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(57) ABSTRACT

Tools and techniques for the rapid, continuous, invasive and/
or noninvasive measurement, estimation, and/or prediction of
a patient’s physiological state. In an aspect, some tools and
techniques can estimate predict the onset of conditions intrac-
ranial pressure, an amount of blood volume loss, cardiovas-
cular collapse, and/or dehydration. Some tools can recom-
mend (and, in some cases, administer) a therapeutic treatment
for the patient’s condition. In another aspect, some tech-
niques employ high speed software technology that enables
active, long term learning from extremely large, continually
changing datasets. In some cases, this technology utilizes
feature extraction, state-of-the-art machine learning and/or
statistical methods to autonomously build and apply relevant
models in real-time.
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STATISTICAL, NONINVASIVE
MEASUREMENT OF A PATIENT’S
PHYSIOLOGICAL STATE

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] The present disclosure may be related to the follow-
ing commonly assigned applications/patents:

[0002] This is a continuation application of U.S. patent
application Ser. No. 13/889,513 (513 application”), filed
May 8, 2013, by Grudic et al, and titled, “Statistical, Nonin-
vasive Measurement of Intracranial Pressure” (attorney
docket no. 0463.03-CON), which is a continuation applica-
tion of U.S. patent application Ser. No. 13/028,140 (*’140
application”) (Now U.S. Pat. No. 8,512,260), filed Feb. 15,
2011, by Grudic et al, and titled, “Statistical, Noninvasive
Measurement of Intracranial Pressure,” (attorney docket no.:
0463.03), which is a non-provisional application and claims
the benefit, under 35 U.S.C. §119(e), of U.S. Provisional
Patent Application No. 61/305,110, filed Feb. 16, 2010, by
Moulton et al. and titled “A Statistical, Noninvasive Method
for Measuring Intracranial Pressure,” which is hereby incor-
porated by reference, as if set forth in full in this document,
for all purposes.

[0003] The 140 application is also a continuation-in-part
of Application No. PCT/US2009/062119, filed Oct. 26, 2009
by Grudic et al. and entitled “Long Term Active Learning
from Large Continually Changing Data Sets” (the “’119
application”), which is hereby incorporated by reference, as if
set forth in full in this document, for all purposes. The 119
application claims the benefit, under 35 U.S.C. §119(e), of
provisional U.S. Patent Application Nos. 61/109,490, 61/166,
472,61/166,486, 61/166,499, and 61/252,978, each of which
is hereby incorporated by reference, as if set forth in full in
this document, for all purposes.

[0004] Therespective disclosures of these applications/pat-
ents are incorporated herein by reference in their entirety for

all purposes.

STATEMENT AS TO RIGHTS TO INVENTIONS
MADE UNDER FEDERALLY SPONSORED
RESEARCH OR DEVELOPMENT

[0005] This invention was made with government support
under grant number 0535269 awarded by the National Sci-
ence Foundation; grant number FA8650-07-C-7702 awarded
by the Air Force Research Laboratory; and grant numbers
WS81XWH-09-C-0160 and W81XWH-09-1-0750 awarded
by Army Medical Research Material and Command. The
government has certain rights in the invention.

COPYRIGHT STATEMENT

[0006] A portion of the disclosure of this patent document
contains material that is subject to copyright protection. The
copyright owner has no objection to the facsimile reproduc-
tion by anyone of the patent document or the patent disclosure
as it appears in the Patent and Trademark Office patent file or
records, but otherwise reserves all copyright rights whatso-
ever.

FIELD

[0007] The present disclosure relates, in general, tools and
techniques for measuring and/or inferring a patient’s physi-

Jan. 21,2016

ological state and more particularly, to solutions that measure
and/or infer the physiological state noninvasively and/or
computationally.

BACKGROUND

[0008] Traumatic brain injury (“TBI”) is a common and
devastating condition. Of the 1.4 million civilians who sus-
tain a TBI each year in the United States, approximately 1.1
million are treated and released from an emergency depart-
ment, 235,000 are hospitalized, and 50,000 die. Traumatic
brain injury is the number one cause of pediatric death and
disability. Long-term disability can range from functional
changes affecting thinking, language and learning, to physi-
cal, emotional and behavioral changes. Traumatic brain
injury can cause epilepsy and increase the risk for conditions
such as Alzheimer’s disease, Parkinson’s disease, and other
brain disorders that become more prevalent with age.

[0009] Traumatic brain injury (TBI) results in an increase
in intracranial pressure (“ICP”). Elevated ICP reduces cere-
bral perfusion pressure (“CPP”"), which lowers cerebral blood
flow (“CBF”). As the injured brain becomes increasingly
more ischemic, brain swelling ensues, causing more
ischemia, further brain injury, herniation and oftentimes
death. TBI outcome depends on the severity of primary brain
injury and the effectiveness of preventing or limiting second-
ary brain injury.

[0010] Evidence-based guidelines for the management of
severe traumatic brain injury have been developed, yet a wide
spectrum of methods still characterizes most monitoring and
treatment strategies. The most widely used, current method
for intracranial pressure monitoring involves placement of an
intracranial pressure monitoring device. This is an invasive
procedure that involves cutting the scalp and drilling a hole
through the patient’s cranium, so that a pressure transducer
can be inserted in or on top of the brain. Newer, non-invasive
methods for intracranial pressure and cerebral perfusion
monitoring have been described; however, these methods are
still considered experimental and none are in clinical practice.
These non-invasive, intracranial pressure monitoring meth-
ods include: transcranial Doppler ultrasonography; transcra-
nial optical radiation, such as near-infrared spectroscopy;
ophthalmodynamometry; arterial pulse phase lag; and ocular
coherence tomography.

[0011] Further, existing techniques for measuring ICP
often will not provide sufficient findings to inform the selec-
tion of an appropriate therapeutic strategy for the TBI. Fluid
resuscitation strategies are poorly understood, difficult to
study and variably practiced. Inadequate resuscitation poses
the risk of hypotension and end organ damage. Conversely,
aggressive fluid resuscitation may dislodge clots from vascu-
lar injuries, resulting in further blood loss, hemodilution and
death. How to best proceed when one is dealing with a mul-
tiply-injured patient who has a traumatic brain injury and
exsanguinating hemorrhage can be especially difficult. Under
resuscitation can harm the already injured brain, whereas
overresuscitation can reinitiate intracranial bleeding and
exacerbate brain swelling, leading to brain herniation, petr-
manent neurological injury and oftentimes death.

[0012] Accordingly, new techniques for non-invasive
assessment, monitoring, and treatment of TBI, and elevated
ICP generally, are urgently needed.

BRIEF SUMMARY

[0013] A set of embodiments provides rapid, continuous,
invasive, and/or noninvasive techniques for measuring, esti-
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mating, and/or predicting a patient’s physiological state,
which can include, without limitation, a patient’s intracranial
pressure, an amount of blood volume loss, a point of cardio-
vascular collapse, and/or a state of dehydration. In an aspect,
certain embodiments can predict the onset of conditions such
as herniation or cardiovascular collapse and/or can recom-
mend (and, in some cases, administer) a therapeutic treatment
for the patient’s condition. In another aspect, some embodi-
ments employ high speed software technology that enables
active, long term learning from extremely large, continually
changing datasets. In some cases, this technology utilizes
feature extraction, state-of-the-art machine learning and/or
statistical methods to autonomously build and apply relevant
models in real-time.

[0014] The tools provided by various embodiments
include, without limitation, methods, systems, and/or soft-
ware products. Merely by way of example, a method might
comprise one or more procedures, any or all of which are
executed by a computer system. Correspondingly, an
embodiment might provide a computer system configured
with instructions to perform one or more procedures in accor-
dance with methods provided by various other embodiments.
Similarly, a computer program might comprise a set of
instructions that are executable by a computer system (and/or
a processor therein) to perform such operations. In many
cases, such software programs are encoded on physical, tan-
gible and/or non-transitory computer readable media (such
as, to name but a few examples, optical media, magnetic
media, and/or the like).

