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(57) ABSTRACT

Methods, systems, and computer program products for evalu-
ating a patient in a pediatric intensive care unit (PICU) are
disclosed. According to one aspect, a method may include
collecting physiological data associated with a patient upon
admission to a PICU and at least once after admission to the
PICU. The physiological data may be associated with a sta-
tistical model, and a risk of mortality of the patient may be
continually determined.
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DATE TIME Fi02 GCS Pupils glucose Urine output femperature  Dopomine  Epi other
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METHODS, SYSTEMS, AND COMPUTER
PROGRAM PRODUCTS FOR EVALUATING A
PATIENT IN A PEDIATRIC INTENSIVE CARE

UNIT

RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application Ser. No. 60/809,283, filed May 30,
2006, the disclosure of which is incorporated herein by ref-
erence in its entirety.

GOVERNMENT INTEREST

[0002] This presently disclosed subject matter was made
with U.S. Government support under Grant No.
1R41HD049935-01 awarded by the National institutes of
Health (NIH). Thus, the U.S. Government has certain rights
in the presently disclosed subject matter.

TECHNICAL FIELD

[0003] The subject matter disclosed herein relates gener-
ally to patient evaluation. More particularly, the subject mat-
ter disclosed herein relates to evaluating a patient in a pedi-
atric intensive care unit (PICU).

BACKGROUND

[0004] Intensive care units (ICUs) commonly include
patient monitoring systems for monitoring patient status and
condition. Typical patent monitoring systems include a moni-
tor having one or more detectors attached to a patient for
detecting parameters, such as electrocardiogram (ECG) sig-
nals, blood pressure, blood oxygen, blood glucose, and tem-
perature. The output from the detectors is sent to a system
processor, which subsequently processes the measured val-
ues. These values may then be displayed on a display screen
or stored for later analysis. Data representing the measured
physiological parameters can be displayed as waveforms and/
or numerical values. ICUs provide advanced monitoring
capabilities for enabling medical practitioners to evaluate the
clinical status of patients and track their response to a wide
range of interventions.

[0005] One of the important functions of an ICU is to pro-
vide advanced monitoring capabilities to evaluate the clinical
status of patients and to track their responses to a wide range
of interventions. Morbidity and mortality have diminished
dramatically in PICUs across the United States due to
advancements in medical and surgical therapeutics, life sav-
ing pharmaceuticals, and training of medical practitioners.
Standard monitoring systems present physiological data such
as intermittent or continuous core temperature, invasive arte-
rial blood pressure, continuous invasive central venous pres-
sure, continuous pulsed oximetry, and continuous end tidal
carbon dioxide concentrations. However, current monitoring
systems do not present these data in a format that fosters
understanding of the complex dynamic changes occurring
instantaneously or over time in a biological system. Simple,
time domain measures of heart rate and respiratory rate are
typically displayed as: 3-5 second mean values; mean values
of parameters plotted against time; or alarms for out of range
values determined by manufacturers or modified by medical
practitioners. These values are often not scaled to reflect age
or diagnosis adjusted norms for children. For these reasons,
the need for advancement of monitoring devices is great.
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[0006] A variety of advanced organ specific monitoring
devices have emerged over recent years with mixed utility and
acceptance in the PICU. Measurements made with these
devices include: continuous cardiac output measurements;
thoracic electrical bioimpedance continuous cardiac output;
continuous in vivo arterial blood gas analysis; continuous
pulmonary mechanics and ventilator parameters; continuous
venous oxygen saturation measurement; and continuous pro-
cessed electroencephalographic analysis. These measure-
ments have provided additional information to the bedside
clinician, but most have failed to demonstrate improvement in
patient morbidity or mortality. Each of these monitoring
devices provides a unidimensional time domain appraisal of a
specific organ function that must be assimilated, interpreted,
and acted upon by the bedside physician, nurse, or allied
health care worker. It is desirable to provide improvements
for presenting this information and analysis of this informa-
tion to medical practitioners.

[0007] As mentioned above, some PICU monitoring equip-
ment generates alarms when patient physiological data falls
outside of an excepted range. However, because these alarms
are often based on individual parameters and not based on
accurately weighted groups of parameters, false positives
often occur. Because of the high frequency of false positives,
alarms generated based on individual physiological measure-
ments are often ignored by PICU staff.

[0008] Software tools are available for evaluating a patients
risk of mortality. However, conventional tools only evaluate a
patient’s risk of mortality based on parameters collected upon
admission to the PICU. There is no updating of the risk of
mortality based on physiological measurements after the
patient has been admitted to PICU. As a result, conventional
tools do not provide any post care evaluation of a patient’s risk
of mortality.

[0009] Accordingly, there exists a long felt need for meth-
ods, systems, and computer program products for evaluating
a patient in a PICU.

SUMMARY

[0010] According to one aspect, the subject matter
described herein comprises systems, methods, and computer
program products for evaluating a patient in a PICU. One
method may include collecting physiological data associated
with a patient upon admission to a PICU and at least once
after admission to the PICU. The physiological data may be
analyzed with a statistical model. Further, a risk of mortality
of the patient can be continually determined.

[0011] According to another aspect, the subject matter
described herein comprises systems, methods, and computer
program products for selecting a physiological variable for
use in evaluating risk of mortality of a patient in a PICU. One
method may include receiving survival outcome data and
multivariate physiological data associated with a patient in a
PICU. The survival outcome data and the multivariate physi-
ological data may be analyzed with a statistical model to
identify a physiological variable affecting risk of mortality of
the patient.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0012] Exemplary embodiments of the subject matter will
now be explained with reference to the accompanying draw-
ings, of which:

[0013] FIG. 1 is an exemplary block diagram of a patient
monitoring system for evaluating a patient in a PICU accord-
ing to an embodiment of the subject matter described herein;
[0014] FIG. 2 is a flow chart of an exemplary process for
evaluating a patient in a PICU in accordance with an embodi-
ment of the subject matter described herein;

[0015] FIG. 3 is a graph of an example of an ECG signal
with approximations of a fiducial point obtained by a moni-
toring system according to an embodiment of the subject
matter described herein;

[0016]

[0017] FIG. 5 is a graph of an example of sample interpo-
lations of heart rate data points;

FIG. 4 is a graph of an R wave of an ECG signal;

[0018] FIG. 6is agraphillustrating an example of heart rate
FFT magnitude spectrum averaged from 12 individual 128
beat segments;

[0019] FIG.7isachart of 22 intervals obtained from 11 raw
variables in accordance with an embodiment of the subject
matter disclosed herein;

[0020] FIG. 8 are results of an orthoganized list of the data
shown in the chart of FIG. 7;

[0021] FIG.9 is a graphical representation of the ability of
the factors as a standardized difference between Y and N
outcome groups,

[0022] FIGS.10A and 10B are graphs of an unfiltered ECG
signals with an R peak estimation;

[0023] FIGS. 11A and 11B are graphs of heart rate spectral
curves for a surviving child and a child who died, respec-
tively;

[0024] FIG. 12 is a chart profiling derogatory segments
within variable (base excess) with a single factor scan;
[0025] FIG. 13 is a chart profiling extreme derogatory
ranges within a battery of laboratory tests;

[0026] FIG. 14 is a chart of an example of intermittent
physiologic parameters and clinical signs;

[0027] FIG. 15 includes charts profiling examples of inter-
mittent physiologic parameters and clinical signs evaluated
through QTMS with selected best results;

[0028] FIGS. 16A and 16B are graphs of intermittent origi-
nal data and interpolated data in 2 minute increments, respec-
tively;

[0029] FIG. 17 is a screen display of an example of several
cardiac variables for living and dead patients;

[0030] FIG. 18 is a flow chart of an exemplary process for
selecting a physiological variable for use in evaluating risk of
mortality of a patient in a PICU according to an embodiment
of the subject matter described herein;

[0031] FIG. 19 is a pie chart of cluster sizes determined
using a rule induction method;

[0032] FIG. 20 includes bar graphs of a profile report for
several clusters;

[0033] FIGS. 21A-21H includes graphs and charts detail-
ing the ability of each cluster to differentiate between living
and dead; and

Mar. 4, 2010

[0034] FIG. 22 includes graphs of receiver operator curves
for the rule induction model.

