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(57) ABSTRACT

Methods and systems are disclosed for autonomously build-
ing a predictive model of outcomes. A most-predictive set of
signals S, is identified out of a set of signals s, s, . . ., s, for
each of one or more outcomes o,. A set of probabilistic
predictive models 6,=M, (S,) is autonomously learned,
where §, is a prediction of outcome o, derived from the model
M, that uses as inputs values obtained from the set of signals
S, The step of autonomously learning is repeated incremen-
tally from data that contains examples of values of signals s, ,
S5, . - . s Spand corresponding outcomes 04, 0, . . ., Ox. Various
embodiments are also disclosed that apply predictive models
to various physiological events and to autonomous robotic
navigation.
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LONG TERM ACTIVE LEARNING FROM
LARGE CONTINUALLY CHANGING DATA
SETS

CROSS-REFERENCES TO RELATED
APPLICATIONS

[0001] This application is anon-provisional, and claims the
benefit, of U.S. Provisional Patent Application No. 61/109,
490, entitled “Method For Determining Physiological State
Or Condition,” filed Oct. 29, 2008, the entire disclosure of
which is incorporated herein by reference for all purposes.
[0002] This application is anon-provisional, and claims the
benefit, of U.S. Provisional Patent Application No. 61/166,
472, entitled “Long Term Active Learning From Large Con-
tinually Changing Data Sets,” filed Apr. 3, 2009, the entire
disclosure of which is incorporated herein by reference for all
purposes.

[0003] This application is anon-provisional, and claims the
benefit, of U.S. Provisional Patent Application No. 61/166,
486, entitled “Statistical Methods For Predicting Patient Spe-
cific Blood Loss Volume Causing Hemodynamic Decompen-
sation,” filed Apr. 3, 2009, the entire disclosure of which is
incorporated herein by reference for all purposes.

[0004] This application is anon-provisional, and claims the
benefit, of U.S. Provisional Patent Application No. 61/166,
499, entitled “Advances In Pre-Hospital Care,” filed Apr. 3,
2009, the entire disclosure of which is incorporated herein by
reference for all purposes.

[0005] This application is anon-provisional, and claims the
benefit, of U.S. Provisional Patent Application No. 61/252,
978, entitled “Long Term Active Learning From Large Con-
tinually Changing Data Sets,” filed Oct. 19, 2009, the entire
disclosure of which is incorporated herein by reference for all

purposes.

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

[0006] The United States Federal Government may have
rights to this invention pursuant to DOD AFRL Award No.
FA8650-07-C-7702 and/or pursuant to NSF Grant No.
0535269.

BACKGROUND OF THE INVENTION

[0007] This application relates generally to methods and
systems of active learning. More specifically, this application
relates to long-term active learning from large continually
changing data sets, including the autonomous development of
predictive models. This application also relates to methods
and systems that apply active learning models to predict spe-
cific out comes. These outcomes can be in the medical, mili-
tary, and/or robotics arenas, to name a few.

[0008] There are numerous applications in which active-
learning techniques are needed, ranging among medical
applications, engineering applications, manufacturing appli-
cations and others. Examples of such active-learning tech-
niques include expert-system techniques, iterative tech-
niques, neural-network techniques and genetic algorithms,
among others.

[0009] An expert system essentially uses a machine to
reproduce the performance of human experts. It typically
relies on the creation of a knowledgebase, that uses a knowl-
edge-representation formalism to capture the knowledge of
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subject-matter experts. The knowledgebase is populated by
gathering the relevant knowledge from the subject-matter
experts and codifying it according to the representation for-
malism. Commonly, a learning component is included so that
the content of the knowledgebase may be modified as the
expert system is used in the same real-world problem-solving
circumstances as are considered by the subject-matter
experts, thereby improving its performance.

[0010] Tterative techniques begin with a seed solution to a
defined problem that is processed by a formalism to produce
aresult that is compared with an observed result. If the formal
result differs by more than a defined amount from the
observed result, the solution is modified and reprocessed by
the formalism. Various techniques are applied so that the
modifications of the solution are driven towards converging
the formal result with the observed result. When the conver-
gence is achieved at a satisfactory level, the solution is taken
as well approximating the real-world conditions that pro-
duced the observed result.

[0011] Neural networks typically include a plurality of
nodes, with each node having a weight value associated with
it. One layer of nodes is an input layer that has a plurality of
input nodes and another layer of nodes is an output layer that
has a plurality of output nodes, with at least one intermediate
layer of nodes there between. Input data are provided to the
layer of input nodes and the weight values applied by the
network to generate results at the layer of output nodes. To
train the neural network, the resulting output values are com-
pared against correct interpretations of known samples. If the
output value in such a comparison is incorrect, the network
modifies itself to arrive at the correct value. This is achieved
by connecting or disconnecting certain nodes and/or adjust-
ing the weight values of the nodes during the training. Once
the training is completed, the resulting layer/node configura-
tion and corresponding weights represent a trained neural
network, which is then ready to receive unknown data and
make interpretations based on the data. Self learning and/or
predictive models that can handle large amounts of possibly
complex, continually changing data have not been described
or successfully implemented for medical care.

[0012] Appropriate resuscitation of an injured patient
demands an accurate assessment of physical exam findings,
correct interpretation of physiological changes and an under-
standing of treatment priorities. Resuscitative trauma care is
provided by a broad range of individuals with varying levels
of interest and experience. It can require a large amount of
information be quickly gathered, accurately interpreted and
meaningfully conveyed to a coordinated group of local and
downstream healthcare providers.

[0013] Traumatic brain injury (TBI) and exsanguination
are the two most common causes of death during the resus-
citative phase of trauma care. The management of head injury,
hemorrhage and fluid resuscitation are therefore integral parts
of early trauma care.

[0014] Traumatic brain injury (TBI) is a common and dev-
astating condition. It is the number one cause of death and
disability in the pediatric population, affecting over half a
million children annually in the U.S. TBI accounts for
approximately 60,000 adult and pediatric deaths in the U.S.
each year. TBI outcome depends on the severity of primary
brain injury (direct injury to the brain due to mechanical
insult) and the effectiveness of preventing or limiting second-
ary brain injury (defined as damage to the brain due to the
body’s physiological response to the initial mechanical
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insult). The cranium is a bony compartment with a fixed
volume. Following head trauma, blood vessels within and
around the brain may rupture and bleed into the brain (causing
intracerebral hemorrhage) and/or around the brain (causing
development of an epidural and/or subdural hematoma to
form). Bleeding in this fashion compresses the brain. The
brain also swells as a result of injury. These types of second-
ary injury increase the intracranial pressure and decrease
cerebral perfusion, leading to brain ischemia. Brain ischemia
causes further brain swelling, more ischemia and if not
treated and managed appropriately, brain herniation through
the base of the skull (where the spinal cord exits) and death.

[0015] 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.

[0016] Posttraumatic seizure (PTS) is associated with
severe primary brain injury and, importantly, could itself also
act as a type of secondary brain injury. Electrographic only
posttraumatic seizures, which can be seen in up to 45% of
pediatric moderate-severe TBI patients, have been shown to
cause elevated ICP and metabolic stress. Moreover, posttrau-
matic seizures (occurring =7 days post-injury) have been
shown to negatively impact outcome and increase morbidity.
Thus, posttraumatic seizure is a potential therapeutic target
and one of the few potentially preventable causes of second-
ary brain injury following TBI.

[0017] It is difficult to identify at-risk patients who will
benefit from early anti-seizure prophylaxis and prevention of
acute secondary brain injury. Clinical markers, such as men-
tal status and seizure-like movements, can be monitored;
however, these markers of PTS are often masked by altered
mental status/coma, sedatives and paralytics, and even anti-
convulsants. Continuous electroencephalographic (cEEG)
monitoring in moderate-severe TBI has been shown in the
adult literature to increase PTS detection rates by 22-33%.
This is a labor intensive method requiring the collection of
visual and continuous 21 channel EEG data. This large vol-
ume of data must then be reviewed by a trained epileptologist.
Further, it is unclear which of the available anticonvulsants
are most useful in adults and children, based on antiepileptic
effect, antiepileptogenic effects, duration of treatment, and
effect on outcome.

[0018] Prior research has been done on the automated iden-
tification of seizures in cEEG data, achieving detection rates
0f 70-80% and 1-3 false positives per hour, but the work has
not yet yielded a product or prototype. These systems have
typically been rule-based, where a set of feature detectors are
combined using thresholds and qualitative or quantitative
constraints.
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[0019] Fluid resuscitation strategies are poorly understood,
difficult to study and variably practiced. Inadequate resusci-
tation poses the risk of hypotension and end organ damage.
Conversely, aggressive fluid resuscitation may dislodge clots
from vascular injuries, resulting in further blood loss,
hemodilution and death. How to best proceed when one is
dealing with a multiply-injured patient who has a traumatic
brain injury and exsanguinating hemorrhage can be espe-
cially difficult. Under resuscitation can harm the already
injured brain, whereas overresuscitation can reinitiate intrac-
ranial bleeding and exacerbate brain swelling, leading to
brain herniation, permanent neurological injury and often-
times death.