[0015] Merely by way of example, one set of embodiments
provides a computational method of predicting a patient’s
physiological state. In some embodiments, the method com-
prises receiving, at a computer system, a set of input data from
one or more physiological sensors; in an aspect, the input data
might pertain to one or more physiological parameters of a
patient. The method, in some cases, can further include ana-
lyzing, with the computer system, the input data against a
pre-existing model to generate diagnostic data concerning the
patient’s physiological state. The method, then, might further
comprise displaying, with a display device, at least a portion
of the diagnostic data concerning the physiological state.
[0016] In a particular embodiment, the diagnostic data
comprises an estimate of a current physiological state, a pre-
dicted future intracranial physiological state, and/or an esti-
mated state at which the patient will suffer a condition, such
as uncal herniation or cardiovascular collapse. In another
embodiment, the input data might comprise periodic samples
of a set of continuous, physiological waveform data, such as
blood pressure waveform data, to name one example. In
accordance with different methods, a variety of sensors may
be employed to obtain the input data. Examples include, but
are not limited to, an electrocardiograph sensor, an imped-
ance cardiograph sensor, a pulse oximeter, a near infrared
sensor, and/or a transcranial Doppler sensor.

[0017] Insome cases, the method further comprises gener-
ating the model to which the input data is applied. In an
exemplary embodiment, for example, generating the model
might comprise receiving data pertaining to a plurality physi-
ological parameters of a test subject to obtain a plurality of
physiological data sets, directly measuring the test subject’s
physiological state with a reference sensor to obtain a plural-
ity of physiological state measurements, and/or correlating
the received data with the measured physiological state of the
test subject. This correlation might involve autonomously
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learning a set of probabilistic predictive models comprises
using a linear model framework to identify predictive vari-
ables for each increment of data. In other cases, the method
might include updating the existing model using the set of
input data itself.

[0018] Another set of embodiments provides an apparatus.
An exemplary apparatus might comprise a non-transitory
computer readable medium having encoded thereon a set of
instructions executable by one or more computers to perform
one or more operations, such as those described in conjunc-
tion with the above method.

[0019] Yet another set of embodiments provides patient
monitoring systems and/or computer systems. An exemplary
system might comprise one or more processors; and/or a
computer readable medium in communication with the one or
more processors. The computer readable medium, in an
aspect, can have encoded thereon a set of instructions execut-
able by the computer system to perform one or more opera-
tions, such as the set of instructions described above. The
system might include one or more sensors, and/or a therapeu-
tic device.

BRIEF DESCRIPTION OF THE DRAWINGS

[0020] A further understanding of the nature and advan-
tages of particular embodiments may be realized by reference
to the remaining portions of the specification and the draw-
ings, in which like reference numerals are used to refer to
similar components. In some instances, a sub-label is associ-
ated with a reference numeral to denote one of multiple simi-
lar components. When reference is made to a reference
numeral without specification to an existing sub-label, it is
intended to refer to all such multiple similar components.
[0021] FIG. 1 is a schematic diagram illustrating a basic
structure for various embodiments.

[0022] FIG. 2 is a process flow diagram illustrating, in
general, a method of measuring ICP noninvasively.

[0023] FIG. 3 is a process flow diagram illustrating a
method of measuring, estimating, predicting, and/or treating
ICP, in accordance with various embodiments.

[0024] FIG. 4 is a process flow diagram illustrating a
method of generating an ICP model.

[0025] FIG. 5 is a process flow diagram illustrating a
method of correlating physiological data with measured ICP
of a test subject.

[0026] FIG. 6 is a generalized schematic diagram illustrat-
ing a computer system, in accordance with various embodi-
ments.

DETAILED DESCRIPTION OF CERTAIN
EMBODIMENTS

[0027] While various aspects and features of certain
embodiments have been summarized above, the following
detailed description illustrates a few exemplary embodiments
in further detail to enable one of skill in the art to practice such
embodiments. The described examples are provided for illus-
trative purposes and are not intended to limit the scope of the
invention.

[0028] In the following description, for the purposes of
explanation, numerous specific details are set forth in order to
provide a thorough understanding of the described embodi-
ments. It will be apparent to one skilled in the art, however,
that other embodiments of the present may be practiced with-
out some of these specific details. In other instances, certain
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structures and devices are shown in block diagram form.
Several embodiments are described herein, and while various
features are ascribed to different embodiments, it should be
appreciated that the features described with respect to one
embodiment may be incorporated with other embodiments as
well. By the same token, however, no single feature or fea-
tures of any described embodiment should be considered
essential to every embodiment of the invention, as other
embodiments of the invention may omit such features.

[0029] Unless otherwise indicated, all numbers used herein
to express quantities, dimensions, and so forth used should be
understood as being modified in all instances by the term
“about.” In this application, the use of the singular includes
the plural unless specifically stated otherwise, and use of the
terms “and” and “or” means “and/or” unless otherwise indi-
cated. Moreover, the use of the term “including,” as well as
other forms, such as “includes” and “included,” should be
considered non-exclusive. Also, terms such as “element” or
“component” encompass both elements and components
comprising one unit and elements and components that com-
prise more than one unit, unless specifically stated otherwise.

[0030] One setof embodiments provides rapid, continuous,
and/or noninvasive techniques for measuring, estimating,
and/or predicting a patient’s intracranial pressure. In an
aspect, certain embodiments can predict the onset of condi-
tions such as herniation and/or can recommend (and, in some
cases, administer) a therapeutic treatment for the patient’s
condition. In anotheraspect, some embodiments employ high
speed software technology that enables active, long term
learning from extremely large, continually changing datasets.
In some cases, this technology utilizes feature extraction,
state-of-the-art machine learning and/or statistical methods to
autonomously build and apply relevant models in real-time.

[0031] Asnotedin the *119 application, a predictive model
can be used not only for medical/physiological data, but also
for a wide variety of data sets, including without limitation
robotics data, weather data, financial market data, traffic pat-
tern data, etc. More pertinently, however, disclosed embodi-
ments can use a predictive model, as described above, for
example, to provide for real time prediction of physiological
conditions using various physiological data.

[0032] For instance, physiological data can be received
(e.g., input) from a physiological sensor that is measuring a
physiological state of a patient. Physiological feature data can
then be derived from the physiological data. For example, a
Finometer (physiological sensor) can be used to measure the
blood pressure of a patient and provide blood pressure data
(physiological data). From the blood pressure data, blood
volume data (physiological feature data) can be derived. Vari-
ous other physiological feature data can be derived from the
physiological data. From the physiological feature data, other
physiological parameters (e.g., parameters not amenable to
rapid, noninvasive, direct measurement) can be estimated/
predicted, and/or a prediction can be made about a physi-
ological threshold where patient state is reached (e.g., trauma
or shock). The prediction can be based on a large data set of
physiological feature data. Moreover, the prediction can use
any type of predictive algorithm and/or can be self learning.
In some embodiments, a user interface can provide the physi-
ological feature data along with the predicted threshold. Such
a user interface can allow a user to determine whether the
physiological feature data is converging and/or diverging
with the threshold data.
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[0033] ICP Model

[0034] In particular, certain embodiments employ an
experimentally-developed model to correlate estimated and/
or predicted ICP with other measured physiological param-
eters. For example, one such model has been developed using
porcine data, collected using an invasive arterial catheter (to
collect arterial blood pressure waveform data) and aninvasive
ICP monitor (to collect ICP data), as well as additional sen-
sors to measure other physiological parameters.