DETAILED DESCRIPTION

[0035] The subject matter disclosed herein is directed to
systems, methods, and computer program products for evalu-
ating a patient in a PICU. Particularly, a patient evaluation
may include continually determining a risk of mortality of a
PICU patient based on physiological data associated with the
patient. The physiological data may be collected upon admis-
sion to the PICU and at least once after admission to the
PICU. Further, the physiological data may be analyzed with a
statistical model, and the risk of mortality of the patient may
be continually determined. The risk of mortality may be con-
tinuously updated and presented to a medical practitioner via
auser interface. By presenting up-to-date information regard-
ing the risk of mortality and the physiological data contrib-
uting to that risk, patient outcomes are expected to improve.
[0036] According to one aspect, systems, methods, and
computer program products disclosed herein may be utilized
for selecting a physiological variable for use in evaluating
mortality risk of a patient in a PICU. A method may include
receiving survival outcome data and multivariate physiologi-
cal data associated with a patient in a PICU. The survival
outcome data and the multivariate physiological data can be
analyzed with a statistical model to identify a physiological
variable affecting mortality risk of the patient. A weight may
be assigned to the physiological variable for use with the
statistical model in determining a risk of mortality of the
patient.

[0037] The risk of mortality may be determined by collect-
ing physiological data from various sources, by integrating or
combining the data from the various sources, and by analyz-
ing the data as disclosed herein. Physiological signals encode
information which characterizes the spectrum from normal to
disease conditions in living systems. Physicians are trained to
recognize diagnostic patterns in these signals. Signal process-
ing methodologies enhance diagnostic capabilities through
either detection of information not otherwise perceptible, or
quantification of physiological measures leading to diagnos-
tic differentiation of sickness from health. Such signal pro-
cessing methodologies may be used to detect or identify
physiological data for use in determining a risk of mortality.
Signal processing techniques may be broadly categorized as
spectral and time series methodologies, while wavelets span
the two approaches. Time series methods may be linear or
non-linear, stationary or non-stationary, and/or parametric or
non-parametric. Signal processing methods presume station-
arity, while non-linear methods, such as bispectral analysis,
may be applied to diagnostics.

[0038] Neural networks may be trained to recognize pat-
terns derived from physiological signals using characteristics
derived from any signal processing methodology, which are
linked to health and disease states, or trends toward either.
Applications of bispectral methods may be used to detect
nonlinear trends in critically ill patients. Heart rate variability
using linear signal processing techniques may be used for real
time analysis of spectral bands which characterize autonomic
activity. This approach provides a quantitative measure of
autonomic activity as a trend as patients progress toward
health or disease. Detection of trends may be enhanced using
cross spectral quantification of interactions between physi-
ological signals determined continuously in real time. This
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technique may be applied for determining signal artifact
(noise) from significant changes in clinical state (signal).
[0039] Data mining is another technique useful to collect
physiological data for use in determining a risk of mortality.
Data mining is an extension of statistical hypothesis testing.
Neural networks and data intensive mining may be used
together for sorting and analyzing physiological data for
evaluation of a patient as disclosed herein. A goal of data
mining is to construct a mathematical algorithm that captures
viable representations of existing phenomena hidden with a
database. Different classes of algorithnis may include stan-
dard regression, rule induction, and neural networks. In addi-
tion, a model comparison module can provide a cross com-
parison among multiple models based upon receiver operator
curve (ROC) characteristics.

[0040] Physiological data may be collected from patient
charts, laboratory tests, and monitoring equipment. Real time
continuous physiological signals, such as electrocardiogram
(ECG) signals (e.g., invasive arterial blood pressure and inva-
sive central venous pressure), may be collected and analyzed.
Further, an analysis can be performed to determine advanced
measures of the variability of continuous physiological sig-
nals. For example, a spectral analysis (also referred to as
power spectral analysis or auto spectral analysis) may be
performed on the ECG signals. Other physiological data that
may be collected includes measures of organ function, such
as serum glucose and the like, and their variability.

[0041] Spectral analysis of heart rate variability may be
used in determining a risk of mortality. In both adults and
children, spectral analysis of heart rate variability may be
used to quantify the dynamic, physiologic changes occurring
in a wide variety of critical illnesses, such as shock, severe
head trauma, post operative congenital heart disease, acute
myocardial, infarction, and diabetes. The concept is that
healthy biological systems are in a natural state of “chaos”
and when critical illness develops, this natural variability is
lost. Analysis of the low frequency and high frequency spec-
tral content of heart rate variability with calculation of a ratio
of these two areas may be used as a predictor of mortality in
children. Particularly, these measurements can be indicators
of sympathetic and parasympathetic neuromodulation of the
heart. Coupling these measurements into a multivariate pre-
dictor of mortality as disclosed herein may improve the pre-
dictive capability of continuous physiologic monitoring. As a
result, this predictive information may improve the outcome
of critically ill patients in ICU.

[0042] Another predictor of risk of mortality includes
power spectral analyses of arterial blood pressure. Blood
pressure modulates both stroke volume and heart rate through
the baroreflexes, which are modulated by respiration, reflect-
ing the integrity of the brain stem control of cardio-reflexes.
Variability analysis of continuously measured invasive arte-
rial blood pressure may be used for determining patient out-
come such as, for example, in relation to heart rate and res-
piratory variability. Trends of increasing power in low
frequency and very low frequency bands in both heart rate and
blood measurements may be used for predicting mortality or
instability in critically ill patients.

[0043] Other exemplary physiological data that may be
used in determining risk of mortality includes demographic
data and diagnosis related predictors of mortality. Examples
of demographic and diagnosis related predictors of mortality
include patient age and sex, any of various general diagnostic
groups, and pre-IDC risk factors. Other diagnostic group
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predictors include chromosomal abnormality, oncologic dis-
ease, acute diabetic complication, and nonoperative cardio-
vascular disease. Pre ICU risk factors include previous PICU
admission for current hospitalization, pre ICU cardiopulmo-
nary resuscitation, transfer from inpatient unit, and post
operative status (within 24 hours). Other predictors include
presence of cyanotic heart disease and presence of permanent
or temporary cardiac pacing.

[0044] Additional examples of physiological data that may
be used in determining risk of mortality include one or more
physiological measurements such as a temperature measure-
ment (e.g., continuous, periodic, and aperiodic), a heart rate
measurement, a blood pressure measurement, a central
venous pressure measurement, a pulsed oximetry measure-
ment, a carbon dioxide concentration measurement, a respi-
ratory rate measurement (e.g., respiratory plethysmograph,
pulse oximetry, and end tidal carbon dioxide concentrations),
an oxygen saturation measurement, and the like.

[0045] A variety of advanced organ specific monitoring
devices or sensors for use in the PICU can be streamed to a
bedside monitor and used as physiological data in systems
and methods in accordance with the subject matter disclosed
herein. Exemplary devices include: continuous cardiac out-
put measurements (e.g., PICCO devices, available from Pul-
sion Medical Systems AG, of Munich, Germany, or Swan-
Ganz catheter (available from Baxter Healthcare
Corporation, of Deerfield, I11.)); thoracic electrical bioimped-
ance continuous cardiac output (e.g., BIOZ® devices, avail-
able from Cardiodynamics International Corporation, of San
Diego, Calif., and TEBCO® devices, available from Hemo
Sapiens Inc., of Sedona, Ariz.); continuous in vivo arterial
blood gas analysis (e.g., pH, PCO2, PO2, HCO3, base excess,
and oxygen saturation analysis) (e.g., the VIA LVM monitor,
available from Metracor Technologies, Inc., of San Diego,
Calif.); continuous pulmonary mechanics and ventilator
parameters (e.g., the Servo I device, available from Siemens
AG, of Munich, Germany); continuous venous oxygen satu-
ration measurement (e.g., devices available from Baxter
Healthcare Corporation); continuous processed electroen-
cephalographic analysis (e.g., the A2000 Bispectral Index
monitoring system, Aspect Medical Systems Inc., of Natick,
Me.), and continuous intracranial pressure measurements
(CAMINO® ICP monitors, available from Camino Labora-
tories Inc., of San Diego, Calif.).