BRIEF SUMMARY OF THE INVENTION

[0020] Embodiments of the invention can be implemented
to use high dimensional, complex domains, where large
amounts of variable, possibly complex data exist on a con-
tinuous, and/or possibly dynamically changing timeline.
Various embodiments can be implemented in disparate fields
of' endeavor. For example, embodiments of the invention can
be implemented in the fields of robotics and medicine. In the
field of robotics, embodiments of the invention can use real-
time image (and information derived from other sensors
modalities) analysis, high speed data processing and highly
accurate decision-making to enable robot navigation in out-
door, unknown unstructured environments. Embodiments of
the invention can also be applied to physiological (vital sign)
and clinical data analysis in the field of medicine. In such
embodiments, an algorithm can discover and model the natu-
ral, complex, physiological and clinical relationships that
exist between normal, injured and/or diseased organ systems,
to accurately predict the current and future states of a patient.
[0021] Insome embodiments of the invention methods are
provided for autonomously building a predictive model of
outcomes. A most-predictive set of signals S, can be autono-
mously identified out of a set of signals s,, s,, . . ., s, for each
of one or more outcomes 0,. A set of probabilistic predictive
models 6,=M, (S,) can be autonomously learned, where 6, is
a prediction of outcome o, derived from the model M,, that
uses as inputs values obtained from the set of signals S,. The
step of autonomously learning can be repeated incrementally
from data that contains examples of values of signals s, s,, .
.., 8p (possibly dynamically changing) and corresponding
outcomes 0, O,, . . ., O

[0022] In some embodiments autonomously learning can
include using a linear model framework to identify predictive
variables for each increment of data. The linear model frame-
work may be constructed with the form

d
o = fi aO"’ZaiSi >

i=1

where f}, is any mapping from one input to one output and a,,
a,, ..., a,are linear model coefficients. In some embodi-
ments, autonomously learning can include determining or
estimating which signals are not predictive from the set of
signals and outcomes. The corresponding coefficients for
these signals can then be set to 0. An autonomous learning
method can then build a predictive density model using these
predictive coefficients, signals, and/or outcomes. In some
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embodiments, the method can repeat each time a new signal
outcome pair is received or encountered that is predictive.
[0023] Embodiments ofthe invention also provide methods
for predicting volume of acute blood loss from a patient. Data
values are collected from one or more physiological sensors
attached to the patient. A hemodynamic compensation model
is applied to the collected data values to predict the volume of
acute blood loss from the patient. The hemodynamic com-
pensation model can be previously generated from a plurality
of data values collected from physiological sensors attached
to a plurality of subjects.

[0024] Embodiments of the invention can also provide
methods for predicting volume of acute blood loss from a
patient that will cause hemodynamic decompensation, also
termed cardiovascular (CV) collapse. Data values are col-
lected from one or more physiological sensors attached to the
patient. A hemodynamic compensation model is applied to
the collected data values to predict the volume of acute blood
loss from the patient that will cause CV collapse. The hemo-
dynamic compensation model can be previously generated
from a plurality of data values collected from physiological
sensors attached to a plurality of subjects.

[0025] Insome embodiments, the one or more physiologi-
cal sensors may comprise an electrocardiograph, a pulse
oximeter, a transcranial Doppler sensor, or a capnography
sensor, among others. The collected data values may include
a photoplethysmograph, a perfusion index, a pleth variability
index, cardiac output, heart stroke volume, arterial blood
pressure, systolic pressure, diastolic blood pressure, mean
arterial pressure, systolic pressure variability, pulse pressure,
pulse pressure variability, stroke volume, cardiac index, or
near-infrared spectroscopy data, among others.

[0026] Embodiments ofthe invention also provide methods
for determining brain pressures within a subject. A plurality
of parameters are measured from the subject. The parameters
are applied to a model that relates the parameters to various
brain pressures, with the model having been derived from
application of a machine-learning algorithni. This allows the
brain pressures to be determined from the model.

[0027] The brain pressure may comprise an intracranial
pressure or a cerebral perfusion pressure in different embodi-
ments. The plurality of parameters may comprise heart rate,
systolic blood pressure, diastolic blood pressure, mean arte-
rial pressure, cardiac output, pulse oximetry data, carotid
blood flow, among others.

[0028] Embodiments ofthe invention also provide methods
detecting seizures based on continuous EEG waveform data
from a subject. A plurality of parameters can be derived from
cEEG data measured from the subject. The parameters are
applied to a model that relates the parameters to seizure
waveform activity, with the model having been derived from
application of a machine-learning algorithm. This allows sei-
Zure activity to be determined from the model.

[0029] Autonomous learning methods, robot navigation
methods, acute blood loss determination methods, prediction
of CV collapse, brain pressure determination methods and
detection, as well as prediction, of seizure activity can be
embodied on a system having an input device and a processor
provided in electrical communication with the input device.
The processor can include a computer-readable storage
medium that includes instructions for implementing the
method as described.

BRIEF DESCRIPTION OF THE DRAWINGS

[0030] A further understanding of the nature and advan-
tages of the present invention may be realized by reference to
the remaining portions of the specification and the drawings.
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[0031] FIG. 1is aschematic block diagram illustrating the
structure of a computer system on which methods of the
invention may be embodied.

[0032] FIG. 2 is a flow diagram that summarizes various
methods of the invention.

[0033] FIG. 3 is a schematic diagram illustrating a basic
structure for embodiments of the invention.

[0034] FIG. 4 is a flow diagram summarizing methods of
the invention in certain embodiments.

[0035] FIG. 5 is a flow diagram that summarizes various
embodiments of the invention.

[0036] FIG. 6 is a graph showing algorithmic predicted
level of predicted level of lower body negative pressure
(LBNP) and the LBNP that will cause cardiovascular collapse
during LBNP experiments.

[0037] FIG. 7 shows the decision flow for classifying ter-
rain using embodiments of the invention for robotic naviga-
tion.

[0038] FIG. 8 shows a flowchart of a method that imple-
ments machine learning for robotic navigation.

[0039] FIG. 9 graphically shows various dimensional his-
togram density models that can be implemented in some
embodiments of the invention.

[0040] FIG. 10 graphically shows a patch of traversable
terrain that is used to construct a density model by passing this
patch through a distance model according to some embodi-
ments of the invention.

[0041] FIG. 11 is a graph of predicted blood volume
approaching the predicted point of CV collapse using
embodiments of the present invention.

DETAILED DESCRIPTION OF THE INVENTION

[0042] Embodiments ofthe invention provide methods and
systems for autonomously building predictive models of cur-
rent and future outcomes using large amounts of possibly
complex, continually changing, incrementally available data.
A general predictive model is disclosed followed by specific
augmentation to the predictive model in specific applications.
Prior to describing the predictive model, an example of a
computational device is disclosed that can be used to imple-
ment various embodiments of the invention. Following the
description of the predictive model, specific embodiments are
disclosed implementing the predictive model in various
aspects.

[0043] Embodiments ofthe invention provide methods and
systems for autonomously building predictive models of cur-
rent and future outcomes, using large amounts of possibly
complex, continually changing, incrementally available data.
Such embodiments find application in a diverse range of
applications. Merely by way of illustration, some exemplary
applications include autonomous robot navigation in
unknown, outdoor unstructured, environments; a human
hemorrhaging model for the continuous, noninvasive detec-
tion of acute blood loss; and/or a human hemorrhaging model
for fluid resuscitation and the prediction of cardiovascular
collapse and intracranial pressure. Such examples are not
intended to limit the scope of the invention, which is more
generally suitable for any application in which current and
future outcomes are desired to be known on the basis of large,
continually changing datasets.

[0044] Computation Device

[0045] The predicative and/or self learning models may be
embodied on computation devices, a typical structure for
which is shown schematically in FIG. 1. This block diagram
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broadly illustrates how individual system elements may be
implemented in a separated or more integrated manner. The
computational device 100 is shown comprised of hardware
elements that are electrically coupled via bus 126, including a
host processor 102, an input device 104, an output device 106,
a storage device 108, a computer-readable storage media
reader 110a, a communications system 114, a processing
acceleration unit 116 such as a DSP or special-purpose pro-
cessor, and a memory 118. The computer-readable storage
media reader 110q is further connected to a computer-read-
able storage medium 1104, the combination comprehensively
representing remote, local, fixed, and/or removable storage
devices plus storage media for temporarily and/or more per-
manently containing computer-readable information. The
communications system 114 may comprise a wired, wireless,
modem, and/or other type of interfacing connection and per-
mits data to be exchanged. Sensor connection 130 can be
included that can be used to couple with a sensor or other data
input device. Sensor interface 130, in some embodiments, can
input data for real time processing. In other embodiments,
sensor interface 130 can input data into storage devices 108
for processing at a later time. Any type of sensor can be used
that provides input data signals and/or outcomes. Various
sensors are described throughout this disclosure and can be
coupled with computational device 100.