[0035] Pursuant to the porcine experiment, twelve pigs
were instrumented. An intracranial pressure catheter was
placed through a burr hole into the subdural space overlying
the animal’s right hemisphere. A 12 F catheter-tipped balloon
was advanced through a burr hole into the epidural space
overlying each animal’s left hemisphere. The animals were
instrumented with a number of additional catheters to mea-
sure cardiac output, stroke volume, aortic pressure, atrial
pressure, carotid blood flow (“CBF”) and intrathoracic pres-
sure. Once each animal preparation was completed, the left
epidural balloon was inflated with 3 ml of saline at a rate of 3
ml/hour until a target ICP of 40 mmHg was achieved. This
elevated ICP was due to the increased volume of the inflated
balloon. Hemodynamic parameters were continuously mea-
sured and blood gases were obtained at the end of the first four
S-minute intervals. Once balloon inflation was complete and
a minimum doubling of intracranial pressures was observed,
the animals were allowed to stabilize for an additional 30
minutes. The animals were subsequently sacrificed with a
potassium bolus and their brains examined for evidence of
injury.

[0036] Themodel was developed by processing the porcine
data with an algorithm described in further detail below and in
the *119 application to correlate the measured ICP data with
the other physiological parameters. ICP predictions were
made using a model constructed from data from eleven pigs
and tested on the remaining pig. This process was repeated
twelve times, with each pig acting as a test pig. The window
size used for making predictions was 200 heart beats. The
mean correlation coefficient, of all twelve tests, between the
ICP measured by the reference sensors and the ICP value
estimated by the model (based on aortic waveform data) was
0.92. According to another model, the correlation coefficient
between the measured ICP and the ICP value estimated by the
model (based on transcranial Doppler waveform data) was
0.90.

[0037] Other models, which can be equally valid, can rely
on noninvasive blood pressure data and/or can employ human
subjects (including without limitation patients themselves).
Moreover, a variety of other physiological parameters and/or
sensors can be used to develop models and/or to estimate/
predict ICP based on those models. Merely by way of
example, electrocardiographs (“ECG”), pulse oximeters, vol-
ume clamps, impedence cardiographs (“ICG”), near infrared
(“NIR”) sensors, transcranial Doppler sensors, capnograms,
and the like.

[0038] The electrocardiograph (“ECG”) measures the
heart’s electrical activity using specifically placed electrodes.
The output describes muscle activity through voltages along
different directions between electrode pairs. The typical ECG
waveform is described as a P wave, a QRS complex, and a T
wave. Obviously heart rate (“HR”) data can be extracted from
the waveform, and considerable attention has been given to
heart rate variability (“HRV”) for evaluating autonomic dys-
function, and its correlation to events such as increased intrac-
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ranial pressure and death due to traumatic injury. Some schol-
ars have found that the performance of HRV for predicting
traumatic head injury was improved by considering factors
such as heart rate, blood pressure, sedation, age, and gender.
There are various algorithmic definitions for computing HRV
from R-R intervals, which appear to perform equivalently as
long as they are calculated over extended (5 min) intervals.
ECG poses some challenges for usability in transport as the
motion of subjects can alter readings or dislodge sensors.

[0039] Intheir basic form, pulse oximeters use the differing
properties of deoxygenated and oxygenated hemoglobin for
absorbing red and infrared light. Red ("R”) and infrared
(“IR”) LEDs shine through a relatively translucent site such
as the earlobe or finger, and a photodetector on the other side
receives the light that passes through. The observed values are
used to compute the ratio R/IR, which can be used to look up
the patient’s saturation of peripheral oxygen (SpO,) level
from pre-computed tables. As the heart beats, blood pulses
through the arteries in the measurement location causing
more light to be absorbed, yielding a waveform of light sig-
nals over time. This photoplethysmograph (“PPG”) can be
used to determine heart rate, but also analyzed inits own right.
Subtracting the trough (DC) values, which represent constant
light absorbers, we are left with the absorption properties for
the varying (AC) component, which is arterial blood.
Advances in technology have seen more 30 light wavelengths
used to make systems more reliable by distinguishing O, and
CO,.

[0040] Some research recommends the use of the raw PPG
signal, and discusses its relationship to systolic blood pres-
sure, sympathetic tone and respiration. PPG has been shown
to be correlated to systolic pressure variation (“SPV”), which,
in turn, is correlated with hypovolemia. Other researchers
compare correlation of ear and finger pulse oximeter wave-
forms to SBP. They evaluate pulse amplitude, width and area
under the curve as extracted features, and use metrics on the
envelope of the PPG waveform to reliably detect blood
sequestration of more than 1 liter induced by lower body
negative pressure (“LBNP”). Still others have constructed a
linear predictor for cardiac output (“CO”), based on heart rate
and features extracted from the ear PPG waveform.

[0041] The Perfusion Index (“PI”) expresses the varying

versus stationary components of IR light in the PPG as a
percentage:

AC, (Eqg. 1
PI= 22« 100% Ee D
DCpr

[0042] Research has established the correlation of PI and
core-to-toe temperature difference (a measure of peripheral
perfusion) for critically ill patients.

[0043] The Pleth Variability Index (“PVI”) describes
changes in P1 over at least one respiratory cycle:

Plyax = Pl (Eq. 2)
PVI= —— x100%
leax
[0044] Ithas been shown that PVI can predict fluid respon-

siveness in anesthetized and ventilated patients. Moreover,
PPG variation, pulse pressure variation (“PPV”), and systolic
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pressure variation (“SPV”) are well correlated to gradual
autodonationto a reduction 0£20% in systolic blood pressure.

[0045] The Finopres system used for the USAISR dataset
uses a volume clamp mechanism to measure the finger arterial
pressure waveform, as well as estimating parameters such as
CO, and stroke volume (“SV”’). The mechanism combines an
infrared plethysmograph to determine baseline unloaded
artery diameter and monitor blood volume, and an inflatable
finger cuff which is controlled to maintain baseline diameter.
Variation in cuff pressure provides an indirect means of mea-
suring intra-arterial pressure.

[0046] Similar parameters can be obtained using ICG,
which measures volumetric changes due to the cardiac cycle
by observing changes in thoracic impedance. Current is
passed through the chest between sensors, traveling through
the aorta as the path of least resistance. As blood velocity and
volume change in the aorta, corresponding changes in imped-
ance are recorded as a continuous waveform, from which
hemodynamic parameters such as CO and SV can be com-
puted.

[0047] Many standard hemodynamic parameters intended
to capture the behavior of the cardiac cycle are derived from
blood pressure and heart rate measurements. For example,
arterial blood pressure (“ABP”) is the pressure in the arteries,
which varies through the systolic and diastolic phases of the
cardiac cycle. Systolic blood pressure (“SBP”) is the maxi-
mum ABP as the left ventricle contracts. It can be extracted as
the peak values of the raw Finopres ABP waveform. Diastolic
blood pressure (DBP) is the ABP when the heart is at rest. It
can be measured from the troughs of the APB waveform.
Mean arterial pressure (“MAP”) describes the mean arterial
blood pressure over a cardiac cycle, and it can be expressed as

MAP=(COxSVR)+CVP (Eq. 3)

where CO is cardiac output, SVR is systemic vascular resis-
tance and CVP is central venous pressure. MAP can be
approximated using more accessible parameters as:

1 (Eq. 4
MAP = DPB+ 5 (SBP~ DBP)

[0048] Systolic pressure variability (“SPV”) attempts to
measure the change or variability in SBP over a respiration
cycle. In general, it is expressed as the difference (or percent-
age change) between min and max SBP:

SPV=SBP,,.. »-SBP,..z (Eq. 5)

[0049] Authors will also frequently distinguish delta up
(“dUp”) and delta down (“dDown’") components. Research-
ers have examined the correlation between SPV and dDown
for hemorrhage and volume replacement, finding that they
followed intravascular volume for mechanically ventilated
patients. Others have concluded that dDown was an effective
indicator of CO response to volume replacement for
mechanically ventilated septic shock patients. One researcher
points out that SPV and dDown should be calculated as per-
centages of SBP in the case of hypotension.