[0046] By use of one or more elements of physiological
data, a real time, continuously updated risk of mortality score
may be determined after analysis with a statistical model. The
risk of mortality results may be displayed to a medical prac-
titioner for use in patient treatment. Particularly, the results
may be useful in treating PICU patients:

Evaluation of a Patient for Risk of Mortality

[0047] According to one aspect, a system for evaluating a
patient in a PICU may be implemented as hardware, software,
and/or firmware components executing on or with one or
more modules of a patient monitoring system operable to
collect physiological data. FIG. 1 is a diagram illustrating an
exemplary patient monitoring system generally designated
100 for evaluating a patient in a PICU according to an
embodiment of the subject matter described herein. System
100 may be any suitable system for collecting and analyzing
physiological data. The physiological data may be in a digital
format or any other suitable format for analysis by a computer
system. System 100 may execute software suitable for col-
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lecting physiological data, storing the data, and analyzing the
data for continually determining a risk of mortality of the
patient.

[0048] System 100 may include a user interface 102 by
which a user inputs data and information is presented to the
user. For example, user interface 102 may include a keyboard
104 and a mouse 106 by which data and commands are input.
Further, user interface may include any suitable input device
such as akeypad, a touch screen interface or the like. The user
can input commands into user interface 102 to initiate and
manage collection of patient physiological data. User inter-
face 102 may also include a display 108 for displaying infor-
mation to the user. For example, display 108 may display
collected physiological data and a risk of mortality of a
patient. User interface 102 may also include one or more
alarm indicators, such as a speaker or displayable icon, for
indicating a predetermined level of the physiological data
and/or a risk of mortality of the patient.

[0049] Further, system 100 may include a computer 110
having a physiological data store 112 configured for storing,
at least temporarily, collected physiological data. Data store
112 may be a part of a memory of computer 110. The memory
may include any suitable type of data storage in the form of
devices, tapes, or disks. The memory may also include any
suitable type of physical memory, such as computer chips
capable of storing data. Physical memory can also include a
computer’s main memory or random-access memory (RAM),
read-only memory (ROM), programmable read-only
memory (PROM), erasable programmable read-only
memory (EPROM), and electrically erasable programmable
read-only memory (EEPROM). Computer 110 may include a
processor configured for executing instructions stored in the
memory and interfacing with user interface 102.

[0050] A data collector 114 may be hardware, software,
and/or firmware components configured to collect physi-
ological data associated with a patient upon admission to a
PICU and at least once after admission to the PICU in accor-
dance with the subject matter disclosed herein. The physi-
ological data may be collected from one or more medical
sensor units 116, each of which may be configured to sense or
measure one or more physiological parameters of a patient. In
response to sensing or measuring a physiological parameter,
sensor unit 116 may generate an electrical signal representa-
tive of a physiological parameter and communicate the elec-
trical signal to computer 110. The collected physiological
data may be received and conditioned by computer 110 and
stored in data store 112.

[0051] Additionally, the memory may store computer
executable instructions configured for implementing the sub-
ject matter described herein. The subject matter described
herein can be implemented as any suitable computer program
product comprising computer executable instructions
embodied in a computer readable medium. Exemplary com-
puter readable media suitable for implementing the subject
matter described herein include disk memory devices, chip
memory devices, application specific integrated circuits, pro-
grammable logic devices, and downloadable electrical sig-
nals. In addition, a computer program product that imple-
ments the subject matter described herein may be located on
a single device or computing platform. Alternatively, the sub-
ject matter described herein can be implemented on a com-
puter program product that is distributed across multiple
devices or computing platforms.

Mar. 4, 2010

[0052] A mortality risk function 118 may include computer
executable instructions for analyzing physiological data asso-
ciated with a patient with a statistical model and continually
determining a risk of mortality of the patient. Function 118
may receive collected physiological data from data store 112
and analyze the data with a statistical model as disclosed
herein: Based on the analysis, a risk of mortality of the patient
may be determined. For example, the risk of mortality may be
determined at admittance of the patient to PICU and continu-
ally following admittance. The risk may be updated post-
treatment so that the effects of the treatment on the risk of
mortality can be analyzed. The analysis may result in a mor-
tality risk score that may be displayed via display 108. A
medical practitioner may use the displayed risk of mortality
for evaluating the clinical status of the patient and tracking the
patient’s response to a wide range of interventions. The score
or other indicator of risk may be used for other purposes, such
as PICU staffing or bed assignment. For example, a patient
with a risk of mortality that exceeds a threshold may be
assigned additional staff for more frequent monitoring and/or
treatment.

[0053] FIG. 2 is a flow chart illustrating an exemplary pro-
cess for evaluating a patient in a PICU in accordance with an
embodiment of the subject matter described herein. This
exemplary process is described with reference to system 100
shown in FIG. 1. Referring to FIGS. 1 and 2, in block 200,
physiological data associated with a patient is collected. The
data may be collected upon admission of the patient to the
PICU and continuously or at one or more intervals after
admission to the PICU. Initial demographic and observa-
tional data may be collected when the patient is admitted.
Further, the demographic and observational data may be input
to computer 110 by user interface 102, file transfer, and any
other suitable technique. The physiological data may initially
be collected in raw form and later recoded into multiple
optimized derogatory indicators for use in assessing the
patient’s risk of mortality. The data may be stored in data store
112.

[0054] Continuous digital data streams carrying continu-
ous physiological signals may be written by data collector
114 to data store 112 in an SQL database structure. For
example, streams of physiological data may be received from
sensing units 116. The signals may be written at regular
intervals, such as every 8 seconds. The stored data may
include information detailing which patient the data is
streaming from, UTC time stamps, and individual physi-
ological data elements. SQL commands may be written to
copy this stored data to a research SQL database via a direct
network connection.

[0055] Inanexample of collecting physiological data, ECG
signals may be captured at bedside and streamed into a data
file of data store 112. For example, ECG signals may be
acquired in an analog format on an ULTRAVIEW® 1700
monitor (available from Spacelabs Healthcare, Inc., of
Issaquah, Wash.) and sampled at 896 Hz. The digitized signal
may be down sampled and stored at 224 Hz in an SQL
database with a UTC time stamp and patient ID number. An
anti-aliasing filter may be used for minimizing signal distor-
tion.

[0056] FIG. 3 is a graph illustrating an example of an ECG
signal with approximations of a fiducial point (R wave (tall
peak)) obtained by amonitoring system. An algorithn1 may be
applied to the signal for detecting the exact location of the
fiducial point from which the RR interval (i.e., time between
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R peaks), heart period, and heart rate time series are derived.
FIG. 4 is a graph illustrating an R wave of an ECG signal.
From generated vicinity marks, the exact R wave may be
detected. Further, the R—R interval may be measured to
generate a heart period time series for use in determining a
risk of mortality.

[0057] ECG signal data may be processed for identification
of peaks within the signal flow. For example, the signal data
may be processed by a suitable software package such as
MATLAB® software available from The MathWorks, Inc., of
Natick, Me. Spectral-dimensions may be calculated using a
voltage reading associated with a time stamp. A data file may
be created from the identified signal flow peaks and the cal-
culated spectral-dimensions. The data file follows a multi-
hierarchical structure. Sets of time domain variables and fre-
quency domain variables may be generated and uniquely
stored in data store 112. The time domain variables identify
the peak of each beat and its exact time. Frequency domain
variables use beats per minute units.