[0046] Computational device 100 can also include software
elements, shown as being currently located within working
memory 120, including an operating system 124 and other
code 122, such as a program designed to implement methods
of the invention such as predictive and/or self learning algo-
rithms disclosed throughout the specification. It will be
apparent to those skilled in the art that substantial variations
may be made in accordance with specific requirements. For
example, customized hardware might also be used and/or
particular elements might be implemented in hardware, soft-
ware (including portable software, such as applets), or both.
Further, connection to other computing devices such as net-
work input/output devices may be employed.

[0047] A Self-Learning Predictive Model

[0048] A self-learning predictive model (or machine learn-
ing) method is provided with the flow diagram 200 of FIG. 2
according to some embodiments of the invention. Method
200 begins at block 204 by collecting raw data measurements

that may be used to derive a set of D data signals ?:(s e
, Sp) as indicated at block 208. Embodiments are not con-
strained by the type of measurements that are made at block
204 and may generally operate on any data set. For example,
data signals can be retrieved from memory (e.g., storage
device 108) and/or can be provided from a sensor or other
input device (e.g., sensors 130). A set of K current or future

-
outcomes 0 =(0,, ..., 0g) is hypothesized at block 212. The
method autonomously generates a predictive model M that

relates the derived data signals ? with the outcomes o . As
used herein, “autonomous” means “without human interven-
tion.”

[0049] As indicated at block 216, 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 220, where 6,
is the prediction of outcome o, derived from the model M,
that uses as inputs values obtained from the set of signals S,
for all ke{1, . . ., K}. Method 200 can learn the predictive
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models 6,=M, (S,) incrementally from data that contains
example values of signals s, . . ., s,, and the corresponding
outcomes 0, . . . , Og. As the data become available, the
method loops so that the data are added incrementally to the
model for the same or different sets of signals S, (for all ke{1,
..., K}.

[0050] While the 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 {('s ;1,0 ,),(s ,,

?2), ... }, a linear model may be constructed that has the
form, for all ke{1, ..., K}:

d
O = fk[ao + Z aisi]
p=y

where f; is any mapping from one input to one output, and a,,
a, . . .a, are the linear model coefficients. 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, {('s ;,01),(s 5,0 5),...}.
For each new increment of data, a new predictive density
models can be constructed.

[0051] 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.
In some embodiments, the prediction system can make pre-
dictions and/or adapt the predictive model in real-time. More-
over, in some embodiments, a prediction system can use large
data sets to not only create the predictive model, but also
predict future results as well as adapt the predictive model.

[0052] 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.

[0053] In some embodiments, a predictive model can be
used for medical data, robotics data, weather data, financial
market data, traffic pattern data, etc.
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[0054] General Physiological Predictions

[0055] Embodiments of the present invention provide for
real time prediction of physiological conditions using various
physiological data. Physiological data can be received (e.g.,
input) from a physiological sensor that is measuring a physi-
ological 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 a
prediction can be made about a physiological 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 algo-
rithm and/or can be self learning. In some embodiments, a
user interface can provide the physiological 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.
[0056] Patient Blood Volume

[0057] Hemorrhage is a problem that surgeons commonly
face. It accounts for 40% of all trauma deaths and it is the most
frequent cause of preventable death after severe injury. Tissue
trauma can cause hemorrhage, which initiates coagulation
and fibrinolysis. Shock is a primary driver of early coagul-
opathy. In fact, several groups have noted a linear correlation
between the severity of tissue hypoperfusion and the degree
of admission coagulopathy as measured by the prothrombin
time (PT) and partial thromboplastin time (PTT). Recent
evidence suggests that the early identification of hemorrhage,
together with treatment directed at the prevention of hypoten-
sion, correction of post-injury coagulopathy and stopping the
bleeding can lead to dramatic reductions in the morbidity and
mortality of severely injured patients.

[0058] The problem is that humans cannot detect early
signs of hemorrhage by looking at a patient’s vital signs.
Standard vital signs, such as heart rate, blood pressure, and
arterial oxygen saturation appear to a human to change very
little until a patient has lost about 30% of their total blood
volume. Late detection of acute blood loss is associated with
inadequate fluid resuscitation. Inadequate resuscitation poses
the risk of hypotension, end organ damage and worsening
coagulopathy. Conversely, aggressive fluid resuscitation may
dislodge clots from vascular injuries, resulting in further
blood loss, hemodilution and possibly death.

[0059] In some embodiments, the predictive model can be
used to predict blood loss volume. Such embodiments can be
used to detect the early signs of hemorrhage. In order to make
bleeding related treatment decisions, embodiments described
herein can provide information about how much blood a
patient has lost. In some embodiments, the self-learning pre-
dictive model described above can be implemented to mea-
sure blood loss volume. Such predictions can be useful, for
example, to aide in determining whether a wounded soldier is
safe to remove from the battlefield without an IV, or whether
the wounded soldier should receive intravenous fluid(s) (such
as blood or saline) and/or medication prior to and during
extraction.

[0060] Embodiments oftheinvention can also predict when
anindividual patient will experience CV collapse. This can be
important, because individual patients experience hemody-
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namic decompensation at differing volumes of blood loss. On
the battlefield, medics must also establish a triage order and
evacuate potential survivors at greatest risk for CV collapse
first. In civilian settings, paramedics and emergency medicine
technicians (EMTs) must respond similarly to quickly deter-
mine who should be transported first and where. Some
embodiments of the invention can provide objective, real time
guidance during this critical decision-making process.
[0061] A general overview of a structure used in embodi-
ments of the invention is provided with FIG. 3, which shows
schematically that a subject 308 may have a one or more
physiological sensors 304 (e.g., sensors 108 in FIG. 1) con-
figured to read physiological data from the subject 308. The
sensors 304 are provided in communication with a computa-
tional device 300 (e.g., the computational device shown in
FIG. 1) configured to implement methods of the invention in
predicting blood-loss volume from the subject 308. Input
from sensors 304 can be the data signals and/or outcomes that
are applied to the predictive model described above.

[0062] There are numerous sensors 304 that may be used in
different embodiments, some of which are described herein.
For example, an electrocardiograph may be used to measure
the heart’s electrical activity using electrodes placed specifi-
cally on the subject’s 308 body. A pulse oximeter or a pho-
toplethysmograph can be used, for example, to measure ratios
of deoxygenated and oxygenated blood. As another example,
a Finometer, impedance cardiography, and Finopres systems
can be used to measure systolic blood pressure, diastolic
blood pressure, mean arterial blood pressure, pulse pressure
variability, stroke volume, cardiac output, cardiac index, and/
or systolic blood pressure variability (mmHg). In another
example, an infrared spectrometer can be used to measure
tissue oxygenation. As another example, a transcranial Dop-
pler system can be used to measure blood flow velocities in
intracranial blood vessels. As another example, a capnogram
can be used to monitor the inhaled and exhaled concentration
or partial pressure of carbon dioxide (CO,. As yet another
example, an impedance cardiograph can be used to measure
stroke volume.

[0063] While the following describes the use of a few spe-
cific sensors, this disclosure can be extended to data collected
using other measurement devices, such as those described
above. The output of an electrocardiograph describes cardiac
muscle activity through voltages along different directions
between electrode pairs. The typical electrocardiograph
waveform is described as a P wave, a QRS complex, and a T
wave. Heart rate can be extracted from the waveform and
considerable attention has been given to heart rate variability
for evaluating autonomic dysfunction and its correlation to
events such as increased intracranial pressure and death due
to traumatic injury. The performance of heart rate variability
for predicting traumatic head injury is improved by consid-
ering factors such as heart rate, blood pressure, sedation, age,
and gender. There are various algorithmic definitions for
computing heart rate variability from R-R intervals, which
appear to perform equivalently as long as they are calculated
over extended intervals, such as over five minutes or more.
[0064] Pulse oximeters and photoplethysmography may
also be used. In their basic form, pulse oximeters use the
differing properties of deoxygenated and oxygenated hemo-
globin for absorbing red and infrared light. Red and infrared
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
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used to compute the ratio of red to infrared intensity, which
can be used to look up the subject’s saturation of peripheral
oxygen level from precomputed tables. As the heart beats,
blood pulses through the arteries in the measurement loca-
tion, causing more light to be absorbed, thus yielding a wave-
form of light signals over time. This photoplethysmograph
(“PPG”) can be used to determine heart rate, but also analyzed
in its own right. Subtracting the trough DC values, which
represent constant light absorbers, what remains are the
absorption properties for the varying AC component, which is
arterial blood. Advances in technology have seen more light
wavelengths used to distinguish oxygen (0O,) and carbon
dioxide (CO,), thus making these systems more reliable.
[0065] Use of the raw PPG signal has been shown to be
correlated to systolic pressure variation (“SPV™), which in
turn is correlated with hypovolemia. A comparison of the
correlation of ear and finger pulse oximeter waveforms to
systolic blood pressure (“SBP”) has evaluated pulse ampli-
tude, width, and area under the curve as extracted features.
Metrics on the envelope of the PPG waveform have been used
to reliably detect blood sequestration of more than one liter
induced by LBNP. A linear predictor for cardiac output
(““CO”) has been constructed based on heart rate and features
extracted from the ear PPG waveform.