[0050] Pulse pressure (PP) is the beat to beat change in
blood pressure:
PP=SBP-DBP (Eq. 6)
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[0051] Pulse pressure variability (PPV) is also computed
using min and max PP over the respiratory cycle:

PPV=PP

[0052] Ithas been shown that higher PPV percentages indi-
cated which patients in septic shock responded to fluids and
also demonstrated a correlation between PPV and cardiac
index. Others have concluded that PPV can be an effective
measure for fluid management.

[0053] Stroke volume (“SV”), or volume of blood pumped
by the left ventricle in a single contraction, is the difference
between the volume of blood in the ventricle at the end of the
diastolic phase minus the volume of blood remaining after the
heart beat:

-PP, 2 (Ea. 7)

max R

SV=end_diastolic_volume-end_systolic_volume (Eq. 8)

[0054] Since these constituent parameters are difficult to
measure, SV is generally estimated from the ABP waveform,
and it has been shown that SV and PP derived from finometer
BP estimates are correlated with blood loss.

[0055] Cardiac Output (“CO™) is the volume of blood
pumped per unit time:

CO=SVxHR (Eq. 9)

[0056] Cardiac index (“CI”) relates the performance of the
hard to the size of the patient using body surface area
("BSA™):

oo 0 (Eq. 10)
BSA
[0057] BSA can be estimated using height and mass of the

individual. It has been found that CI and mixed venous oxy-
gen saturation showed a linear relationship to blood loss.
[0058] Nearinfrared spectroscopy (“NIRS”) has been used
for measuring tissue oxygenation since the 1970s. NIR light
1s shone on the body and deeply penetrates skin, fat and other
layers, where it is either scattered or absorbed. As with pulse
oximeters the differing absorption characteristics of oxyhe-
moglobin (“O,Hb”) and deoxyhemoglobin (HHb) are used to
calculate concentrations based on light received by a detector.
Other parameters such as pH and hematocrit can also be
extracted from the spectra. Research has modified this pro-
cess to compensate for the interference of skin and fat layers
to better measure muscle oxygen saturation (“SmO,”), and
NIRS measurements of SmQ, and pH have been tested as
indicators of hemodynamic instability with subjects undet-
going LBNP and conclude that 15 SmQO, is an early indicator
of vasoconstriction and impending hemodynamic decompen-
sation. Others have compared NIRS forearm measurements
of SmO, and muscle oxygen tension (“Pm0O,”) to StO, mea-
sured at the thenar eminence with a commercial device. They
conclude that spectroscopic observations of PmO, and SmO,
were early indicators of hemodynamic decompensation due
to LBNP, while thenar StO, did not change throughout the
test.

[0059] Other noninvasive sensors, although less well inves-
tigated for the problem of monitoring hemorrhage, offer dif-
ferent system measurements which may contribute a new
view to the techniques described herein. Transcranial Dop-
pler uses sound waves (a pulsed Doppler probe) to measure
blood flow velocities in cerebral blood vessels (cerebral blood
flow CBF velocity). It poses challenges in determining
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recording locations with a clear path to the vessels of interest,
but some have used CBF wvelocities as an indicator for
dynamic cerebral autoregulation under hypervolemia with
hemodilution.

[0060] The respiration cycle is intimately related to the
cardiac cycle and may offer relevant measurements for the
problem. A capnogram measures the concentration of CO, in
respiratory gases and is an indirect measure of the CO, in
arterial blood. Infrared light is passed through the gas sample,
where CO, absorbs it and a detector on the other side observes
this decrease in light. End tidal CO, (“EtCQO,”), or the CO,
concentration at the end of exhalation, has been determined to
have alogarithmic relationship to cardiac output and has been
found to track SV in an LBNP model for progressive central
hypovolemia, but that the decreases were small relative to
baseline measurements for subjects, and concluded that sen-
sors providing continuous trending were required. Other fea-
tures extracted from sensors include the nonlinear entropy-
based features for biosignal analysis.

[0061] Any of the above sensors and/or physiological
parameters (and/or combinations thereof) can be used to gen-
erate models, and/or predict/estimate ICP based on those
models, in accordance with various embodiments.

[0062] Diagnostic and Therapeutic Techniques

[0063] Using an ICP model, various embodiments can esti-
mate a patient’s current ICP, predict a patient’s future ICP,
predict the onset of significant events (such as uncal hernia-
tion), recommend therapeutic strategies, and/or implement
recommended strategies.

[0064] A general overview of a structure used in embodi-
ments of the invention is provided by FIG. 1. The structure
includes a computer system 100 in communication with one
or more sensors 105, which are configured to obtain physi-
ological data from the subject (e.g., animal or human test
subject or patient) 110. An example ofa computer system 100
that can be used in some embodiments is described in further
detail below. In general, however, the computer system 100
can be any system of one or more computers that are capable
of performing the techniques described herein. In a particular
embodiment, for example, the computer system 100 is
capable of reading values from the physiological sensors 105,
generating ICP models from data and/or using the ICP mod-
els to make individual-specific predictions, estimates or other
diagnoses, displaying the results of the diagnoses, recom-
mending and/or implementing a therapeutic treatment as a
result of the analysis, and/or archiving (learning) these results
for use in future, model building and predictions

[0065] The sensors 105 can be any of a variety of sensors
(including without limitation those described above) for
obtaining physiological data from the subject. By way of
example, in an embodiment one or more sensors 105 might
obtain, e.g., using one or more of the techniques described
above, continuous physiological waveform data, such as SBP,
DBP, and/or MAP. Input from the sensors 105 can constitute
continuous data signals and/or outcomes that can be used to
generate, and/or can be applied to, a predictive model
described as described below.

[0066] In some cases, the structure might include a thera-
peutic device 115, which can be controlled by the computer
system 100 to administer therapeutic treatment, in accor-
dance with the recommendations developed by analysis of a
patient’s physiological data. Examples of therapeutic devices
can include intravenous pumps, ventilators, anesthesia
machines, integrated critical care systems, medical robots,
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auto-infusers that can provide fluids and/or therapeutic com-
pounds (e.g., through intravenous injection), and/or the like.
[0067] FIGS. 2-5 illustrate methods in accordance with
various embodiments. While the methods of FIGS. 2-5 are
illustrated, for ease of description, as different methods, it
should be appreciated that the various techniques and proce-
dures of these methods can be combined in any suitable
fashion, and that, in some embodiments, the methods
depicted by FIGS. 2-5 can be considered interoperable and/or
as portions of a single method. Similarly, while the techniques
and procedures are depicted and/or described in a certain
order for purposes of illustration, it should be appreciated that
certain procedures may be reordered and/or omitted within
the scope of various embodiments. Moreover, while the meth-
ods illustrated by FIGS. 2-5 can be implemented by (and, in
some cases, are described below with respect to) the com-
puter system 100 of FIG. 1 (or components thereof), these
methods may also be implemented using any suitable hard-
ware implementation. Similarly, while the computer system
100 of FIG. 1 (and/or components thereof) can operate
according to the methods illustrated by FIGS. 2-5 (e.g., by
executing instructions embodied on a computer readable
medium), the system 100 can also operate according to other
modes of operation and/or perform other suitable procedures.
[0068] For example, FIG. 2 generally illustrates a method
200 for measuring ICP noninvasively. According to this
method 200, physiological parameter data are initially col-
lected from a set of subjects at block 205 and may include
both parameters that are collected noninvasively and those
that are collected invasively. Examples of noninvasively col-
lected parameters can include continuous noninvasive blood
pressure, heart rate, pulse oximetry, transcranial Doppler
data, among other potential parameters; examples of inva-
sively collected parameters can continuous blood pressure,
central venous pressure, and intracranial pressure, among
others (e.g., those described above). As indicated at block
210, some parameters may be calculated, such as mean arte-
rial pressure, cardiac output, and total peripheral resistance,
among others.