[0058] Time-domain based transformations may be gener-
ated by sizing the lag between contiguous heart peaks and
aggregating them into percents within tenth-of-a-second
groups. Streaming heart peak information may be lagged and
new transformed variables created by binning their time dif-
ferences. First and second derivatives may be calculated and
trended for indicating condition change. Using R-R interval
data, the following data may be calculated: standard deviation
ofthe consecutive normal sinus intervals (SDNN), root mean
square successive difference (RMSSD), number of NN inter-
vals with differences greater than 50 ms (NN50), the propor-
tion of NNS50 intervals divided by the total NN intervals
(pPNN50), pNNx series (where x=time>0 ms), NN range,
coefficient variation, and the minimum/maximum heart
period for each 128 beat minor time epoch.

[0059] The following software code provides an example
of sizing the lag between contiguous heart peaks and aggre-
gating them into percents within tenth-of-a-second groups.
The variable “nn_interval” represents the lag time between
continuous heart peaks. In the code, 12 new transformed
variables are created by binning their time differences.
nn_interval=rpeaktime_stamp-lagl(rpeaktime_stamp);

if nn_interval >0 and nn_interval <=0.05 then NN50=1;

if nn_interval >0.05 and nn_interval <=0.10 then NN100=1;
if nn_interval >0.10 and nn_interval <=0.20 then NN200=1;
if nn_interval >0.20 and nn_interval <=0.30 then NN300=1;
if nn_interval >0.30 and nn_interval <=0.40 then NN400=1;
if nn_interval >0.40 and nn_interval <=0.50 then NN500=1;
if nn_interval >0.50 and nn_interval <=0.60 then NN600=1;
if nn_interval >0.60 and nn_interval <=0.70 then NN700=1;
if nn_interval >0.70 and nn_interval <=0.80 then NN800=1;
if nn_interval >0.80 and nn_interval <=0.90 then NN900=1;
if nn_interval >0.90 and nn_interval <=1.0 then NN1000=1;
if nn_interval >1.0 and nn_interval <=3.0 then NN1000P=1;
[0060] Frequency-domain transformations may be gener-
ated by grouping bands of frequencies and by calculating
ratios and variance terms within the bands. The following
software code provides an example of grouping bands of
frequencies and by calculating ratios and variance terms
within the bands. The variable “frequency” represents heart
rate frequency, the variable “1-ULF” represents ultra low
frequency, the variable “2-VLEF” represents very low fre-
quency, the variable “2-LF” represents low frequency, and the
variable “4-HP” represents high frequency. Other suitable
non-linear transformations may be used.
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freq_type=";

if frequency >=0 and frequency <=0.003 then freq_type=°1-
ULF’,

if frequency >=0.0031 and frequency <=0.040000 then freq_
type="2-VLF’;

if frequency >=0.040001 and frequency <=0.150 then freq_
type=3-LF’;

if frequency >=0.150001 then freq_type="4-HF’;

if freq_type=" then delete;

constant=(1/(128*2));

if frequency=1 then
heart_rate_spectra_inter=(((heart_rate_spectra_inter)*2)+
constant);

if frequency >0 then
heart_rate_spectra_inter=(((heart_rate_spectra_inter)*2)+
(constant*2)); run;

As shown in this code, two calculated variables, “frequency”
and “heart_rate_spectra_inter,” may be grouped into four fre-
quency bands. In particular, frequency may be grouped into
one of 1-ULF, 2-VLF, 3-LF, and 4-HF. Another variable can
include low frequency divided by high frequency (LF/HF).
Typical values for the LF/HF power ratio are greater than 1 for
normal resting state and may increase to much larger values
when sympathetic activity increases (e.g., during standing or
exercise). A lowered ratio of LF activity to HF activity is
typically associated with critical illness.

[0061] Heartrate time series may be interpolated to achieve
a uniform sampling interval. FIG. 5 is a graph illustrating an
example of sample interpolations of heart rate data points.
The interpolated heart rate data set is normalized to mean zero
and variation from the mean, such that direct comparison of
variation of heart rate, irrespective of mean heart rate, may be
made between patients, as well as within a patient over time.
[0062] An amplitude spectrum may be generated using the
fast Fourier transform (FFT) to display the spectral bands
which characterize autonomic activity and other physiologi-
cal mechanisms involved in heart rate control. The amplitude
spectrum may be used for determining a risk of mortality in
accordance with the subject matter disclosed herein. FIG. 6 is
a graph illustrating an example of heart rate FFT magnitude
spectrum averaged from 12 individual 128 beat segments.
The power spectrum derived from the amplitude spectra may
be used to determine frequency band specific variance of the
heart rate time series for statistical tests of significance for
equal variance of a specific band. Sequential records of power
spectra may be generated once every 128 beats (approxi-
mately every 1-2 minutes in children). From each spectrum,
frequency bands may be integrated to generate a parameter
for each band proportional to the variance in the time-domain
data which contributes to the band. The frequency bands
include ultra low frequency (ULF) of about 0 to 0.003 Hz,
very low frequency (VLF) of about 0.003 to 0.04 Hz, low
frequency (LF) of about 0.04 to 0.15 Hz, and high frequency
(HF) of greater than about 0.15 Hz. The generated data is
available for further ratio analysis, which have been shown to
be sensitive to changes in the underlying processes governing
heart rate (e.g., level of sympathetic and parasympathetic
activity).

[0063] The sequential spectrograms may be presented pro-
gressively with time such that power versus frequency as a
function of time is visualized. Power ratios may also be pro-
cessed as a time function. The results of the data processing
may be formatted in an open database connectivity (ODBC)
compliant database for data storage and subsequent integra-
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tion with the statistical and neural network software. The
output data includes a universal time code (UTC) time tag,
frequency and power level values. Test signals with known
spectral content may be used to validate the signal processing
techniques used in heart rate variability analyses.

[0064] Statistical analyses in the time domain and/or the
frequency domain may be applied to any physiological signal
that is acquired in a time-continuous manner. Any one or
more of such physiological signals can be analyzed in a
similar manner described above with respect to ECG signals
for use in application to a statistical model for predicting a
risk of mortality.

[0065] Systemic blood arterial pressure (SAP) is an
example of a time-continuous physiological signal. SAP is
predominantly regulated through the carotid arch and carotid
sinus baroreceptor reflexes with efferent influence on the
sinus and atrioventricular nodes via the cardiac nerves. This
reflex control mechanism has a time constant of approxi-
mately 10 seconds with a frequency band of interest in the
region of 0.1 Hz. SAP variability may be determined from a
time series of peak pressure points in the invasive blood
pressure waveform. Dynamic SAP may be associated with
heart rate variability (HRV) at the LF band, the HF band,
and/or the VLF band. The pressure variability time series
(PV) may be generated as the inverse of peak pressure period.
As with the HRV series, the PV may be normalized by mean
rate and the deviation from the mean to generate the normal-
ized PV time series for spectral analysis. Cross spectral analy-
sis between HRV and PV may be performed in the vicinity of
the LF, the VLF, and/or the HF bands to uncover activity
between these two interacting signals.

[0066] Another example of a time-continuous physiologi-
cal signal that may be used in determining a PICU patients
risk of mortality is respiratory rate. A consistent marker in the
respiratory cycle (onset of respiration) may be detected in a
set of patients with the end tidal CO, monitor and from the
respiratory plethysmograph. The respiratory period may be
converted to respiratory rate, interpolated to a constant
sample interval, normalized and respiratory rate variability
analyzed. Cross spectral analysis of the respiratory spectrum
with the heart rate spectrum is highly correlated (high coher-
ence) at the respiratory frequency (0.2 to 0.3 Hz in adults) in
healthy patients. A fall in cross spectral power or a diminished
coherence between these spectra may indicate a progression
of disease state, thus it may be used as a predictor of a risk of
mortality. The cross spectral band of interest may be estab-
lished from the mean respiratory rate and variance in chil-
dren.

