trated is based on different dissimilarity measure.

[0101] Panels a, b, and ¢ display the estimated ICP and
measured normalized ICP. Panels d, e, and f compare pulsa-
tile ICP. Panels g through 1 illustrate the slow-wave compo-
nent of ICP. Panels in the left most column, panelsa, d, and g,
illustrate database entries that achieved the smallest dissimi-
larity measure. Panels in the middle column, panels b, e, and
h, illustrate panel entries that achieved a dissimilarity mea-
sure close to the 50 percentile.

[0102] Three representative database entries for each of
e®, ™ and e® are illustrated in FIG. 9. The three represen-
tative database entries foreachofe®®, e and e® correspond
to those entries whose dissimilarity measures are the smallest,
closest to the 10 percentile, and closest to the 50 percentile,
respectively. It canbe seen from FIG. 9 thatin certain embodi-
ments waveforms of estimated and measured normalized ICP
are close to each other, while the matching of waveforms
based on pulsatile ICP components is poor, even for entries
with smallest dissimilarity.

[0103] The influence of mean ICP and pressure autoregu-
lation status on the performance of ICP estimation was inves-
tigated in the embodiment of the system implemented using
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nine patients, as described above. To characterize pressure
autoregulation status, two existing measures including PRx
and Mx were calculated. Average ABP, CBFV, ICP and CPP
(as described in M. Czosnyka, P. Smielewski, P. Kirkpatrick,
D.K.Menon, I.D. Pickard, Monitoring of cerebral autoregu-
lation in head-injured patients, Stroke 27 (10) (1996) 1829-
1834; and M. Czosnyka, P. Smielewski, P. Kirkpatrick, R. J.
Laing, D. Menon, J. D. Pickard, Continuous assessment of the
cerebral vasomotor reactivity in head injury, Neurosurgery
41 (1) (1997) 11-17 (discussion 17-9)) were first computed
using a running 10-second window. Then PRx and Mx were
calculated as the cross-correlation coefficient between con-
secutive averaged values of ABP and ICP, and CPP and
CBFYV, respectively. Thus each database entry is associated
with a PRx and a Mx measured indicating their pressure
autoregulation status. In addition, mean ICP of each database
entry was also calculated. Results are presented in F1G. 10 as
scatter plots where mean ICP, PRx and Mx were taken as
x-axis and dissimilarity measures as y-axis. PRx was calcu-
lated as cross-correlation coefficient between mean ICP and
mean ABP; Mx was calculated as cross-correlation coeffi-
cient between mean CBFV and mean CPP.

[0104] The study of association between performance of
the data-mining based NICP assessment and mean ICP, PRx
and Mx indicated a range of mean ICP where the NICP
assessment achieved minimal dissimilarity for !’ and e®.
This region is between 12 and 15 mmHg, which is most
populated. Consequently, in certain embodiments, more
information is available for data entries having mean ICP
within this range that leads to a better performance. PRx
generally poses a small but significant negative correlation
with the dissimilarity indicating that high correlation between
ICP and ABP would lead to better performance of NICP
assessment. This can be explained by the fact that ABP is one
of input signals for estimating ICP. A better correlation
between input and output would then lead to better estimate.
On the other hand, Mx shows a small but significant positive
correlation with the dissimilarity measure. This behavioral is
also expected because CBFV dynamics would reflect ICP
dynamics as ICP fluctuations is a feedback input for regulat-
ing CBF if pressure autoregulation is intact. Therefore, small
Mx indicating a better autoregulation would lead to small
dissimilarity measure indicating better NICP assessment.

[0105] It has been demonstrated that incorporating mea-
sures, e.g., PRx and Mx of autoregulation status in the esti-
mation process can improve the NICP assessment perfor-
mance. This may explain, at least partially, why Schmidt’s
method performed in an inferior way to the proposed simu-
lation methods described herein, because the distribution of
average Mx of the nine patients in this study was wide ranging
from -0.25 to 0.42. Therefore, the database is a mixture of
recordings with preserved and impaired autoregulation that
would negatively affect the performance of the Schmidt’s
method. While variations of Schmidt’s method can depend on
two distinct signal databases separated by autoregulation sta-
tus for gaining performance, the proposed methods described
herein have a flexible structure to select an appropriate data-
base entry on the fly and thus can avoid knowing each
patient’s autoregulation status as a prior.