[0069] In addition to these parameters, the intracranial
pressure and/or the cerebral perfusion pressure may be mea-
sured and calculated so that a model of intracranial pressure
may be applied at block 215 to relate such values with the
various parameters obtained at blocks 205 and 210. A
machine-learning paradigm (e.g., the predictive model
described above) can be applied at block 220 to enable the
extraction of those parameters that are most relevant to detet-
mining the intracranial pressure and/or the cerebral perfusion
pressure; the model may then be tailored for prediction of
those quantities at block 225.

[0070] The resultant model may then be used diagnosti-
cally. For instance, the relevant parameters determined at
block 225 may be collected at block 230 for a patient pre-
sented for diagnosis and the intracranial pressure and/or the
cerebral perfusion pressure determined at block 235 by appli-
cation ofthe model. If the determined pressure is outside ofan
acceptable range, medical action may be taken at block 240.
In some embodiments, it can be possible for revisions to the
model to be made at block 245, particularly after treatment of
the patient, in order to improve the value and application of
the model.

[0071] Evaluation of the model may be made in any of
several different ways. For example, a mean square difference
of the intracranial pressure predicted by the model and the
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true estimated intracranial pressure may be calculated. Simi-
larly, mean square difference between the predicted cerebral
perfusion pressure and the true estimated cerebral perfusion
pressure may be calculated. When a change in intracranial
pressure is detected, the time taken for the model to respond
to this change in the predicted intracranial pressure or to the
predicted cerebral perfusion pressure may be relevant in
evaluating the model. In addition, detection of a change in
intracranial pressure may be used to calculate the time taken
for carotid artery blood flow to diminish and to compare this
with the time taken for the model to respond to such a change.
[0072] Various studies testing embodiments of the method
have enabled the prediction of ICP using hemodynamic mea-
sures such as heart rate variability and central hemodynamic
pressure. The ability to predict ICP directly from these central
hemodynamic parameters stems from the experimentally
proven ability to predict blood volume loss and CV collapse
onset, using only cranial measures of blood flow derived from
intracranial Doppler signals.

[0073] Management of traumatic brain injury may include
therapies and diagnostic techniques that optimize and moni-
tor cerebral metabolism and function by minimizing global
cerebral ischemia. Such therapies may be included in algo-
rithm modifications to allow noninvasive tracking of cerebral
pressures.

[0074] The machine-learning paradigm accordingly per-
mits the establishment of models that relate such parameters
as described above to the intracranial and cerebral perfusion
pressures. In particular, it enables the otherwise invasive
intracranial and cerebral perfusion pressures to be determined
through measurement of noninvasive parameters.

[0075] FIG. 3 illustrates another method 300 of determin-
ing the ICP of a patient. The method 300 comprises, at block
305, generating an ICP model, e.g., with a computer system.
There are a variety of techniques for generating a model in
accordance with different embodiments, some of which are
described in further detail above. Another exemplary tech-
nique for generating an ICP model is described below with
respect to FIG. 4. Any suitable technique or model may be
employed in accordance with various embodiments.

[0076] At block 310, the method 300 comprises receiving
(e.g., ata computer system), a set of input data. In most cases,
this input data is obtained by one or more physiological
sensors, and the input data pertains to one or more physiologi-
cal parameters of the patient (which can include, without
limitation, some or all of the parameters described above). In
an aspect, the sensors may be noninvasive sensors (although
invasive sensors can be used as well), and might include,
without limitation, electrocardiograph sensors, impedance
cardiograph sensors, pulse oximeters, near infrared sensors,
continuous noninvasive blood pressure sensors, transcranial
Doppler sensors, and/or the like. Such sensors can obtain data
about a variety of physiological conditions of the patient,
including without limitation, continuous physiological wave-
form data, such as blood pressure waveform data. The sen-
sors, then, can provide the received data to the computer
system, e.g., through standard communication facilities, such
as USB, Bluetooth, and/or the like.

[0077] At block 315, the input data is analyzed against an
ICP model. In some cases, the model is pre-existing (i.e.,
generated prior to receiving the input data), although, as noted
above, the model can be refined using the input data and the
results of the analysis itself. In an exemplary case, the model
provides an algorithm to which the input data can be applied,
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to produce output data relating to an estimated/predicted ICP
of the patient that corresponds to the patient’s measured
physiological parameters.

[0078] Thus, the analysis of the input data against the
model can be used to generate diagnostic data concerning the
patient’s ICP (block 320). For example, in some cases, the
diagnostic data might include an estimate of the patient’s
current ICP, based on the measured physiological parameters
as represented by the data received from the sensors. In other
cases, the diagnostic data might include a prediction of the
patient’s ICP at a time in the future (which might merely be a
few seconds, several minutes, one or more hours, etc.), based
on, for example, trending in the waveform data received by
the sensors, which might correlate to trending patterns pre-
dicted by the model

[0079] Alternatively and/or additionally, the diagnostic
data might comprise data about a threshold condition (e.g.,
ICP value) at which the patient will suffer complications or
other conditions. Merely by way of example, in some cases,
the model might correlate certain physiological parameter
values with the onset of a condition, such as uncal herniation.
The model, then, can be used to predict not only future ICP
values, but also an ICP value that would likely result in the
onset of the condition, based on correlation between the
received data about the physiological parameters and the
predictions specified by the model.

[0080] At block 325, the method 300 comprises displaying
(e.g., with a display device, such as a computer monitor, a
device integrated with a monitoring system, etc.) at least a
portion of the diagnostic data. Many different types of dis-
plays are possible, including without limitation, textual dis-
plays of data, graphical displays (e.g., using one or more
graphically-rendered gauges, such as horizontal or vertical
bars to illustrate current estimated ICP, predicted ICP, hernia-
tion thresholds, etc.), and/or the like. In some cases, display-
ing the diagnostic data might comprise displaying a tracing of
estimated and/or predicted ICP values over time, and/or a
predicted time/ICP value that might result in the onset of a
condition, such as uncal herniation. Examples of similar trac-
ings, with respect to different physiological parameters and
conditions, are illustrated by FIGS. 6 and 11 of the 119
application. In various embodiments, the system might dis-
play ICP diagnostic data, data about other monitored param-
eters (e.g., data obtained directly by the sensors), and/or both.
[0081] Atblock 330, the method 300 comprises controlling
a therapeutic treatment of the patient’s ICP, based at least in
part on the diagnostic data. More specifically, in some cases
the computer system has the ability to participate not only in
the diagnosis of a condition (such as elevated ICP) but also in
the treatment of that condition, based (in some cases) upon
the results of the system’s analysis of the measured physi-
ological parameters against the model. Controlling a thera-
peutic treatment can include many different operations,
according to the functionality of the particular embodiment
and/or the preferences of the operator.

[0082] Merely by way of example, controlling a therapeutic
treatment might comprise selecting one or more treatment
options from among a plurality of possible treatment options
(block 335). For instance, clinical experience has revealed
that ICP can be treated in one (or more) of several different
fashions. In some cases, administration of a diuretic (such as
manitol or the like) can be beneficial at reducing ICP. In other
cases, administration of a hyperosmolar solution (such as
hypertonic saline or the like) can be beneficial. However,

Jan. 21,2016

depending on the patient’s condition, administration of the
wrong therapeutic agent can exacerbate the condition and/or
cause other complications. Apparent symptoms of ICP how-
ever, often fail to provide any indication to recommend one
course of treatment over another. By applying the data about
the patient’s physiological parameters to the model, however,
some embodiments can provide a more sophisticated diagno-
sis that will indicate which of a plurality of treatment options
are preferable. Such embodiments can automatically select a
recommended treatment option out of the plurality of treat-
ment options. In an aspect, the system might then display the
recommended treatment option on the display device.