[0067] Laboratory tests may be administered and the
results may be entered into system 100 for use in determining
a risk of mortality. Exemplary laboratory tests include the
following: cardiac such as oscillometric blood pressure and
lactate level (hourly systolic and diastolic); respiratory such
as arterial blood gas determination (pH, PCO,, PO,, HCO,,
and calculated O, saturation) and fractional inspired oxygen
concentration (hourly); neurologic such as Glasgow coma
score (hourly) and papillary reactions (equal and/or reactive)
(hourly); fluid, electrolytes, and renal function such as levels
of sodium, potassium, glucose, urea nitrogen, creatinine con-
centrations, ionized calcium, whole blood glucose measure-
ments (Dextrostick), and urine output (hourly); hematologic
such as hemoglobin, platelet count, prothrombin time INR,
partial thromboplastin time, and D-dimers; hepatic such as
bilirubin (total, direct, and indirect), transaminases (AST and
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ALT), albumin, and total protein); and immunologic such as
temperature (hourly if not captured continuously), white cell
count (total) absolute neutrophil count, absolute lymphocyte
count, and ¢ reactive protein.

[0068] In one experiment, laboratory tests were adminis-
tered to 10 patients. Table 1 below shows results of tests that
were obtained at different intervals.

TABLE 1

Laboratory Test Results

Short Name Frequency Percentage
ALT 61 0.7382
APTT 128 1.5491
AST 62 0.7503
Albumin 52 0.6293
BUN 184 2.2268
BaseBal 493 5.9664
Bicarb 433 5.2402
Bili-total 74 0.8956
Bili-unconj 6 0.0726
Bili-conj 8 0.0968
CRP 6 0.0726
Calcium 496 6.0027
Creatine Kinase 6 0.0726
Creatinine 201 2.4325
D Dimers 6 0.0726
Glucose 666 8.0600
HCT 243 2.9408
HGB 612 7.4065
INR 121 1.4644
Lactate 452 5.4702
Lymphabs 66 0.7987
O28at 431 5.2160
PCO2 489 59179
PCO2-ven 10 0.1210
PH 489 59179
PH-ven 10 0.1210
PO2 488 5.9058
PO2-ven 10 0.1210
PT 98 1.1860
Platelet 199 2.4083
Potassium 675 8.1689
Sodium 702 8.4957
Tprotein 9 0.1089
Troponin 11 0.1331
WBC 199 2.4083
neutroabs 67 0.8108
8263 100.0000

Each test was processed using Quantitative Target Modeling
System (QTMS) (available from SAS Institute Inc., of Cary,
N.C.), which binned the total distribution into deciles identi-
fying “significant intervals” within each variable which dem-
onstrates higher than or lower than mortality rates when com-
pared to the total. Once accomplished, selecting indexes
greater than 120 resulted in Table 2 below.

TABLE 2

Mortality Index

Obs Title Interval Mortality
1 ALT 34-47 130
2 ALT 142-365 130
3 APTT 39.5-41.9 125
4 APTT 42.2-45.1 125
5 AST 167-347 129
6 AST 835-1841 129
7 ALBUMIN 1.5-1.6 141



US 2010/0057490 A1 Mar. 4, 2010

7
TABLE 2-continued TABLE 2-continued
Mortality Index Mortality Index

Obs Title Interval Mortality Obs Title Interval Mortality

8 ALBUMIN 3.1-3.4 141 80 HCT 41.2-45.6 126

9 BUN 78-107 188 81 CREATINE 0.4 136
10 BILL_TOT 4.6-8.5 130 82 HCT 38.2-41 122
11 BILL_TOT 37.8-40 130 83 LYMPHABS 1.7-2.1 143
12 BILL_TOT 40.5-42.6 130 84 NEUTROAB 10.8-11.4 141
13 BILL_TOT 43.5-47.9 130 85 NEUTROAB 11.6-13.6 141
14 BILL_UN 1.2 200 86 BUN 49-73 122
15 BILL_UN 11.3 200 87 LYMPHABS 1.4-1.6 125
16 BILL_CON 0.7 200 88 TROPONIN 0.063-0.088 275
17 BILL_CON 0.9 200

18 CALCIUM 5.53-16.23 147
;g gggﬁgg 18‘3” }28 Table 3 below shows 95 intervals that assist in excluding a
i CREATRIN 13 150 predicted fatal outcome.
22 CREATKIN 2416 150
23 CREATINE 1.4-2.4 183 TABLE 3
24 CREATINE 2.7-3.8 183
25 DDIMER . 600 Mortality Predictors
26 HCT 46-52.8 166
27 INR 2-2.2 122 Obs Title Interval Mortality
28 INR 2.3-3.6 122
29 LACTATE 7.4-12.4 147 1 INR 1.4 79
30 LACTATE 12.5-23 147 2 INR 1.5-1.6 77
31 LYMPHABS 75 200 3 PT 16-16.8 77
32 PT 8.7-10.5 129 4 PT 18.5-19.9 77
33 PT 29-51.5 129 5 BILL_TOT 0.3-0.9 74
34 PLATELET 18-60 154 6 APTT 25.1-28.6 68
35 PLATELET 61-75 154 7 APTT 29.4-34.5 68
36 PLATELET 76-89 154 8 LACTATE 1.6-1.9 78
37 PLATELET 90-107 154 9 BASEBAL 7.9-14.2 78
38 PLATELET 108-131 154 10 SODIUM 1.6-1.9 80
39 SODIUM 150-157 153 11 PO2 137-138 76
40 SODIUM 158-165 153 12 AST 42-56 65
41 TPROTEIN 4.4 225 13 ALBUMIN 2.6-2.7 70
42 TPROTEIN 7.9 225 14 ALBUMIN 3.8 70
43 TPROTEIN 8.1 225 15 BASEBAL -2 75
44 TPROTEIN 0.029 550 16 CALCIUM 4.58-4.75 73
45 O2SAT 76.3-84.9 148 17 O2SAT 97.6-98.2 74
46 HGB 15.2-19.2 148 18 HCT 18.4-28.4 80
47 PO2 42-48 144 19 HGB 10-10.5 71
48 LACTATE 4.4-73 141 20 GLUCOSE 111-119 73
49 PLATELET 133-165 147 21 HGB 9.4-9.9 70
50 PO2 16-36 141 2 PO2 109-127 69
51 BASEBAL -11.1 140 23 LACTATE 1-1.2 67
52 BASEBAL -3 140 24 BASEBAL 5.3-7.8 67
53 BICARB 10.5-17.5 149 25 BICARB 24.2-25.5 72
54 PH 6.91-7.25 137 26 PH 7.41-7.43 66
55 SODIUM 144-149 140 27 ALBUMIN 2.2.-2.5 60
56 BICARB 17.7-20.2 146 28 CREATINE 0.7-0.9 78
57 HCT . 150 29 HGB 10.6-11.3 65
58 HGB 13.7-15.1 135 30 CALCIUM 4.34-4.57 63
59 O2SAT 37.4-68.8 134 31 O2SAT 98.8-99.2 62
60 LYMPHABS 3.2-6.1 175 32 SODIUM 121-134 63
61 BUN 33-48 161 33 BICARB 26.9-29.1 66
62 PO2 37-41 128 34 BUN 19-30 75
63 NEUTROAB 8.7-10.3 169 35 BICARB 29.2-32.1 61
64 PH 7.33-7.34 126 36 SODIUM 139-140 56
65 CALCIUM 5.25-5.51 125 37 O2SAT 94.4-97.5 55
66 WBC 21.7-31.8 131 38 HCT 30.6-32 58
67 PH 7.26-7.32 126 39 HCT 32.1-34.2 58
68 BICARB 20.3-21.3 134 40 LACTATE 0.3-0.9 51
69 02SAT 68.9-76.1 127 41 ALT 24-32 43
70 BASEBAL -1.4 124 4 AST 18-41 43
71 CREATINE 1-1.1 151 43 BILL_TOT 1-1.4 43
72 CALCIUM . 120 44 NEUTROAB 4.6-5.7 66
73 WBC 11.6-12.3 126 45 NEUTROAB 5.9-6.7 66
74 O2SAT 99.8-100 123 46 WBC 2.8-6.9 49
75 CREATINE 1.2-1.3 148 47 PLATELET 167-212 46
76 PCO2 20-34 121 48 BUN 10-Aug 55
77 WBC 17.1-20.9 123 49 NEUTROAB 1.8-4.5 56
78 HGB 6.2-8.6 121 50 NEUTROAB 7.1-74 56