[0066] The perfusion index (“PI”) expresses the varying
versus stationary components of infrared light in the PPG as
a percentage:

PI=
DCir

% 100%.

The correlation of PI and core-to-toe temperature difference
has been shown for critically ill patients.

[0067] The Pleth Variability Index (“PVI”) describes
changes in PI over at least one respiratory cycle:

Tnaxk = Pling

P
PVI= Pl x100%.

It has been demonstrated that PVI can predict fluid respon-
siveness in anaesthetized and ventilated subjects. It has also
been demonstrated that PPG variation, pulse pressure varia-
tion (“PPV”), and systolic pressure variation (“SPV”) are
well correlated to gradual autodonation to a reduction of 20%
in systolic blood pressure.

[0068] Blood pressure and volume measurements may use
the Finopres system, which may in turn use a volume clamp
mechanism to measure the finger arterial pressure waveform
as well as estimating parameters such as cardiac output
(““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 that is controlled to maintain baseline diameter.
Variation in cuff pressure provides an indirect way of mea-
suring intra-arterial pressure.

[0069] Similar parameters can be obtained using imped-
ance cardiography (“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
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aorta, corresponding changes in impedance are recorded as a
continuous waveform, from which hemodynamic parameters
such as CO and SV can be computed.

[0070] 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 ABP waveform.
[0071] Mean arterial pressure (“MAP”) describes the mean
arterial blood pressure over a cardiac cycle,

MAP=(COXSVR)+CVE,

where CO is the cardiac output, SVR is the systemic vascular
resistance, and CVP is the central venous pressure. The MAP
can be approximated using more accessible parameters as

1
MAP = DBP + §(SBP— DBP).

Systolic pressure variability SPV attempts to measure the
change or variability in SBP over a respiration cycle. In gen-
eral, it is the difference (or % change) between minimum and
maximum SBP,

SPV=SBP,

max R

[0072] Distinctions are also frequently made between delta
up (dUp) and delta down (dDown) components. Correlations
between SPV and dDown have been examined for hemor-
rhage and volume replacement, finding that they follow intra-
vascular volume for mechanically ventilated patients. One
conclusion has been drawn that dDown is an effective indi-
cator of CO response to volume replacement for mechani-
cally ventilated septic shock patients. In some embodiments,
SPV and dDown are calculated as percentages of SBP in the
case of hypotension.

[0073] Pulse pressure (“PP”) is the beat-to-beat change in
blood pressure:

—-SBP,

min R*

PP=SBP-DBPF.

Pulse pressure variability (“PPV”) is also computed using
minimum and maximum PP over the respiratory cycle:

PPV=PP,, .. r=PP,in r-

Ithas been shown that higher PPV percentages indicate which
subjects in septic shock respond to fluids and also demon-
strated a correlation between PPV and cardiac index. PPV can
be an effective measure for fluid management.

[0074] Stroke volume (“SV”), or volume of blood pumped
by the left ventricle in a single contraction, is the difference
between the amount of blood in the ventricle at the end of the
diastolic phase minus the blood remaining after the heart
beat:

S¥V=(end diastolic volume)-(end systolic volume).

Since these constituent parameters are difficult to measure,
SV is generally estimated from the ABP waveform. It has
been shown that SV and PP derived from finometer BP esti-
mates are correlated with blood loss.
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[0075] Cardiac output (“CO”) is the volume of blood
pumped per unit time:

CO=SVxHR.

Cardiac index (“CI”) relates the performance of the heart to
the size of the subject using body surface area (“BSA™):

co

Clzm.

BSA can be estimated using height and mass of the indi-
vidual, and it has been found that CI and mixed venous
oxygen saturation show a linear relationship to blood loss.
[0076] In other embodiments, near-infrared spectroscopy
is used for measuring tissue oxygenation. In such embodi-
ments, near-infrared light is shone on the body and deeply
penetrates skin, fat, and other layers where it is either scat-
tered or absorbed. As with pulse oximeters, the differing
absorption characteristics of oxyhemoglobin (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.
This process has been modified to compensate for the inter-
ference of skin and fat layers to better measure muscle oxygen
saturation (SmQO,). Near-infrared spectroscopy measure-
ments of SmO, and pH have been tested as indicators of
hemodynamic instability with subjects undergoing LBNP,
with the conclusion that SmO, is an early indicator of vaso-
constriction and impending measurements of SmO, and
muscle oxygen tension (PmO,) to StO, measured at the
thenar eminence with a commercial device. Spectroscopic
observations of PmO, and SmO, are thus early indicators of
hemodynamic decompensation due to LBNP, while thenar
StO, did not change through the test.

[0077] Other noninvasive sensors, although less well inves-
tigated for monitoring hemorrhage, offer different system
measurements that may contribute to the prediction system.
Transcranial Doppler uses sound waves in the form of a
pulsed Doppler probe to measure blood flow velocities in
cerebral blood vessels (cerebral blood flow CBF). It poses
challenges in determining recording locations with a clear
path to the vessels of interest. CBF velocities have been used
as an indicator for dynamic cerebral autoregulation under
hypervolemia with hemodilution.

[0078] The respiration cycle is intimately related to the
cardiac cycle and may offer relevant measurements. Capnog-
raphy measures the concentration of carbon dioxide (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, (EtCO,), or the CO,
concentration at the end of exhalation, has been determined to
have a logarithmic relationship to cardiac output. It has also
been found that EtCO, tracks SV in an LBNP model at pro-
gressive levels of central hypovolemia, but that the decreases
are small relative to baseline measurements for subjects.
[0079] Thus, in some embodiments, a computational
method for predicting the blood loss volume at which a
patient will experience hemodynamic decompensation can be

characterized by generating a predictive model that includes
—
s =(s;, . . ., Sp) that result in outcomes

—
0 =(0,,0,) that ends or does not end in hemodynamic com-

data signals
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pensation. FIG. 4 shows a flowchart of a method 400 for
making predictions about hemodynamic decompensation
from physiological sensors. At block 404 physiological data
signals can be generated and/or returned from any of the
physiological sensors described above or any other physi-
ological sensor attached with a patient. At block 408, a com-
putational device (e.g., computational device 100 in FIG. 1)
can read values from the physiological sensors can generate
hemodynamic compensation models from data

d
[e.g., o = fk[ao + Z a;s;]].

i=1

At block 412 patient specific predictions based on the hemo-
dynamic compensation models can be made from new data
signals. At block 416 the predictions can be provided to a
medical practitioner, who may provide semantic (machine
readable) text to the predictive model, thus augmenting the
result. At block 420, the results can be saved for future model
building and or predictions.