[0083] Alternatively and/or additionally, controlling a
therapeutic treatment might comprise administering the rec-
ommended treatment option(s) (block 340). Merely by way
of example, as noted above, the system might comprise one or
more therapeutic devices, such as intravenous pumps, venti-
lators, anesthesia machines, integrated critical care systems,
medical robots, auto-infusers that can provide fluids and/or
therapeutic compounds (e.g., through intravenous injection),
and/or the like, and the system might control such a therapeu-
tic device to administer the recommended course of treat-
ment, either automatically and/or based on operator input
(e.g., confirmation of a recommended treatment option, etc.).

[0084] In some cases, the operations of receiving the input
data and analyzing the input data can be repeated, as illus-
trated by FIG. 3. Thus, for example, a patient can be moni-
tored continuously, with new data being obtained by the sen-
sors, provided to the computer, and applied to the model. The
method, then can comprise receiving a plurality of sets of
input data, analyzing that data to produce multiple sets of
diagnostic data, and providing an updated (e.g., continuously
or periodically updated) display of the diagnostic data.

[0085] In other cases, the method 300 might comprise
updating the ICP model based, at least in part, on the input
data and/or the analysis of that data (block 345). Merely by
way of example, in some cases, collected data might be used
to refine the model. In other cases, if the monitored param-
eters produce ambiguity when applied to the model, the sys-
tem might collect data (e.g., from additional sensors) on
additional parameters to resolve the ambiguities.

[0086] FIG. 4 illustrates a method of generating an ICP
model, which can be used, for example, to analyze input data
as described with respect to FIG. 3. The method 400 com-
prises, at block 405, receiving a plurality of physiological
data sets (e.g., obtaining data, such as waveform data, from a
plurality of physiological sensors monitoring a test subject).
The process of obtaining and/or receiving physiological data
sets can be similar to that described above. At block 410, the
method 400 comprises directly measuring the test subject’s
ICP with a reference sensor, to obtain a plurality of ICP
measurements. For example, as noted above, the test subject
may be instrumented as described above.

[0087] Atblock415, the method 400 comprises correlating
the received data with the measured ICP of the test subject. It
is often the case that the correlation between ICP and a given
set of one or more physiological parameter is non-trivial.
Merely by way of example, relationships between ICP and
one or more physiological parameters may be complex and
non-linear. Moreover, some combination of different physi-
ological parameters (each having their own coefficient and/or
polynomial order) might be most predictive of a condition
(such as ICP) in various circumstances.
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[0088] Accordingly, certain embodiments employ
advanced computational techniques, such as those described
in the 119 application, to identify this correlation. Merely by
way of example, a particular embodiment employs a self-
learning predictive model to identify correlation between ICP
and other measured physiological parameters.

[0089] FIG. 5 illustrates a method of employing such a
self-learning predictive model (or machine learning) method
500, according to some embodiments. In particular, the
method 500 can be used to correlate physiological data
received from a subject sensor with measured ICP values. The
method 500 begins at block 505 by collecting raw data mea-
surements that may be used to derive a set of D data signals s,
..., Sy as indicated at block 510 (each of the data signals s
being, in a particular case, input from one or many different
physiological sensors). Embodiments are not constrained by
the type of measurements that are made at block 505 and may
generally operate on any data set. For example, data signals
can be retrieved from a computer memory and/or can be
provided from a sensor or other input device. A set of K

current or future outcomes 0 =(0y, ..., 0x) is hypothesized at
block 515 (the outcomes o being, in this case, past and/or
future measured ICP values). The method autonomously gen-
erates a predictive model M that relates the derived data

signals § with the outcomes 0. As used herein, “autono-
mous,” means “without human intervention.”

[0090] As indicated at block 520, this is achieved by iden-
tifying the most predictive set of signals S,, where S, contains
at least some (and perhaps all) of the derived signals s, . . .,
s, for each outcome o,, where ke{1, . .., K}. A probabilistic
predictive model 6,=M, (S,) is learned at block 525, where G,
is the prediction of outcome o, derived from the model M,
that uses as inputs values obtained from the set of signals S,,
forallke{1, ..., K}. The method 500 can learn the predictive
models 6,=M,(S,) incrementally (block 530) from data that
contains example values of signals s, . . ., s, and the corre-
sponding outcomes o, . . ., 0. As the data become available,
the method 500 loops so that the data are added incrementally
to the model for the same or different sets of signals S, for all
ke{l,...,K}.

[0091] While the description above outlines the general
characteristics of the methods, additional features are noted.
A linear model framework may be used to identify predictive
variables for each new increment of data. In a specific
embodiment, given a finite set of data of signals and outcomes

{( 5., 0 s (3 . 52), ... }, alinear model may be constructed
that has the form, for all ke{1, ..., K},

6= filagvZ,_as) (Eq. 11)

where f, is any mapping from one input to one output, and a,,,
a,, ..., a,are the linear model coeflicients. The framework
used to derive the linear model coefficients may estimate
which signals s, s,, .. . , s, are not predictive and accordingly
sets the corresponding coefficients a,, a,. . . ., a, to zero.
Using only the predictive variables, the model builds a pre-

dictive density model of the data, {( 5 ,, 0 s (S5, 52), b
For each new increment of data, a new predictive density
models can be constructed.

[0092] In some embodiments, a prediction system can be
implemented that can predict future results from previously
analyzed data using a predictive model and/or modify the
predictive model when data does not fit the predictive model.
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In some embodiments, the prediction system can make pre-
dictions and/or to adapt the predictive model in real-time.
Moreover, in some embodiments, a prediction system can use
large data sets not only to create the predictive model, but also
predict future results as well as adapt the predictive model.
[0093] In some embodiments, a self-learning, prediction
device can include a data input, a processor and an output.
Memory can include application software that when executed
can direct the processor to make a prediction from input data
based on a predictive model. Any type of predictive model can
be used that operates on any type of data. In some embodi-
ments, the predictive model can be implemented for a specific
type of data. In some embodiments, when data is received the
predictive model can determine whether it understands the
data according to the predictive model. If the data is under-
stood, a prediction is made and the appropriate output pro-
vided based on the predictive model. If the data is not under-
stood when received, then the data can be added to the
predictive model to modify the model. In some embodiments,
the device can wait to determine the result of the specified
data and can then modify the predictive model accordingly. In
some embodiments, if the data is understood by the predictive
model and the output generated using the predictive model is
not accurate, then the data and the outcome can be used to
modify the predictive model. In some embodiments, modifi-
cation of the predictive model can occur in real-time.

[0094] FIG. 6 provides a schematic illustration of one
embodiment of a computer system 600 that can perform the
methods provided by various other embodiments, as
described herein, and/or can function the computer system of
FIG. 1, a patient monitoring system, and/or the like. It should
be noted that FIG. 6 is meant only to provide a generalized
illustration of various components, of which one or more (or
none) of each may be utilized as appropriate. FIG. 6, there-
fore, broadly illustrates how individual system elements may
be implemented in a relatively separated or relatively more
integrated manner.

[0095] The computer system 600 is shown comprising
hardware elements that can be electrically coupled via a bus
605 (or may otherwise be in communication, as appropriate).
The hardware elements may include one or more processors
610, including without limitation one or more general-pur-
pose processors and/or one or more special-purpose proces-
sors (such as digital signal processing chips, graphics accel-
eration processors, and/or the like); one or more input devices
615, which can include without limitation a mouse, a key-
board and/or the like; and one or more output devices 620,
which can include without limitation a display device, a
printer and/or the like.

[0096] Thecomputer system 600 may further include (and/
or be in communication with) one or more storage devices
625, which can comprise, without limitation, local and/or
network accessible storage, and/or can include, without limi-
tation, a disk drive, a drive array, an optical storage device,
solid-state storage device such as a random access memory
(“RAM”) and/or a read-only memory (“ROM”), which can
be programmable, flash-updateable and/or the like. Such stor-
age devices may be configured to implement any appropriate
data stores, including without limitation, various file systems,
database structures, and/or the like.