79 GLUCOSE 83-91 121 51 CREATINE 0.5 48
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TABLE 3-continued

Mortality Predictors

Obs Title Interval Mortality
52 BUN . 47
53 SODIUM . 38
54 PO2 68-89 36
55 LYMPHABS 1-1.3 44
56 GLUCOSE . 31
57 HCT 28.5-30.5 29
58 BUN 5-Feb 28
59 PLATELET 216-316 23
60 CREATINE 0.6 20
61 LYMPHABS 318-441 20
62 CREATINE . 14
63 PLATELET 318-441 8
64 BILL_UN 12.8 0
65 BILL_UN 13.7 0
66 BILL_CON 0.1 0
67 BILL_CON 0.2 0
68 CRP .

69 CRP 1.4

70 CRP 6.3

71 CRP 14.7

72 CRP 15.5

73 CREATKIN 49 0
74 CREATKIN 53 0
75 DDIMER 375 0
76 DDIMER 445 0
77 DDIMER 471 0
78 DDIMER 1565 0
79 DDIMER 1718 0
80 PCO2_VEN 51 0
81 PH_VEN 7.31 0
82 PO2_VEN 43 0
83 PLATELET 447-913 0
84 TPROTEIN . 0
85 TPROTEIN 5.1 0
86 TPROTEIN 6.1 0
87 TPROTEIN 7.7 0
88 TPROPONIN . 0
89 TPROPONIN 0.033 0
90 TPROPONIN 0.035 0
91 TPROPONIN 0.036 0
92 TPROPONIN 0.045 0
93 TPROPONIN 0.05 0
94 TPROPONIN 0.056 0
95 TPROPONIN 0.058 0

The exemplary mortality index and predictors shown in
Tables 2 and 3 above may be utilized in a statistical model for
determining a risk of mortality of a patient in accordance with
the subject matter disclosed herein. The mortality column in
the tables provides a weight associated with the correspond-
ing row. The weight assigns the level at which the associated
physiological variable impacts the risk of mortality of the
patient.

[0069] Patient chart data may be used in the statistical
model described herein for determining the risk of mortality
ofa patient. Upon admittance, one or more raw variables may
be collected from chart data. For example, FIG. 7 is a chart
illustrating 22 significant intervals obtained from 11 raw vari-
ables in accordance with an embodiment of the subject matter
disclosed herein. These candidate intervals may be recorded
as new binary variables labeled with an appropriate range that
identifies it as a significant interval. Next, this list may be
“orthogonalized” using an anchored factor analysis. The
results are shown in the chart illustrated in FIG. 8. The result
includes 13 factors explaining 83% of the variance. These
factors were analyzed for identifying the factors according to
their ability to differentiate between dead and live patients.

Mar. 4, 2010

FIG. 9 is a graphical representation showing the ability of the
factors as a standardized difference betweenY and N outcome
groups. This data may be used in a statistical model for
determining a risk of mortality of a patient.

[0070] Physiological data may be collected at different
rates. For example, ECG data may be collected at millisecond
intervals and processed into time domain information at sub-
second intervals. Frequency domain information may be col-
lected in increments that vary about 128 beats and then inter-
polated into strict 128 beats that vary along an approximate
one minute interval. Laboratory and chart information may be
collected repeatedly as requested. Demographic information
may be collected once at admittance, A common time frame
is required to join this information. The information may be
taken and different time intervals and re-aggregated into strict
fixed time intervals. In one example, a two minute time frame
may be used, although any other suitable time frame may be
used.

[0071] Once all data is re-aggregated into two minute incre-
ments, first and second derivatives may be calculated and
monitored for trending and changes. After each of the result-
ant files are calibrated into two minute packages of equal
intervals, the files may be merged to identify common collec-
tion time frames across all information. Trending and change
information may be used in a statistical model for determin-
ing a risk of mortality of the patient.

[0072] Referring to FIGS. 1 and 2, at block 202, the physi-
ological data is analyzed with a statistical model and a risk of
mortality continually determined. A statistical model may
include a scoring algorithm containing a checklist of known
derogatory indicators. The derogatory indicators may be con-
stantly updated and fed into computer 110. In one example,
the data may be sourced from a real-time stream of informa-
tion coming from an ECG monitor. Every 128 beats may
produce a set of frequency data. The data is aggregated into
intervals along with the time difference percentages flowing
out from the time domain sourced data. The packets may then
be scored and a predicted segment-outcome calculated. The
predicted outcome may be accumulated over the first four
hours of admittance. Based upon the dominance of the pre-
dicted outcome, a clinical classification may be made. The
classification may be monitored for changes over time. The
risk of mortality may be represented by a risk of mortality
score, which is continually updated for real-time monitoring
of'the risk of mortality. In one example of presenting data, the
risk of mortality and physiological data may each be classi-
fied by color, where green represents a normal condition,
yellow represents an unstable condition, and red represents a
not normal condition.

[0073] Inoneexample of model building, the SAS® Enter-
prise Miner™ 5.1 and Quantitative Target Modeling System
(QTMYS) (available from SAS Institute Inc.) may be used for
statistical model building. In this example, the following dif-
ferent classes of input variables are used: real time continuous
physiological signals, advanced measures of heart rate vari-
ability, physiological based indices of organ function and
their variability, demographic and diagnosis related predic-
tors of mortality. These variables may be transformed and
composite variables generated. The variables may be scanned
and summarized via a multivariate algorithm of QTMS for
calculating a variety of statistics for each variable including
lift from base, t-tests, chi-square analysis, indices, missing
data, and confidence intervals. Significant intervals within
each variable are selected depending on a specified lift from
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base criteria. Binary recoding of individual intervals found
within each predictor can then be performed.

[0074] A statistical model may be developed by examining
the covariation of all variables in response to a primary out-
come (e.g., death versus survival). After each variable is
scanned, a summary sheet is produced that rank orders all
high/low intervals. These variables are factor analyzed to
organize a selection of orthogonal explanation variables and
then rank ordered according to their ability to differentiate
between the target definitions. This process investigates a
large pool of potential independent variables, identifies sig-
nificant intervals within each variable distribution, reduces
the pool into orthogonal factors, introduces pre-screened
variables into a multivariate scoring technique, and calculates
the performance of the model on both the estimation sample
and hold out validation samples. Exemplary statistical mod-
els include a linear regression model, an autoneural network
model, a logistic regression model, a DMneural model, a
decision tree model, a neural network model, a minimum
Bayes-risk (MBR) model, and a rule induction model.
[0075] At block 204, the risk of mortality may be presented
via user interface 102. For example, the risk of mortality may
be a value displayed as a number or graphically on display
108. Further, the physiological data such as the variables used
for determining the risk of mortality may be presented via
user interface 102. Variables may be displayed as being
within a normal range (adjusting for age, sex, and diagnosis)
or derogatory. A time series analysis of each variable, includ-
ing the first and second derivative of the variable may be
presented. Drill downs may also be presented by user selec-
tion.