[0080] Insomeembodiments, acomputational device (e.g.,
computational device 100)

[0081] can simultaneously predict: 1) blood loss volume
and 2) individual specific blood loss volume for CV collapse.
In some embodiments, the computational device can simul-
taneously graph predicted blood loss volume 1105 with pre-
dicted, individual specific blood loss volume for CV collapse
to occur 1110, as shown in FIG. 11. In some embodiments,
the computational device can analyze noninvasively mea-
sured blood pressure (e.g., using a Finopres or other device
coupled with sensor interface 130). The blood pressure data
can then be converted to predicted volume of acute blood loss,
as described above. The device can also predict the level of
blood volume loss that will lead to CV collapse 1110. The
estimated blood volume loss 1105 and the predicted point
where CV collapse occurs 1115 can be provided on a single
graph as shown in FIG. 11. It should be noted that this graph
also provides the true blood volume loss and the true point of
CV collapse 1115. Such a graph can allow both experienced
and inexperienced medical personnel the ability to quickly
assess how much blood a patient has lost and estimate how
much and what type of fluid should be given and/or when CV
collapse will likely occur. CV collapse will occur at the point
where predicted blood volume loss 1105 and predicted, indi-
vidual specific volume of blood loss for CV collapse 1110
converge at point 1115. Such data can help military medics as
well as civilian paramedics determine who should be attended
to first, whether to begin IV fluids or blood, how much fluid to
give and at what rate, and when to stop giving fluids, etc.
[0082] Insomeembodiments, acomputational device (e.g.,
computational device 130 in FIG. 1) can automatically deter-
mine that type of device coupled with the computational
device. In some embodiments, the computational device can
make such a determination from the sensor interface or based
on the connector used to couple the sensor. In some embodi-
ments, a processor can determine the data type based on any
number of parameters associated with the data such as fre-
quency, amplitude, current, digital signals, etc. In some
embodiments, sensors types can vary based on the environ-
ment of the sensor. Once it is determined what type of sensor
that has been coupled with the computational device, the
processor can determine the proper predictive and/or self
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learning algorithm to use. For example, a number of predic-
tive and/or self learning algorithms can be stored in memory
and associated with a sensor and/or sensor type. One of the
predictive and/or self learning algorithms can be executed
based on the type sensor coupled with the sensor interface. In
some embodiments, the computational unit can ensure that
prediction or self learning only occurs when the sensors are
properly applied to the patient. The processor can also deter-
mine the best sensor from a group of sensors based on signal
quality. In some embodiments, a predictive model can be
chosen from memory based on the sensor, sensor type, pre-
diction quality, and prediction timeframe.

[0083] In some embodiments, a device can implement
embodiments of the present invention for monitoring fluid
levels in a patient during the delivery of intravenous fluids. As
apatient is being treated with I'V fluids, the device can provide
medical personal with real-time information on the effective-
ness of IV fluid therapy as shown in FIG. 11. If the 1105 and
1110 waveforms continue to converge, bleeding is ongoing. If
the 1105 waveform flattens, IV fluid therapy is just keeping
up with blood loss. If 1105 and 1110 waveforms are diverging
1120, then the provider knows, in real-time, that the rate and
amount of IV fluid resuscitation is benefiting the patient. This
embodiment can mitigate the guess work inherent in the
delivery of IV fluids to a patient. I can provide real-time
information to a practitioner on the effectiveness of IV fluid
therapy, by indicating where one is and where one is going in
the fluid resuscitation process.

[0084] Noninvasive Prediction of Intracranial Pressure and
Cerebral Perfusion Pressure

[0085] Embodiments of the invention provide a number of
methods and systems related to monitoring and treating vari-
ous cerebral parameters. According to some embodiments of
the invention, hemodynamic and/or cerebral parameters can
be diligently recorded and time-synchronized. Machine
learning techniques and/or predictive models can be used
with this data to determine whether there are undiscovered
correlations between central and cerebral physiological vari-
ables, and such correlations may be used to diagnose, trend,
and predict nearly instantaneous changes in intracranial (ICP)
and cerebral perfusion pressures. These hemodynamic and/or
cerebral parameters can include electrocardiograph measure-
ments, arterial blood pressures, venous pressures, carotid
blood flow, intrathoracic pressures, heart rate, cardiac output,
intracranial pressures, end tidal carbon dioxide values, and
blood gases.

[0086] A general overview of how embodiments of the
invention may be implemented is illustrated with the flow
diagram of FIG. 5. In this diagram, parameter data are ini-
tially collected from a set of subjects at block 504 and may
include both parameters that are collected noninvasively and
invasively. Examples of noninvasively collected parameters
can include heart rate, pulse oximetry and transcranial Dop-
pler data, among other potential parameters; examples of
invasively collected parameters can include systolic blood
pressure and diastolic blood pressure, among others (e.g.,
those described above). As indicated at block 508, some
parameters may be calculated, such as mean arterial pressure,
cardiac output, and total peripheral resistance, among others.
[0087] 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 512 to relate such values with the
various parameters obtained at blocks 504 and 508. A
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machine-learning paradigm (e.g., the predictive model
described above) can be applied at block 516 to enable the
extraction of those parameters that are most relevant to deter-
mining the intracranial pressure and/or the cerebral perfusion
pressure; the model may then be tailored for prediction of
those quantities at block 520.

[0088] The resultant model may then be used diagnosti-
cally as indicated in the drawing. For instance, the relevant
parameters determined at block 520 may be collected at block
524 for a patient presented for diagnosis and the intracranial
pressure and/or the cerebral perfusion pressure determined at
block 528 by application of the model. If the determined
pressure is outside of an acceptable range, medical action
may be taken at block 532. In some embodiments, it can be
possible for revisions to the model to be made at block 536,
particularly after treatment of the patient, in order to improve
the value and application of the model.

[0089] 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
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.
[0090] 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.

[0091] 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.

[0092] 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.

[0093] Noninvasive Prediction of Central Blood Volume
Loss
[0094] In further embodiments, lower-body negative pres-

sure (“LBNP”) can be used to simulate loss of central blood
volume in humans. Such a model provides a method for
investigating physiological signals under conditions of con-
trolled, experimentally induced hypovolemic hypotension in
otherwise healthy humans. In one set of studies, each subject
was placed in an LBNP chamber and connected to a variety of
noninvasive monitoring devices. Baseline measurements
were made. Subjects were exposed to progressively greater
amounts of LBNP to the point of cardiovascular collapse. At
that point, the LBNP was released and central volume
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returned to normal. The experiments lasted between 25 and
50 minutes and were dependent on the level of LBNP at which
the subject exhibited cardiovascular collapse. Each LBNP
level equates to about 250 cc’s of blood loss.

[0095] The inventors used the method described above to
derive a machine-learning paradigm that is capable of the
following in real time: (1) detecting early, primary signs of
LBNP, which equate to acute blood loss; (2) estimating the
rate and volume of blood loss in a bleeding patient to guide
resuscitation therapy; and (3) predicting a timeframe for
when a bleeding patient will progress to cardiovascular col-
lapse. The method uses hemodynamic features as inputs
derived from commercially available physiological sensors,
i.e. heart rate, blood pressure and RR interval from the elec-
trocardiograph. The sample size was 64 heart beats. For this
particular embodiment, the method is about 96.5% accurate
in predicting the presence of active bleeding; is about 96%
accurate in identifying the level of bleeding to within 250
cc’s; is about 85% accurate for predicting individual specific
LBNP level that a subject will experience cardiovascular
collapse. Further training of the algorithm with data from 104
LBNP subjects shows greater than 95% prediction accuracy
for both LNPB level and individual specific CV collapse
levels.

[0096] FIG. 6 shows screen shots from a device tested
during a live LBNP experiment. The solid lines indicate the
true LBNP level and the dots indicate predictions. The left
plot shows the LBNP level, while the right plot shows the
predicted drop in LBNP level needed for the subject to expe-
rience hemodynamic decompensation (CV collapse). Both
predictions yielded a correlation of 0.95. Note that both sets
of predictions were made in real-time, while the experiments
were taking place.

[0097] Other Healthcare Applications

[0098] Foreseeing the clinical course of a patient whose
physiology is possibly complex and constantly changing due
to injury, patient disease and/or our efforts to stabilize and
correct the underlying disease process depends on a practi-
tioner’s ability to identify, understand and continuously
monitor a range of clinical features. Practitioners cannot, of
course, physically reside at a patient’s bedside at all times.
Nor can they rapidly abstract, discern and respond to the
many unique and subtle features that are characteristic of
normal and abnormal physiological signals. Embodiments of
the invention can apply a new polynomial Mahalanobis dis-
tance metric for use in classifying continuous physiological
data (e.g., any waveform data), to enable active, long term
learning from extremely large continually changing physi-
ological datasets. The application of such embodiments to
human vital sign data has led to the discovery of several
previously hidden hemodynamic relationships that are pre-
dictive of acute blood loss and individual specific risk for
cardiovascular collapse. Implementation of embodiments of
the invention have broad applicability in many areas of medi-
cine and surgery. It is especially applicable to the care of
severely injured patients, whose physiology is acute, com-
plex, constantly changing and human interpretation is
required on an ongoing basis.

[0099] Embodiments ofthe invention incorporate dynamic,
multi-objective optimization schemes. Such schemes can
become increasingly more complex as greater amounts of
high fidelity clinical data is captured and becomes available
for analysis. Dynamic multi-objective optimization schemes
can enable the development of predictive models using real-
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time physiological data, while autonomously controlling the
management of competing therapies. An example is IV fluid
management for an injured soldier with a traumatic brain
injury and an exsanguinating solid organ injury. IV fluid
therapy in this type of setting must be provided at a rate that
will optimize systemic and cerebral perfusion, avoid
re-bleeding and maintain the patient until bleeding can be
controlled. Competing injuries add complexity to any fluid
resuscitation strategy and the invention described herein
solves this problem.