[0097] The computer system 600 might also include a com-
munications subsystem 630, which can include without limi-
tation a modem, a network card (wireless or wired), an infra-
red communication device, a wireless communication device
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and/or chipset (such as a Bluetooth™ device, an 802.11
device, a WiFi device, a WiMax device, a WWAN device,
cellular communication facilities, etc.), and/or the like. The
communications subsystem 630 may permit data to be
exchanged with a network (such as the network described
below, to name one example), with other computer systems,
and/or with any other devices described herein. For example,
in various embodiments, the communications subsystem pro-
vides connectivity for the computer to control and/or receive
data from one or more sensors, and/or to control a therapeutic
device, as described above. Alternatively and/or additionally,
the sensors and/or the therapeutic device might be integrated
with the computer system itself.

[0098] In many embodiments, the computer system 600
will further comprise a working memory 635, which can
include a RAM or ROM device, as described above. The
computer system 600 also may comprise software elements,
shown as being currently located within the working memory
635, including an operating system 640, device drivers,
executable libraries, and/or other code, such as one or more
application programs 645, which may comprise computer
programs provided by various embodiments, and/or may be
designed to implement methods, and/or configure systems,
provided by other embodiments, as described herein. Merely
by way of example, one or more procedures described with
respect to the method(s) discussed above might be imple-
mented as code and/or instructions executable by a computer
(and/or a processor within a computer); in an aspect, then,
such code and/or instructions can be used to configure and/or
adapt a general purpose computer (or other device) to perform
one or more operations in accordance with the described
methods.

[0099] A set of these instructions and/or code might be
encoded and/or stored on a non-transitory computer readable
storage medium, such as the storage device(s) 625 described
above. In some cases, the storage medium might be incorpo-
rated within a computer system, such as the system 600. In
other embodiments, the storage medium might be separate
from a computer system (i.e., a removable medium, such as a
compact disc, etc.), and/or provided in an installation pack-
age, such that the storage medium can be used to program,
configure and/or adapt a general purpose computer with the
instructions/code stored thereon. These instructions might
take the form of executable code, which is executable by the
computer system 600 and/or might take the form of source
and/or installable code, which, upon compilation and/or
installation on the computer system 600 (e.g., using any of a
variety of generally available compilers, installation pro-
grams, compression/decompression utilities, etc.) then takes
the form of executable code.

[0100] It will be apparent to those skilled in the art that
substantial variations may be made in accordance with spe-
cific requirements. For example, customized hardware (such
as programmable logic controllers, field-programmable gate
arrays, application-specific integrated circuits, and/or the
like) might also be used, and/or particular elements might be
implemented in hardware, software (including portable soft-
ware, such as applets, etc.), or both. Further, connection to
other computing devices such as network input/output
devices may be employed.

[0101] As mentioned above, in one aspect, some embodi-
ments may employ a computer system (such as the computer
system 600) to perform methods in accordance with various
embodiments of the invention. According to a set of embodi-
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ments, some or all of the procedures of such methods are
performed by the computer system 600 in response to pro-
cessor 610 executing one or more sequences of one or more
instructions (which might be incorporated into the operating
system 640 and/or other code, such as an application program
645) contained in the working memory 635. Such instructions
may be read into the working memory 635 from another
computer readable medium, such as one or more of the stor-
age device(s) 625. Merely by way of example, execution of
the sequences of instructions contained in the working
memory 635 might cause the processor(s) 610 to perform one
or more procedures of the methods described herein.

[0102] The terms “machine readable medium” and “com-
puter readable medium,” as used herein, refer to any medium
that participates in providing data that causes a machine to
operation in a specific fashion. In an embodiment imple-
mented using the computer system 600, various computer
readable media might be involved in providing instructions/
code to processor(s) 610 for execution and/or might be used
to store and/or carry such instructions/code (e.g., as signals).
In many implementations, a computer readable medium is a
non-transitory, physical and/or tangible storage medium.
Such a medium may take many forms, including but not
limited to, non-volatile media, volatile media, and transmis-
sion media. Non-volatile media includes, for example, optical
and/or magnetic disks, such as the storage device(s) 625.
Volatile media includes, without limitation, dynamic
memory, such as the working memory 635. Transmission
media includes, without limitation, coaxial cables, copper
wire and fiber optics, including the wires that comprise the
bus 605, as well as the various components of the communi-
cation subsystem 630 (and/or the media by which the com-
munications subsystem 630 provides communication with
other devices). Hence, transmission media can also take the
form of waves (including without limitation radio, acoustic
and/or light waves, such as those generated during radio-
wave and infra-red data communications).

[0103] Common forms of physical and/or tangible com-
puter readable media include, for example, a floppy disk, a
flexible disk, a hard disk, magnetic tape, or any other mag-
netic mediuny, a CD-ROM, any other optical medium, punch
cards, paper tape, any other physical medium with patterns of
holes, a RAM, a PROM, and EPROM, a FLASH-EPROM,
any other memory chip or cartridge, a carrier wave as
described hereinafter, or any other medium from which a
computer can read instructions and/or code.

[0104] Various forms of computer readable media may be
involved in carrying one or more sequences of one or more
instructions to the processor(s) 610 for execution. Merely by
way of example, the instructions may initially be carried on a
magnetic disk and/or optical disc of a remote computer. A
remote computer might load the instructions into its dynamic
memory and send the instructions as signals over a transmis-
sion medium to be received and/or executed by the computer
system 600. These signals, which might be in the form of
electromagnetic signals, acoustic signals, optical signals and/
orthe like, are all examples of carrier waves on which instruc-
tions can be encoded, in accordance with various embodi-
ments of the invention.

[0105] The communications subsystem 630 (and/or com-
ponents thereof) generally will receive the signals, and the
bus 605 then might carry the signals (and/or the data, instruc-
tions, etc. carried by the signals) to the working memory 635,
from which the processor(s) 605 retrieves and executes the
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instructions. The instructions received by the working
memory 635 may optionally be stored on a storage device 625
either before or after execution by the processor(s) 610.

[0106] While certain features and aspects have been
described with respect to exemplary embodiments, one
skilled in the art will recognize that numerous modifications
are possible. For example, the methods and processes
described herein may be implemented using hardware com-
ponents, software components, and/or any combination
thereof. Further, while various methods and processes
described herein may be described with respect to particular
structural and/or functional components for ease of descrip-
tion, methods provided by various embodiments are not lim-
ited to any particular structural and/or functional architecture
but instead can be implemented on any suitable hardware,
firmware and/or software configuration. Similarly, while cer-
tain functionality is ascribed to certain system components,
unless the context dictates otherwise, this functionality can be
distributed among various other system components in accor-
dance with the several embodiments.

[0107] Moreover, while the procedures of the methods and
processes described herein are described in a particular order
for ease of description, unless the context dictates otherwise,
various procedures may be reordered, added. and/or omitted
in accordance with various embodiments. Moreover, the pro-
cedures described with respect to one method or process may
be incorporated within other described methods or processes;
likewise, system components described according to a par-
ticular structural architecture and/or with respect to one sys-
tem may be organized in alternative structural architectures
and/or incorporated within other described systems. Hence,
while various embodiments are described with—or with-
out—certain features for ease of description and to illustrate
exemplary aspects of those embodiments, the various com-
ponents and/or features described herein with respect to a
particular embodiment can be substituted, added and/or sub-
tracted from among other described embodiments, unless the
context dictates otherwise. Consequently, although several
exemplary embodiments are described above, it will be
appreciated that the invention is intended to cover all modi-
fications and equivalents within the scope of the following
claims.

What is claimed is:

1. A computational method of predicting intracranial pres-
sure, the method comprising:

receiving, at a computer system, a set of input data from
one or more physiological sensors, the input data per-
taining to one or more physiological parameters of a
patient;

analyzing, with the computer system, the input data against
a pre-existing model to generate diagnostic data con-
cerning the patient’s intracranial pressure; and

displaying, with a display device, at least a portion of the
diagnostic data concerning the patient’s intracranial
pressure.