[0106] Spearman was p calculated for each scatter plot for
investigating the correlation between x and y variables.
Results were reported for scatter plots with significant non-
zero p (p<0.05). It can be seen from the figure that scatter plot
between mean ICP and '’ has a nonlinear shape with mini-
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mal dissimilarity achieved around 15 mmHg. This is the case
for ¢ as well. Scatter plot between mean ICP and ¢ has a

==

shapebecause of the mean ICP appears as the denominator in
the equation for calculating e'®. Other scatter plots are less
regular but some of them showed non-zero cross-correlation.
Particularly, it is suggested PRx and dissimilarity has a nega-
tive correlation while a positive correlation exists between
Mx and dissimilarity.

[0107] In certain embodiments, the simulation process of
FIG. 5 to assess a patient’s ICP does not involve a significant
amount of computational cost, and can therefore be processed
by a single computer. In certain embodiments, and as com-
pared with the training process of FIG. 1, the simulation
process of FIG. 5 involves less computational cost such that
the ICP assessment can be performed in a real-time fashion.
[0108] In some embodiments, the selection of a particular
criterion for optimality, i.e., for determining the optimal dis-
similarity from a set of dissimilarity values, can depend on the
intended usage of the ICP estimation, or other physiological
parameter estimation. For example, one may wish to choose
an ICP model with low ICP variability because it is desired to
measure, or estimate, subtle drops in ICP overa long period of
time, from a fracture of the cranial base. In this case, one may
wish to choose an optimal dissimilarity criterion based on low
variability.

[0109] While certain aspects and embodiments of the
invention have been described, these have been presented by
way of example only, and are not intended to limit the scope
of the invention. Indeed, the novel methods and systems
described herein may be embodied in a variety of other forms
without departing from the spirit thereof. For example, usage
of cerebral blood flow velocity as measured by TCD as
described above represents only certain embodiments of the
invention.

[0110] Other measurement techniques of the above-de-
scribed ICP-related variables can be integrated with the data-
mining framework described above as well. Consequently,
certain embodiments of the invention can be considered as a
useful data processing technique that can be integrated with
other measurement techniques for other clinically important,
but difficult physiological or biological signal data and/or
variables, due to invasive nature of their measurements. Con-
sequently, other physiological measurements can be used as
well within the proposed framework.

[0111] For example, certain embodiments of the invention
can be used as a data mining framework for dealing with the
problemofestimating adesirabletime series (DTS) from a set
of its related time series (RTS) without the requirement of an
explicit prior model relating them. This is made possible by
mining a database that consists of instances of DTS and its
simultaneously recorded RTS.

[0112] Although preferred embodiments of the disclosure
have been described in detail, including methods and systems
for estimating a value or function of a first physiological
parameter, certain variations and modifications will be appar-
ent to those skilled in the art, including embodiments that do
not provide all the features and benefits described herein. It
will be understood by those skilled in the art that the present
disclosure extends beyond the specifically disclosed embodi-
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ments to other alternative or additional embodiments and/or
uses and obvious modifications and equivalents thereof. In
addition, while a number of variations have been shown and
described in varying detail, other modifications, which are
within the scope of the present disclosure, will be readily
apparent to those of skill in the art based upon this disclosure.
Ttis also contemplated that various combinations or subcom-
binations of the specific features and aspects of the embodi-
ments may be made and still fall within the scope of the
present disclosure. Accordingly, it should be understood that
various features and aspects of the disclosed embodiments
can be combined with or substituted for one another in order
to form varying modes of the present disclosure. Thus, it is
intended that the scope of the present disclosure herein dis-
closed should not be limited by the particular disclosed
embodiments described above.

What is claimed is:

1. A system, for determining an estimated intracranial pres-
sure (ICP) of a first patient, comprising:

a processing module that:

receives a first input based on a first plurality of mea-
surements of a first physiological parameter of the
first patient, the first physiological parameter corre-
lating with ICP;

receives a second input based on a second plurality of
measurements of a second physiological parameter of
the first patient, the second physiological parameter
correlating with ICP;

processes the first and second inputs based on an ICP
model; and

outputs data indicative of the estimated ICP of the first
patient;

wherein the ICP model is chosen from a plurality of poten-

tial ICP models, each of the potential ICP models having
an associated mapping function that maps values of said
first and second physiological parameters to at least one
dissimilarity value, each of said at least one dissimilarity
value representing a dissimilarity between an estimated
ICP value or function and an observed ICP value or
function.

2. The system of claim 1, wherein a hemodynamic feature
vector comprises said values of, or derived values from, said
first and second physiological parameters.