[0100] In some embodiments, the inputs to a predictive
device can include non-invasively measured physiological
signals, derived from existing products used in medical facili-
ties. In some instances, the device comprises a laptop com-
puter (e.g., as schematically shown in FIG. 1) that runs a
codified method for hemodynamic monitoring with accura-
cies as good as or better than conventional methods. Such a
device can interface to a variety of standard medical sensors,
including an EKG and/or a non-invasive Finopres blood pres-
sure monitor. Other embodiments can include devices that
detect when one or more sensors are incorrectly attached to a
patient. Still other embodiments include devices that auto-
matically choose the most accurate and relevant set of mod-
els, based on: available sensors and how long the patient has
been monitored.

[0101] Some methods and devices of the invention provide
an intuitive user interface to allow medical professionals to
interact with the device. In some embodiments, the user inter-
face can allow the user to specify which sensors are available,
which can then define which model to use. The user interface
can also allow the device to intuitively interact with the medi-
cal professional to ensure correct sensor functioning and/or
allow the medical professional to enter patient specific clini-
cal information such as gender, weight, age, historical infor-
mation, physical exam findings, various forms of treatment
and information on the clinical response to treatment. In some
embodiments, this clinical information can be retrieved from
various data sources include computer hard drivers, network
drives, etc. In some embodiments this information can be
retrieved from central servers that have historical health and
patient information stored thereon.

[0102] These results indicate that methods of the invention
for analyzing noninvasive hemodynamic parameters is not
only fast and accurate, but a viable platform for a device that
could provide medical personnel with early, reliable and criti-
cally important information on blood loss, injury severity and
the time to act.

[0103] Devices and methods of the invention can be seam-
lessly integrated into existing hospital and pre-hospital care
settings because: they can be applied in parallel with existing
physiological monitors, medical personnel need not change
standard procedures, the method alone could be licensed to
device manufactures, to enable existing, in-hospital monitors
to become “smart” monitors.

[0104] Some devices of the invention utilize advanced
hemodynamic measures, derived from traditional monitoring
devices (blood pressure, EKG, etc). Some devices of the
invention can be used to collect non-invasive data. A large
amount of data can be collected from individual patients,
requiring relatively few subjects for verification. Verification
can be done in a short period of time, as no lengthy experi-
mental procedures and no blood work are required. Some
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devices of the invention have low computational require-
ments (i.e. they can effectively run on inexpensive processors
and laptop computers).

[0105] Methods and devices of the invention can save lives
by providing early, critical information on acute blood loss,
injury severity, and resuscitation effectiveness. This invention
will be of great commercial interest to all branches of the U.S.
armed services, trauma and non-trauma surgeons, anesthesi-
ologists and critical care physicians worldwide. It is equally
useful during the management of trauma and non-trauma
patients, who are experiencing or are at risk volume loss,
whether it be due to the acute loss of blood, dehydration
and/or myocardial dysfunction.

[0106] Robot Navigation

[0107] The problem of planning smooth trajectories for
mobile robots traveling at relatively high speed in natural
environments, depends on being able to identify navigable
terrain a significant distance ahead. Labeling safe or path
regions in an image sequence is a common way to achieve this
far field classification. Many pixel-wise classification tech-
niques fail at this task because their similarity metric is not
powerful enough to tightly separate path from nonpath,
resulting in outliers distributed across the image. Some
embodiments of the invention provide for a new and more
powerful polynomial Mahalanobis distance metric for use in
classifying path regions in images of natural outdoor envi-
ronments. Some embodiments use only an initial positive
sample of a path region to capture the relationships in the data,
which are most discriminative for path/nonpath classifica-
tion. Performance of some embodiments have been compared
with Euclidean and standard Mahalanobis distance for illus-
trative synthetic data as well as for challenging outdoor
scenes. For both normalized color and texture features
embodiments provided herein produces significantly better
results.

[0108] Robot navigation can implement predictive models
as described throughout this disclosure for navigation and
other processes. In some embodiments, a predictive model
can learn and distinguish between traversable regions from
non-traversable regions using image labeling techmques. For
example, FIG. 7 shows image 700 recorded from a robot
camera (e.g., a stereo camera). Using predicative models,
regions within the image can be classified as traversable 710
and/or non-traversable 720. In some embodiments, the entire
image can be labeled as either traversable or non-traversable.
In some embodiments, learning takes place only when the
current set of density models are inadequate for the current
environment.

[0109] In some embodiments, for an input x, a model has

the following Bayesian form for estimating the class 7:

& = 5 i
] mgceﬁﬁfc,{h @)

where ce{1, ..., C} designates the class, p,_ is an estimate of
the prior probability Pr(c) of class ¢, and H_(x) H_(x) is the
estimate of density of class ¢ at input x (this is analogous to
Pr(clx)). We can estimate p_ (unbiased) by dividing the num-
ber of times class ¢ appeared in the training sets {S1, ..., SK},
by the total number of examples seen.

[0110] Note that one difference between the standard Baye-
sian use of equation (1) and the one adopted here is the
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following: If ﬁl(x):ﬁz(x)z e :ﬁc(x)zo (or some other
small probability threshold deemed applicable), we can pre-
dict that the current model cannot make a class prediction for
the input x because x falls outside of the type of data seen so
far by the long term learning algorithm. This essentially
means the learning algorithm must see labeled examples rep-
resentative of x before a prediction is made.

[0111] A key focus of our research and development efforts
under the LAGR program has been a development of a novel
framework for learning class density models H.(x) that are
suitable for long term learning. Each class density model has
the following form:

Ic

Z “ai Iy (x)
Hew = =

Tc

2, Cag

k=1

where “h,(x) is a local density model, “a,,=0 are scaling
factors, for all i=1, . . ., 7. and T, is the number of density
models associated with class c.

[0112] Therefore, the learning paradigm involves learning
local density models “h,(x) that represent traversable and
non-traversable terrain. These local density models are com-
bined as defined above to label pixels in the image as being
traversable or non-traversable. Therefore, long term ongoing
learning is defined by learning as many local density models,
and using a weighted subset of the most relevant ones given
the robot’s current environment.

[0113] FIG. 8 shows a method 800 that implements
machine learning for robotic navigation. At block 804 images
can be collected that show space within which the robot
wishes to navigate. In some embodiments, the images can be
collected using a single camera, a stereoscopic camera, or a
system of cameras.

[0114] At block 808 pixels within the image data can be
clustered into regions that contradict the robots current set of
models (e.g., models produce wrong labels), or which cannot
be labeled with its current set of models. The resulting clus-
ters constitute knowledge about the environment that the
robot currently does not have. In some embodiments, the
clustering algorithm can include the property that it identifies
as clusters on nonlinear manifolds, and determines which
examples in each cluster are most outside the manifold and
therefore likely to be noise. These noisy examples can be
discarded, and learning takes place only on the clean clusters.
Thus new models are only constructed of previously unex-
plained (by the model), clean, sensor data.

[0115] For example, clusters can be constructed separately
from each class that does not match data found in any model.
For the far field navigation embodiments, traversable image
pixel examples and the non-traversable examples can be sepa-
rately clustered into groups. Clustering can use any number of
algorithms. In some embodiments, the clustering algorithm
can be computationally efficient at clustering thousands of
training examples. For example, in the far field navigation
application domain, we typically see several thousand train-
ing examples from each class. In some embodiments, the
clustering algorithm can find clusters that lie on nonlinear
manifolds. This property can be motivated by the observation
that pixels associated with paths typically lie on locally non-
linear structures. In some embodiments, the clustering algo-
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rithm can identify examples that are outliers. These examples
are often associated with sensor noise, and should not be used
when learning new density models.

[0116] Insomeembodiments, arank based clustering algo-
rithm can be used. This algorithm clusters by ranking the
ordering of points along nonlinear manifold structures. It
therefore can allow direct identification of points that lie most
in a cluster manifold (i.e. the center points), as well as points
that lie most outside the manifold (i.e. the outlier points).
[0117] At block 812 the appropriate image features which
separate each clustered group from all clusters in a different
class are selected. For example, if a cluster is associated with
traversable terrain, then the features chosen will be those that
best separate it from non-traversable terrain—and similarly
for clusters of non-traversable terrain. Thus each cluster
involves using a unique set of features as a foundation for
separating it from other clusters.