2. A computational method of estimating a patient’s physi-
ological state, the method comprising:
generating a model of the physiological state, wherein
generating the model comprises:
receiving data pertaining to a plurality of physiological
parameters of a test subject to obtain a plurality of
physiological data sets;
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directly measuring a physiological state of the test sub-
ject with a reference sensor to obtain a plurality of
physiological state measurements; and
correlating the received data with the physiological state

of the test subject, wherein correlating the received

data with the measured physiological state comprises:

identifying a most-predictive set of signals S, out of a
setofsignals s, s,, . . ., sp, for each of one or more
outcomes o,, wherein the most-predictive set of
signals S, corresponds to a first data set represent-
ing a first physiological parameter, and wherein
each of the one or more outcomes o, represents one
of the plurality of intracranial pressure measure-
ments;

autonomously learning a set of probabilistic predic-
tive models 6,=M,(S,), where 0, is a prediction of
outcome oy, derived from a model M, that uses as
inputs values obtained from the set of signals S,;
and

repeating the operation of autonomously learning
incrementally from data that contains examples of
values of signals s,, s,, . . ., S, and corresponding
outcomes 04, 0,, . . ., Oz,

receiving, at a computer system, a set of input data from

one or more physiological sensors, the input data per-
taining to one or more physiological parameters of a
patient;

analyzing, with the computer system, the input data against

the model to generate diagnostic data concerning the
patient’s physiological state; and

displaying, with a display device, at least a portion of the

diagnostic data concerning the patient’s physiological
state.

3. The method of claim 2, wherein the patient’s physiologi-
cal state comprises intracranial pressure, and wherein the
diagnostic data comprises an estimate of a current intracranial
pressure of the patient.

4. The method of claim 2, wherein the model is a hemody-
namic compensation model, and wherein the patient’s physi-
ological state is a volume of acute blood loss.

5. The method of claim 4, wherein the diagnostic data
concerning the patient’s physiological state comprises a pre-
diction of when the patient will experience cardiovascular
collapse.

6. The method of claim 2, wherein the physiological state is
a state of dehydration.

7. The method of claim 2, wherein the method is noninva-
sive to the patient, and wherein the one or more physiological
$ensors are noninvasive sensors.

8. The method of claim 2, further comprising:

controlling, with the computer system, a therapeutic treat-

ment of the patient’s physiological state, based at least in
part on the generated diagnostic data.

9. The method of claim 8, wherein controlling a therapeutic
treatment comprises selecting one or more recommended
treatment options, out of a plurality of treatment options.

10. The method of claim 9, wherein controlling a therapeu-
tic treatment further comprises administering, with the com-
puter system, the one or more recommended treatment
options.

11. The method of claim 2, further comprising:

repeating the operation of receiving a set of input data over

a plurality of iterations, to produce a plurality of sets of
input data, wherein analyzing the input data comprises
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analyzing the plurality of sets of input data to generate a
plurality of sets of diagnostic data;

wherein displaying at least a portion of the diagnostic data

comprises updating a display on the display device to
display at least some of the plurality of sets of diagnostic
data over the period of time.

12. The method of claim 11, wherein the plurality of sets of
input data comprise periodic samples of a set of continuous,
physiological waveform data.

13. The method of claim 12, wherein the set of continuous,
physiological waveform data comprises blood pressure
waveform data.

14. The method of claim 2, wherein the one or more physi-
ological sensors comprise an electrocardiograph sensor.

15. The method of claim 2, wherein the one or more physi-
ological sensors comprise an impedance cardiograph sensor.

16. The method of claim 2, wherein the one or more physi-
ological sensors comprise a pulse oximeter.

17. The method of claim 2, wherein the one or more physi-
ological sensors comprise a plethysmograph.

18. The method of claim 2, wherein the one or more physi-
ological sensors comprise a photoplethysmograph (PPG).

19. The method of claim 2, wherein the one or more physi-
ological sensors comprise a near infrared sensor.

20. The method of claim 2, wherein the one or more physi-
ological sensors comprise a transcranial Doppler sensor.

21. The method of claim 2, wherein autonomously learning
the set of probabilistic predictive models comprises using a
linear model framework to identify predictive variables for
each increment of data.

22. The method of claim 21, wherein the linear model
framework is constructed with the form

‘
o, = f llo+z a;si s
i1

where f}, is any mapping from one input to one output and a,,,
a,, ..., a are linear model coefficients.

23. The method of claim 2, further comprising:

updating the model using the set of input data.

24. An apparatus, comprising:

a non-transitory computer readable medium having
encoded thereon a set of instructions executable by one
or more computers to:
generate a model of the physiological state, wherein

generating the model comprises:

receiving data pertaining to a plurality of physiologi-
cal parameters of a test subject to obtain a plurality
of physiological data sets;

directly measuring a physiological state of the test
subject with a reference sensor to obtain a plurality
of physiological state measurements; and

correlating the received data with the physiological
state of the test subject, wherein correlating the
received data with the measured physiological state

comprises:
identifying a most-predictive set of signals S, out of a
setof'signals s, s,, . . ., s, for each of one or more

outcomes 0,, wherein the most-predictive set of
signals S, corresponds to a first data set represent-
ing a first physiological parameter, and wherein
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each of the one or more outcomes o, represents one
of the plurality of intracranial pressure measure-
ments;
autonomously learning a set of probabilistic predic-
tive models 6,=M,(S,), where 8, is a prediction of
outcome o, derived from a model M, that uses as
inputs values obtained from the set of signals S,;
and
repeating the operation of autonomously learning
incrementally from data that contains examples of
values of signals s, s, . . . , $,, and corresponding
outcomes 04, 04, . . ., O}
receive a set of input data from one or more physiologi-
cal sensors, the input data pertaining to one or more
physiological parameters of a patient;
analyze the input data against the model to generate
diagnostic data concerning the patient’s physiologi-
cal state; and
display, with a display device, at least a portion of the
diagnostic data concerning the patient’s physiologi-
cal state.
25. A system, comprising:
a computer system, comprising:
one or more processors; and
a non-transitory computer readable medium in communi-
cation with the one or more processors, the computer
readable medium having encoded thereon a set of
instructions executable by the computer system to:
generate a model of the physiological state, wherein
generating the model comprises:
receiving data pertaining to a plurality of physiologi-
cal parameters of a test subject to obtain a plurality
of physiological data sets;
directly measuring a physiological state of the test
subject with a reference sensor to obtain a plurality
of physiological state measurements; and
correlating the received data with the physiological
state of the test subject, wherein correlating the
received data with the measured physiological state

comprises:
identifying a most-predictive set of signals S, out ofa
setof'signals s, s,, . . ., sy, for each of one or more

outcomes 0,, wherein the most-predictive set of
signals S, corresponds to a first data set represent-
ing a first physiological parameter, and wherein
each of the one or more outcomes o, represents one
of the plurality of intracranial pressure measure-
ments;

autonomously learning a set of probabilistic predic-
tive models 6,=M, (S,), where 6, is a prediction of
outcome o, derived from a model M, that uses as
inputs values obtained from the set of signals S,;
and

repeating the operation of autonomously learning
incrementally from data that contains examples of
values of signals s,, s,, . . . , 5, and corresponding
outcomes 0,, 0,, . . ., Og;}

receive a set of input data from one or more physiologi-
cal sensors, the input data pertaining to one or more
physiological parameters of a patient;
analyze the input data against the model to generate
diagnostic data concerning the patient’s physiologi-
cal state; and
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display, with a display device, at least a portion of the
diagnostic data concerning the patient’s physiologi-
cal state.
26. The system of claim 24, further comprising the one or
more physiological sensors.

® 0% % % %
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