3. The system of claim 1, wherein said ICP model is chosen
based on dissimilarity values obtained by:

inputting data indicative of the first patient’s first plurality

of measurements and indicative of the first patient’s
second plurality of measurements into the mapping
functions of each of the potential ICP models;

based on the inputted data, outputting a corresponding

dissimilarity value for each of the potential ICP models;
and

choosing an optimal dissimilarity value from among the

corresponding dissimilarity values, based on at least one
criterion.

4. The system of claim 3, wherein each of the correspond-
ing dissimilarity values comprises a scalar value.

5. The system of claim 3, wherein a hemodynamic feature
vector comprises derived values from said first patient’s said
first plurality of measurements and second plurality of mea-
surements.

6. The system of claim 3, wherein the at least one criterion
comprises determining a minimum dissimilarity value from
among the corresponding dissimilarity values.
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7. The system of claim 3, wherein the at least one criterion
comprises determining the maximum-score dissimilarity
value from among the corresponding dissimilarity values.

8. The system of claim 3, wherein the dissimilarity value
comprises an expression of a cross correlation coefficient
between estimated and observed ICP values or vectors.

9. The system of claim 3, wherein the dissimilarity value
comprises an expression of a pulsatile component of at least
one of said first plurality of measurements and said second
plurality of measurements.

10. The system of claim 3, wherein the dissimilarity value
comprises an expression of a slow wave component of at least
one of said first plurality of measurements and said second
plurality of measurements.

11. The system of claim 1, further comprising an output
module that is configured to receive the output produced by
the processing module.

12. The system of claim 11, wherein said output module
comptises an electronic display.

13. The system of claim 11, wherein said output module
comprises a printed display.

14. The system of claim 11, wherein the output module
comprises an audible display.

15. The system of claim 1, wherein the processing module
comprises computer-executable instructions.

16. The system of claim 1, further comprising a storage
module that stores data indicative of at least one of said first
plurality of measurements and said second plurality of mea-
surements.

17. The system of claim 1, wherein said output comprises
data configured to be stored on a computer-readable medium.

18. The system of claim 1, wherein at least one of said first
and second physiological parameters comprises a pCO.,.

19. The system of claim 1, wherein at least one of said first
and second physiological parameters comprises arterial pO,.

20. The system of claim 1, wherein at least one of said first
and second physiological parameters comprises an arterial
blood pressure.

21. The system of claim 1, wherein at least one of said first
and second physiological parameters is a cerebral blood flow
velocity.

22. The system of claim 1, wherein at least one of said first
and second physiological parameters comprises an echocar-
diographic measurement.

23.The system of claim 1, wherein said observed ICP value
or function is obtained from a patient other than said first
patient.

24. A system, for determining an estimated value or func-
tion of a first physiological parameter of a first patient, com-
prising:

a processing module that:

receives a first input based on a first plurality of mea-
surements of a second physiological parameter of the
first patient, the second physiological parameter cor-
relating with the first physiological parameter;

receives a second input based on a second plurality of
measurements of a third physiological parameter of
the first patient, the third physiological parameter cor-
relating with the first physiological parameter;

processes the first and second inputs based on a physi-
ological-parameter model; and

outputs data indicative of the estimated first physiologi-
cal parameter of the first patient;
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wherein the physiological-parameter model is chosen from
a plurality of potential physiological-parameter models,
each of the potential physiological-parameter models
having an associated mapping function that maps values
of said second and third physiological parameters to at
least one dissimilarity value, each of said at least one
dissimilarity value representing a dissimilarity between
an estimated first-physiological-parameter value or
function and an observed first-physiological-parameter
value or function.

25. The system of claim 24, wherein the first physiological
parameter comprises intracranial pressure (ICP).

26. The system of claim 25, wherein the second physiologi-
cal parameter comprises cerebral blood flow velocity (CBFV)
and the third physiological parameter comprises an arterial
blood pressure (ABP).

27. The system of claim 24, wherein the first physiological
parameter comprises cerebral blood flow velocity (CBFV).

28. The system of claim 27, wherein the second physiologi-
cal parameter comprises intracranial pressure (ICP) and the
third physiological parameter comprises an arterial blood
pressure (ABP).