[0118] For each cluster identified, in some embodiments,
the goal of feature selection is to efficiently identify the fea-
tures that separate it from other clusters representing
examples of a different class. For the far field navigation
learning example, this amounts to finding features that best
separate traversable from non-traversable terrain in the
robot’s current environment. This can be difficult because in
some cases regions in the image that are associated with
traversibility (e.g., grass on the ground) can look very similar
to regions associated with obstacles (e.g., green shrubs).
[0119] In some embodiments, the framework used to dis-
cover the most discriminative image features can use a Sparse
Linear Classifiers. In some embodiments, the Sparse Huber
Loss algorithm can be used because of its computational
efficiency and its effectiveness in building sparse linear clas-
sifiers. This algorithm is used to find the best sparse linear
classifier between each cluster and all clusters corresponding
to examples in a different class. The boundary of this classi-
fier has the following form:

ajxj-+a0=0

M=

[
1

where {a,, . . ., a,} are the model coefficients, and x; repre-
sents dimension j of the inputs. The model is sparse because
most of {a,, . .., a,} are zero. For each cluster, the image
features that are associated with non-zero coefficients {a, . .
., a4}, are the most discriminative features for that cluster.
These features can then be used to construct a local density
model for the cluster.

[0120] At block 816 a nonlinear distance metric model can
be built for each cluster, which measures how far points from
one clusters are from another cluster. For each cluster identi-
fied in block 808 the relevant features found with the feature
selection in block 812 are used to construct a distance model
for the cluster. This distance model can be denoted by “d,(x),
where c¢ is the class the cluster falls in, and i refers to the
cluster. The distance “d,(x) measures the distance from any
point x to the cluster. It can be constructed, forexample, using
the Polynomial Mahalanobis Distance framework. This
framework can efficiently allow locally nonlinear manifold
data structures to be identified, allowing clusters to be mod-
eled. The Polynomial Mahalanobis distance metric is illus-
trated in FIG. 9. The Data is shown in FIG. 9(a), and all
distances are measured with respect to point 910. FIG. 9(4)
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shows the most commonly used Euclidean distance from this
reference point, which does not attempt to follow the struc-
ture of the data in FIG. 9(a). FIG. 9(c) show the Mahalanobis
distance metric, which follows the linear structure ofthe data.
However, to follow the locally nonlinear structure, we must
use a nonlinear distance metric. The Polynomial Mahalanobis
metric is one such metric, which efficiently allows power of
two polynomial distance metrics to be estimated. As the order
of'the polynomial is increased from 2 in FIG. 9(d) to 4 in FIG.
9(e), the Polynomial Mahalanobis metric more closely fol-
lows the nonlinear structure of the data. Thus, in some
embodiments, the Polynomial Mahalanobis metric is shown
to more effectively model terrain specific image data than
either the Euclidean or the Mahalanobis distance metrics. In
other embodiments, however, the Euclidean or the Mahalano-
bis distance metrics as well as other distance metrics can be
beneficial and useful.

[0121] At block 820 this distance metric can be used to
build a density model for each cluster. This density model can
be used to measure how close a new pixel (in either the current
or new image) is to the cluster for which a model has been
constructed. This process can generate many thousands of
image models, and only a few of these are appropriate for any
environment. For example, density models appropriate for
the desert may not be useful in wooded areas.

[0122] Given the distance model “d,(x) of a cluster as con-
structed in block 816, a locally nonlinear density model “h,
(x), in some embodiments, can be constructed using a one
dimensional histogram density. Therefore, the specific form
of our density models can be denoted:

“hi(x)=DenHist(“di(x))

where DenHist(“d,(x)) can be a one dimensional histogram
density model constructed from the distance values of points
within the cluster i associated with class ¢ when put through
the model “d, (x). This process is depicted in FIG. 10, where
a patch of traversable terrain 1005 is used to construct the
density model 1010 by passing this patch through °d,(x)
(which was constructed using the same patch). Note that
°h,(x) is a true density model in “d,(x) space. The number of
bins used is determined by maximizing the log likelihood of
the validation points (taken from the same cluster).

[0123] At block 824, the current alphabet of terrain density
models can be combined to make predictions of traversibility
in the far field (e.g., beyond vision). Models that are relevant
to the current environment can be chosen for making predic-
tions. Relevance can be measured by how well these models
predict the near field vision based classification of traversable
and non-traversable terrain, as well as how relevant they are to
the far field image data.

[0124] Using a classification model defined as

This model uses the density functions “h,(x) (computed as
described the learning of which is described above) as defined
in Equation (2). Therefore, to make a prediction for an input
X, the values of the scaling “a,=0 for all i=1, .. ., T, associated
with each “h,(x) must be defined. These scaling factors are
environment specific, and can be chosen in real time as the

robot executes a task.
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[0125] Insome embodiments, the magnitude of the scaling
factor “a, can be proportional to the relevance of the density
model “h,(x) in the robot’s current environment. If “h,(x) is
irrelevant to the current situation the robot is in, then it should
be the case that “a,=0. Note that the density models “h,(x)
respond (i.e. output values greater than zero), when the cur-
rent examples (i.e. image features) have similar properties to
examples used to construct it. Therefore one can set “a,=0
whenever “h,(x) has low response in the image. Furthermore,
one can set “a,=0 whenever “h,(x) disagrees with the current
image, because the stereo labeled examples in the current
image where “h,(x)>0, belong to a class other than c.

[0126] Insome embodiments, “a,=0 if either of the follow-
ing conditions are met: 1)

> ()< Ta

xe¥

where W is the set of all examples in the current image, taken
from both near and far field parts of the image. The threshold
T2, defines a minimum on how much support the density
function has in the image (for all experiments and tests under
the LAGR program, this threshold is set to 10-6, but any small
enough positive value can work equally well). When this
threshold is violated, the density function “h,(x)>0 has very
little to do with the current image (e.g. perhaps it was learned
when the robot was in a desert environment, whereas the
robot currently is navigating in the woods).

2) Zcm ®>12

x€@

where O is the set of all examples that stereo has NOT labeled
as to class c. The threshold T2, defines how wrong a density
model can be with respect stereo labeling, and still be used.
Once again, in the experiments presented here, T,,?, is set this
to a small positive value of 10e-6. When this threshold is
violated, then “h,(x)>0 is not appropriate to the current envi-
ronment, leading to incorrect classifications. For all remain-
ing “h,(x) for which “a, is not set to zero by the above condi-
tions, the following formula for “a, can be used:

“a= Y ho

xe¥

where W is the set of all examples in the current image.
Therefore, the value of “a, is defined by how relevant the
density model “h,(x) is to the current image.

CONCLUSION

[0127] Embodiments ofthe invention can be adapted to any
condition for which there exists subject data. In the medical
arena this type of data will increase exponentially in the
coming years, as physiological data from individual illness
events becomes incorporated into each patient’s electronic
medical record. The matching of physiological patient data
with semantically driven medical records containing various
diagnoses, the timing of therapy and response to treatment,
will allow methods and devices of the invention to gain
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insight into the practice of medicine and expected outcomes.
For example, self-learning predictive systems may provide
predictions based not only on real-time physiological mea-
surements, but also on a patient’s medical history such as age,
diet, previous diagnoses, exercise routine, smoking habits,
caffeine intake, alcohol consumption, travel history, various
medical risk factors, familial history, allergies, pharmaceuti-
cal intake, weight, physical exam findings, practitioner
impressions and treatment effects, etc. Moreover, multiple
physiological measurements can be used to make predictions
and/of for self learning.

[0128] Examples of medical and surgical conditions that
could be analyzed and potentially linked and evaluated in
real-time using aspects of the various embodiments include:
1) closed head injury monitoring and management, including
cEEG; 2) differentiation of shock states; 3) resuscitation
monitoring and management; 4) asthma, pneumonia and
other respiratory diseases; 5) diabetes monitoring and pre-
vention of diabetic ketoacidosis; 6) myocardial ischemia and
infarction; 7) stroke; 8) congestive heart failure; 9) intra-
operative monitoring, including depth of anesthesia; 10) pain
control monitoring and management; 12) post-operative
monitoring; 13) sleep apnea monitoring; 14) rehabilitation
monitoring, including gait, stability and range of motion;
cognitive function; activities of daily living; 15) progressive
neurological disorders, e.g. Alzheimer’s disease, multiple
sclerosis, epilepsy, etc.; and 16) therapeutic oncology, to
name a few.