Experimentation

[0076] In one experiment, a sample of twenty-eight pedi-
atric patients, matched on age, sex, and diagnosis, from a
PICU was selected as an analytic set for providing proof of
concept principles of the subject matter disclosed herein. The
experiment differentiated between children who die (14 of the
patients) from those matched survivors (14 of the patients)
using the following four classes of variables: real time con-
tinuous physiological signals (i.e., heart rate); advanced mea-
sures of variability of the physiological signals (i.e., spectral
analysis); physiological based measures of organ function
(i.e., serum glucose) and their variability; and demographic
(i.e., age) and diagnosis related (i.e., post operative status)
predictors of pediatric mortality. Since this experiment is a
case control analysis, the mortality rate from this sample is
50%.

[0077] Streaming ECG data was captured at 224 data points
per second tagged with a UTC millisecond time stamp pro-
vided by an ICU monitoring system. The R peaks of the ECG
signal were estimated by an analog process and improved
upon by an algorithm which identified and corrected errors
and artifacts using a running average techmque. FIGS. 10A
and 10B are graphs illustrating an unfiltered ECG signals
with an R peak estimation.

[0078] With an accurate fiducial point, the RR interval was
measured in order to create time-domain variables. For the
frequency domain metrics of the heart rate variability, suffi-
cient frequency resolution was required while maintaining a
time segment which was clinically relevant and in near real
time. A 128 point fast Fourier transformation was chosen as
the standard. Sixty-four (64) estimated points were provided
over the positive frequency range and a data time segment less
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than 2 minutes long for the ranges of heart rates commonly
found in children. Since the heart rate data was normalized,
the mean is zero, and the sum of the power in the frequency
bands is directly proportional to the variance. Therefore,
ratios of power between bands (i.e., low/high frequency) are
equal to variance ratios. The units of power are beats per
minute (bpm)*/bpm? (unit less) as opposed to ms>, because of
the use of the normalized heart rate data and not the heart beat
period time series. The value for power reported within each
frequency band varies but the ratios of interest were not
affected. FIGS. 11 A and 11B are graphs illustrating heart rate
spectral curves for a surviving child and a child who died,
respectively.

[0079] Physiological based measures of organ function
were defined by a battery of laboratory tests collected during
the patients’ PICU stay and a series of clinical signs and
parameters (i.e., infusion of epinephrine) recorded by bedside
PICU nurses. These tests were collected based upon clinical
need which varied by patient and varied over time within each
patient. A series of derogatory biomarkers were created to
address the inclusion of this information with a reasonable
patient-to-variable ratio and to manage an inter-correlation
between tests. Only tests having identifiable segments with a
high index for predicting mortality were included. This objec-
tive was achieved using a single factor scan procedure. FIG.
12 is a chart profiling derogatory segments within variable
(base excess) with a single factor scan. The chart demon-
strates that for patients with a base excess value of -4.4 to
-6.4, there is an increase in mortality by 32% (response
index=132). FIG. 13 is a chart profiling extreme derogatory
ranges within a battery of laboratory tests. FIG. 14 is a chart
illustrating an example of intermittent physiologic param-
eters and clinical signs. Further, FIG. 15 includes charts pro-
filing examples of intermittent physiologic parameters and
clinical signs evaluated through QTMS with selected best
results.

[0080] This experiment was an accumulation of multiple
variables collected continuously, intermittently, or only once
during a PICU stay. Thus, units of time for each class of
variables were different. To link the 4 classes of variables, a
common time frame of two minutes was utilized. The time
series was combined with different frequencies using various
interpolative methods. FIGS. 16A and 16B are graphs illus-
trating exemplary intermittent original data and interpolated
data in 2 minute increments, respectively.

[0081] The first four hours of data from the 28 matched
patients were partitioned out for analyses and outcome (i.e.,
dying patients versus surviving patients) recorded. This
resulted in an analytic data set of 3360 records (1680 survive
packets and 1680 died packets). Each patient thus produced
120 records for the first four hours at two minute intervals. A
common time hierarchy file was analyzed using SAS® Enter-
prise Miner™ 5.1, which implemented 8 different modeling
techniques using 80% of the PICU admission data packets.
The different modeling techniques included a linear regres-
sion model, an autoneural network model, a logistic regres-
sion model, a DMneural model, a decision tree model, a
neural network model, a minimum Bayes-risk (MBR) model,
and a rule induction model. A random 20% hold out sample of
packets were used to test a PICU admission model. In this
experiment, the rule induction model most successfully clas-
sified patients who later survived or died based on the initial
four hours of data after PICU admission.
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[0082] Five clusters from the rule induction model that
resulted in a risk of mortality score (between 0 and 100) were
based on the segments of variables shown in Table 4 below.

TABLE 4

Mar. 4, 2010

negative rate=1.56%). Similar results were found in the
admission dataset, where sensitivity is 97.03% with a speci-
ficity of 98.21%.

TABLE 6

Individual Variable Segments Used in the Rule Induction Model

Cluster 1 Cluster 2 Cluster 3 Cluster4  Cluster 5
O2Sat Art PpNN400 Tonized EPI pNN600
Calcium
Sodium PpNN500 PO2 <=57
Base Balance 2nd O28at
Derivative Art <=85.6
NN__Interval
PCO2 Tonized PNN400
Calcium
PO2 O28Sat (Art)
Bicarbonate Sodium
Base Bal-
ance <=-4.4

Bicarbonate <=20.4
Tonized Calcium

Table 5 below shows the success of the model in relating the
risk of mortality score (ranging between 0 and 100) to indi-
vidual and cumulative mortality in training and validation
PICU admission datasets.

TABLE 5

Risk of Mortality Score Associated with Mortality
for Training and Validation Datasets

Training Validation

Risk of Cumu- Risk of Cumu-

Mortality Percent lative Mortality ~ Percent lative
Score Mortality Mortality Score Mortality ~ Mortality
5 100.0000  100.0000 5 100.0000  100.0000
10 100.0000  100.0000 10 100.0000  100.0000
15 100.0000  100.0000 15 100.0000  100.0000
20 100.0000  100.0000 20 100.0000  100.0000
25 100.0000  100.0000 25 100.0000  100.0000
30 100.0000  100.0000 30 100.0000  100.0000
35 100.0000  100.0000 35 100.0000  100.0000
40 98.5870 99.8230 40 96.4340 99.5540
45 97.9620 99.6170 45 96.1540 99.1760
50 87.7480 98.4300 50 80.7100 97.3300
55 6.2110 90.0460 55 14.7060 89.8190
60 6.2110 83.0600 60 13.4820 83.4570
65 2.7900  76.8850 65 0.0000  77.0370
70 0.1180  71.4020 70 0.0000  71.5350
75 0.0000  66.6420 75 0.0000  62.5930
30 0.0000  62.4770 80 0.0000  62.5930
85 0.0000  58.8020 85 0.0000 589110
90 0.0000  52.6120 90 0.0000  55.6380
95 0.0000  52.6120 95 0.0000  52.7100
100 0.0000  49.9810 100 0.0000  50.0740

The table shows that for risk of mortality scores between 0
and 35, 100% of the patients die. For risk of mortality scores
between 75 and 100, no patients die.

[0083] The predictive capabilities of the rule induction
model are demonstrated in Tables 6 and 7 below, where the
sensitivity of the model is 98.44% with a specificity of
98.88% in the training and validation datasets. In the training
dataset, in 2687 two minute packets which were obtained in
the first four hours after PICU admission, less than 3% were
classified incorrectly (false positive rate=1.12% and false

Training Dataset
Actual Patient Outcome

Survivor Died Total
Predicted to Survive 1329 21 1350
Predicted to Die 15 1322 1337
Total 1344 1343 2687
TABLE 7
Validation Dataset
Actual Patient Qutcome
Survivor Died Total
Predicted to Survive 330 10 340
Predicted to Die 6 327 333
Total 336 337 673
[0084] Data obtained during the entire PICU length of stay

(LOS) in the 28 patients has been analyzed. This data repre-
sents about 57,000 risk of mortality scores ranging from 0.29
to 12.73 days with a cumulative length of stay of 79.41 days
for all patients. The predictive capabilities of the rule induc-
tion model are demonstrated in Table 8 below, where the
model’s sensitivity is 82.92% with a specificity of 71.32%.