29. A method, of determining an estimated intracranial
pressure (ICP) of a first patient, comprising:

inputting into an ICP model a first plurality of measure-

ments, of a first physiological parameter of the first
patient, the first physiological parameter correlating
with ICP;

inputting into the ICP model a second plurality of measure-

ments, of a second physiological parameter of the first
patient, the second physiological parameter correlating
with ICP; and

outputting from the ICP model the estimated ICP of the

patient,
wherein the ICP model is chosen from a plurality of poten-
tial ICP models, each of the potential ICP models having
an associated mapping function that maps values of said
first and second physiological parameters to at least one
dissimilarity value, each of said at least one dissimilarity
value representing a dissimilarity between an estimated
ICP value or function and an observed ICP value or
function.
30. The method of claim 29, wherein said first plurality of
measurements is obtained over time and said second plurality
of measurements is obtained over time.
31. The method of claim 29, wherein a hemodynamic
feature vector comprises said values of, or derived values
from, said first and second physiological parameters.
32. The method of claim 29, wherein said ICP model is
chosen based on dissimilarity values obtained by:
inputting the first patient’s first plurality of measurements
and second plurality of measurements into the mapping
functions of each of the potential ICP models;

outputting a corresponding dissimilarity value for each of
the potential ICP models; and

choosing an optimal dissimilarity value from among the

corresponding dissimilarity values, based on at least one
criterion.

33. The method of claim 32, wherein a hemodynamic
feature vector comprises derived values from said first
patient’s said first plurality of measurements and second plu-
rality of measurements.

34. The method of claim 32, wherein each of the corre-
sponding dissimilarity values comprises a scalar value.
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35. The method of claim 32, wherein the at least one
criterion comprises determining a minimum dissimilarity
value from among the corresponding dissimilarity values.

36. The method of claim 32, wherein the at least one
criterion comprises determining a maximum-score dissimi-
larity value from among the corresponding dissimilarity val-
ues.

37. The method of claim 32, wherein the dissimilarity
value comprises an expression of a cross correlation coeffi-
cient between estimated and observed ICP values or vectors.

38. The method of claim 32, wherein the dissimilarity
value comprises an expression of a pulsatile component of at
least one of said first plurality of measurements and said
second plurality of measurements.

39. The method of claim 32, wherein the dissimilarity
value comprises an expression of a slow wave component of
at least one of said first plurality of measurements and said
second plurality of measurements.

40. The method of claim 29, wherein at least one of said
first and second physiological parameters comprises a pCO,.

41. The method of claim 29, wherein at least one of said
first and second physiological parameters comprises an arte-
rial pO,.

42. The method of claim 29, wherein at least one of said
first and second physiological parameters comprises an arte-
rial blood pressure.

43. The method of claim 29, wherein at least one of said
first and second physiological parameters is a cerebral blood
flow velocity.

44. The method of claim 29, wherein at least one of said
first and second physiological parameters comprises an
echocardiographic measurement.

45. The method of claim 29, wherein said observed ICP
value or function is obtained from a patient other than said
first patient.

46. The method of claim 29, wherein a signal comprises at
least one of said first plurality of measurements and said
second plurality of measurements.

47. The method of claim 46, wherein said signal comprises
an electrical signal.
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48. A method, of determining an estimated value or func-
tion of a first physiological parameter of a first patient, com-
prising:

inputting into a physiological-parameter model a first plu-

rality of measurements, of a second physiological
parameter of the first patient, the second physiological
parameter correlating with the first physiological param-
eter;

inputting into the physiological-parameter model a second

plurality of measurements, of a third physiological
parameter of the first patient, the third physiological
parameter correlating with the first physiological param-
eter; and

outputting from the physiological-parameter model the

estimated value or function of a first physiological
parameter of the patient,

wherein the physiological-parameter model is chosen from

a plurality of potential physiological-parameter models,
each of the potential physiological-parameter models
having an associated mapping function that maps values
of said second and third physiological parameters to at
least one dissimilarity value, each of said at least one
dissimilarity value representing a dissimilarity between
an estimated first-physiological-parameter value or
function and an observed first-physiological-parameter
value or function.

49. The method of claim 48, wherein the first physiological
parameter comprises intracranial pressure (ICP).

50. The method of claim 49, wherein the second physi-
ological parameter comprises cerebral blood flow velocity
(CBFV) and the third physiological parameter comprises an
arterial blood pressure (ABP).

51. The method of claim 48, wherein the first physiological
parameter comprises cerebral blood flow velocity (CBFV).

52. The method of claim 51, wherein the second physi-
ological parameter comprises intracranial pressure (ICP) and
the third physiological parameter comprises an arterial blood
pressure (ABP).
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