1. A method of autonomously building predictive models
of outcomes, the method comprising:
identifying a most-predictive set of signals S, out of a set of
signals s, S, . . . , s, for each of one or more outcomes
O
autonomously learning a set of probabilistic predictive

models 6,=M ,(S,), where Y »1s aprediction of outcome
0, derived from the model M, that uses as inputs values
obtained from the set of signals S;;
repeating the step of autonomously learning incrementally
from data that contains examples of values of signals s, ,
S5, . . . » S and corresponding outcomes 0, 0,, . . . , O
2. The method recited in claim 1 wherein autonomously
learning the set of probabilistic predictive models comprises
using a linear model framework to identify predictive vari-
ables for each increment of data.
3. The method recited in claim 2 wherein the linear model
framework is constructed with the form

d
o = fi ao+zai-‘z s

i=1

where fk is any mapping from one input to one output and a0,
al, ..., ad are linear model coefficients.
4. A system for autonomously building a predictive model
of outcomes, the system comprising:
an input device; and
a processor having a computer-readable storage medium,
the processor in electrical communication with the input
device, the computer-readable storage medium compris-
ing:
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instructions for identifying a most-predictive set of sig-
nals S; outof aset of signals s, s, . . ., S, foreach of
one or more outcomes 0

instructions for autonomously learning a set of probabi-
listic predictive models 6,=M,(S;), where &, is a pre-
diction of outcome o, derived from the model M, that
uses as inputs values obtained from the set of signals
Sk

instructions for repeating the step of autonomously
learning incrementally from data that contains
examples of values of signals s,, s,, . . ., s, and
corresponding outcomes 0;, Os, . . ., Og-

5. The system recited in claim 4 wherein the instructions
for autonomously learning the set of probabilistic predictive
models comprise instructions for using a linear model frame-
work to identify predictive variables for each increment of
data.

6. The system recited in claim 5 wherein the linear model
framework is constructed with the form

d
o = fu a0+zai5i 5

i=1

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

7. A method of predicting volume of acute blood loss from
a patient, the method comprising:

collecting data values from one or more physiological sen-

sors attached to the patient; and

applying a hemodynamic compensation model to the col-

lected data values to predict the volume of acute blood
loss from the patient,

wherein the hemodynamic compensation model is gener-

ated from a plurality of data values collected from physi-
ological sensors attached to a plurality of subjects.

8. The method recited in claim 7 wherein the one or more
physiological sensors comprises a sensor selected from the
group consisting of a blood pressure monitor, a noninvasive
blood pressure monitor, an electrocardiograph, a pulse
oximeter, a transcranial Doppler sensor, an impedance car-
diograph, a finometer, an infrared spectrometer, a capnogra-
phy sensor, and a photoplethysmograph.

9. The method recited in claim 7 wherein the collected data
values comprise data values selected from the group consist-
ing of a perfusion index, a pleth variability index, cardiac
output, heart stroke volume, arterial blood pressure, systolic
blood pressure, diastolic blood pressure, mean arterial pres-
sure, systolic pressure variability, pulse pressure, pulse pres-
sure variability, stroke volume, cardiac index, and near-infra-
red spectroscopy data.

10. A system for predicting volume of acute blood loss
from a patient, the system comprising:

one or more physiological sensors attached to the patient to

collect data values; and

a computational unit in communication with the one or

more physiological sensors and having instructions to
apply a hemodynamic compensation model to the col-
lected data values to predict the volume of acute blood
loss from the patient,

wherein the hemodynamic compensation model is gener-

ated from a plurality of data values collected from physi-
ological sensors attached to a plurality of subjects.
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11. The system recited in claim 10 wherein the one or more
physiological sensors comprises a sensor selected from the
group consisting of an electrocardiograph, a pulse oximeter,
transcranial Doppler sensor, capnography sensor, and a pho-
toplethysmograph.

12. The system recited in claim 10 wherein the collected
data values comprise data values selected from the group
consisting of a perfusion index, a pleth variability index,
cardiac output, heart stroke volume, arterial blood pressure,
systolic blood pressure, diastolic blood pressure, mean arte-
rial pressure, systolic pressure variability, pulse pressure,
pulse pressure variability, stroke volume, cardiac index, and
near-infrared spectroscopy data.

13. A method of predicting volume of acute blood loss from
a patient that will cause cardiovascular collapse, the method
comprising:

collecting data values from one or more physiological sen-
sors attached to the patient; and

applying a hemodynamic compensation model to the col-
lected data values to predict the volume of acute blood
loss from the patient that will cause CV collapse,

wherein the hemodynamic compensation model is gener-
ated from a plurality of data values previously collected
from physiological sensors attached to a plurality of
subjects.

14. The method recited in claim 13 wherein the one or more
physiological sensors comprises a sensor selected from the
group consisting of a blood pressure monitor, a noninvasive
blood pressure monitor, an electrocardiograph, a pulse
oximeter, a transcranial Doppler sensor, an impedance car-
diograph, a finometer, an infrared spectrometer, a capnogra-
phy sensor, and a photoplethysmograph.

15. The method recited in claim 13 wherein the collected
data values comprise data values selected from the group
consisting of a perfusion index, a pleth variability index,
cardiac output, heart stroke volume, arterial blood pressure,
systolic blood pressure, diastolic blood pressure, mean arte-
rial pressure, systolic pressure variability, pulse pressure,
pulse pressure variability, stroke volume, cardiac index, and
near-infrared spectroscopy data.

16. A system for predicting volume of acute blood loss
from a patient that will cause CV collapse, the system com-
prising:

a physiological sensor interface configured to couple with
one or more physiological sensors that collect physi-
ological data values from the patient; and

a computational unit in communication communicatively
coupled with the physiological sensor interface and hav-
ing instructions to
received physiological data values from a patient

through the physiological sensor interface; and
predict the volume of acute blood loss from the patient
that will cause CV collapse by apply a hemodynamic
compensation model to the physiological data values,
wherein the hemodynamic compensation model is gener-
ated from a plurality of data values previously collected
from physiological sensors attached to a plurality of
different subjects.

17. The system recited in claim 16 wherein the one or more
physiological sensors comprises a sensor selected from the
group consisting of an electrocardiograph, a pulse oximeter,
transcranial Doppler sensor, capnography sensor, and a pho-
toplethysmograph.
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18. The system recited in claim 16 wherein the collected
data values comprise data values selected from the group
consisting of a perfusion index, a pleth variability index,
cardiac output, heart stroke volume, arterial blood pressure,
systolic blood pressure, diastolic blood pressure, mean arte-
rial pressure, systolic pressure variability, pulse pressure,
pulse pressure variability, stroke volume, cardiac index, and
near-infrared spectroscopy data.

19. A method for determining a brain pressure within a
subject, the method comprising:

measuring a plurality of parameters from the subject;

applying the parameters to a model that relates the param-

eters to the brain pressure, the model derived from appli-
cation of a machine-learning algorithm; and
determining the brain pressure from the model.

20. The method recited in claim 19 wherein the brain
pressure comprises an intracranial pressure.

21. The method recited in claim 19 wherein the brain
pressure comprises a cerebral perfusion pressure.

22. The method recited in claim 19 wherein the plurality of
parameters comprise heart rate, systolic blood pressure, dias-
tolic blood pressure, mean arterial pressure, cardiac output,
pulse oximetry data, or transcranial Doppler flow.

23. A method for predicting physiological phenomena, the
method comprising:

receiving real-time physiological data from a physiologi-

cal sensor that is measuring a physiological characteris-
tic of a patient;

deriving physiological feature data from the physiological

data;

determining a physiological threshold from the physiologi-

cal feature data and from historical data, wherein the
physiological threshold corresponds to a point such that
when the physiological feature data reaches the physi-
ological threshold abnormal physiology is deemed to be
present; and

providing at a user interface the relationship between the

physiological threshold and the physiological feature
data as physiological feature data is derived from the
physiological data.
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24. The method according to claim 23 further comprising:

deriving second physiological feature data from the physi-
ological data;

determining a second physiological threshold from the
second physiological feature data and from historical
data, wherein the second physiological threshold corre-
sponds to a point such that when the second physiologi-
cal feature data reaches the second physiological thresh-
old a different physiological event occurs or is detected;
and

providing at a user interface the relationship between the
second physiological threshold and the physiological
feature data as the second physiological feature data is
derived.
25. The method according to claim 23, wherein the physi-
ological threshold is determined using a predictive model.

26. The method according to claim 23, wherein the histori-
cal data is derived from a plurality of subjects.

27. The method according to claim 23, wherein the provid-
ing includes graphing the physiological threshold and the
physiological feature data as a function of time. according to,
wherein the physiological data comprises data selected from
the list consisting of blood pressure data, EEG data, heart rate
data, deoxygenated blood data, oxygenated blood data, mus-
cular activity, and oxygen inhalation.

28. The method according to claim 23, wherein the physi-
ological feature data comprises data selected from the list
consisting of systolic blood pressure, arterial blood pressure,
mean arterial blood pressure, pulse pressure variability,
stroke volume, cardiac output, cardiac index, systolic pres-
sure variability, and diastolic blood pressure.

29. The method according to claim 23, further comprising
determining a physiological response to treatment by moni-
toring the convergence or divergence of the physiological
threshold and the physiological feature data as a function of
time.
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