TABLE 8

Classification for Total PICU LOS
Actual Patient Outcome

Survivor Died Total
Predicted to Survive 17,248 5,636 22,884
Predicted to Die 6,936 27,354 34,290
Total 24,184 32,990 57,174

Six of the 14 survivors had 100% of the risk of mortality
scores correct during the entire PICU LOS, while an addi-
tional 3 had greater than 80% correct risk of mortality pre-
dictions for this entire time period. Four of the 14 patient
deaths had 100% of the risk of mortality scores correct during
the entire PICU LOS, while an additional 6 had greater than
80% correct risk of mortality predictions for this entire time
period. The incorrect predictions were either an error or a
change in the physiological state of the patient such that
during the specific two minute period, ultimate survivors
appeared to be dying or ultimate deaths appeared to be
improving.

[0085] Further, the data obtained during the final 4 hours in
the PICU was analyzed in the 28 matched patients. The pre-
dictive capabilities of the rule induction model are demon-
strated in Table 9 below.
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TABLE 9

Classification for End of PICU Stay
Actual Patient Qutcome

Survivor Died Total
Predicted to Survive 1174 222 1396
Predicted to Die 506 1458 1964
Total 1680 1680 3360

Three of the 14 survivors had 100% of the risk of mortality
scores correct during the final 4 hours, while an additional 5
had greater than 80% correct risk of mortality predictions for
this time period. Seven of the 14 patient deaths had 100% of
the risk of mortality scores correct during the final 4 hours,
while an additional 4 had greater than 80% correct risk of
mortality predictions from this time period.

[0086] An additional 16 survivors were analyzed during
their entire PICU LOS. This data represents about 25,000 risk
of mortality scores with LOS ranging from 0.23 to 6.36 days
with 35.4 total patient days. The predictive capabilities of the
rule induction model are demonstrated in Table 10 below.

TABLE 10

Classification for 16 Survivors During PICU LOS
Actual Patient Outcome

Survivor Died Total
Predicted to Survive 20,080 0 20,080
Predicted to Die 5,411 0 5411
Total 25,491 0 25,491

Two of the 16 survivors had 100% of the risk of mortality
scores correct during the entire PICU LOS, while an addi-
tional 9 had greater than 80% correct risk of mortality pre-
dictions for this entire time period.

[0087] Software available from Cognos Incorporated, of
Ottawa, Canada, was used for displayed the overall risk of
mortality score and a color code of the score in 3 levels of risk
of mortality. The color code includes red representing high
risk, yellow representing medium risk, and green represent-
ing low risk. The individual variable were organized into 7
categories based on organ system with a drill down feature
such that the individual variables contributing to the level of
risk may be viewed in real time with updates every 2 minutes.
FIG. 17 is a screen display illustrating an example of several
cardiac variables (x-axis) for alive and dead patients (y-axis).

Selecting Physiological Variables

[0088] Evaluation of a patient may be improved by diver-
sifying and expanding the physiological variables used in
predicting a risk of mortality. According to an aspect of the
subject matter disclosed herein, physiological variables with
respect to risk of mortality may be selected for use in evalu-
ating a risk of mortality of a patient in a PICU. A weight may
be assigned to the physiological variable for use with a sta-
tistical model for determining a risk of mortality of the
patient.

[0089] FIG. 18 is a flow chart illustrating an exemplary
process for selecting a physiological variable for use in evalu-
ating risk of mortality of a patient in a PICU according to an
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embodiment of the subject matter described herein. This
exemplary process is described with reference to system 100
shown in FIG. 1. Referring to FIGS. 1 and 18, survival out-
come data and multivariate physiological data associated
with a patient in a PICU are received (block 1800). Survival
outcome data may include data indicating whether one or
more PICU patients survived or died while in the PICU.
Multivariate physiological data may include the one or more
patient’s PICU heart rate data, blood pressure data, tempera-
ture, and/or any of the other types of physiological data dis-
closed herein. Data collector 114 may be configured to
receive the survival outcome data and multivariate physi-
ological data.

[0090] At block 1802, the survival outcome data and the
multivariate physiological data are analyzed with a statistical
model to identify a physiological variable affecting risk of
mortality of the patient. For example, a rule induction model
or any other suitable statistical model may be applied to the
survival outcome data and the multivariate physiological data
for identifying a physiological variable affecting the risk of
mortality. One or more of the multivariate physiological data
and/or trends of the physiological data may be determined to
affect the risk of mortality. Mortality risk function 118 may be
configured to analyze the data with the statistical model to
identify a physiological variable affecting risk of mortality of
the patient.

[0091] At block 1804, a weight may be assigned to the
physiological variable for use with the statistical model for
determining a risk of mortality of the patient. For example,
heart rate variation in a particular range may be highly pre-
dictive of the risk of mortality of the patient. In this case, heart
rate variation in the range may be assigned a large weight in
the statistical model. Additional variables may be determined
to affect the risk of mortality. Weights may be assigned to
these variables based on their affect on the risk of mortality.
Other variables may be assigned a weight of 0 if they do not
affect the risk of mortality. Mortality risk function 118 may be
configured to assign the physiological variable for use with
the statistical model for determining a risk of mortality of the
patient.

[0092] The SAS® Enterprise Miner™ 5.1 software may be
used to calculate several multivariate models. A rule induc-
tion method may provide good replicated ROC using a 20%
hold out sample. The rule induction method uses a neural
clustering, which creates clusters based upon an orthogonal
set of variables used to define each of them.

[0093] An example of 8 cluster sizes are presented in the
chart illustrated in FIG. 19. Each segment value is uniquely
defined. The percentages shown in the chart correspond to the
sizes of the segment values. Approximately 96% of all data
may be categorized into the 8 clusters.

[0094] FIG. 20 includes bar graphs of a profile report for
each cluster (in descending order of size). The data of FIG. 20
is associated with the data shown in FIG. 19. The profile
report details the different set of variables used to define itself
as a cluster.

[0095] FIGS. 21A-21H are graphs and charts detailing the
ability of each cluster to differentiate between living and
dead. The data of FIGS. 21A-21H is associated with the data
shown in FIGS. 19 and 20. Referring to FIGS. 21A-21H, each
graphic details the distributional characteristics between each
cluster and the total sample. The inner circle in the pie charts
represent the total sample, and the portions surrounding the
inner circle represents the cluster characteristics for the pie
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charts. The outlined portion of the bar charts (represented by
“red”) represents the total sample. Segment “Other,” which
does not have a graphic shown in FIGS. 21A-21H, has a count
96 and a percentage of 3.57.

[0096] FIG. 22 includes graphs of receiver operator curves
for the rule induction model. Software code of a report sum-
mary detailing each cluster is provided below.

1

2

3

4

5

6

7

8

9
10 Variable Summary
11
12 ROLE LEVEL COUNT
13
14 ASSESS NOMINAL 1
15 CLASSIFICATION NOMINAL 2
16 INPUT BINARY 10
17 INPUT INTERVAL 9
18 PREDICT INTERVAL 4
19 REJECTED INTERVAL 1
20  SEGMENT INTERVAL 1
21  TARGET BINARY 1
22 TEXT NOMINAL 1
23
24 Frequencies NOMINAL 1
25
26 Percent of
27  Segment Segment  Frequency Total
28  Variable Value Count Frequency
29
30 NODE 15 866 32.2293
31 NODE 3 537 19.9851
32 NODE 4 309 11.4998
33 NODE 13 277 10.3089
34 NODE 35 183 6.8106
35 NODE 38 177 6.5873
36 NODE 5 159 59174
37 NODE 25 83 3.0889
38 NODE 25 96 3.5728
39

40  Variable: NODE Segment: 15 Count: 866
41  Decision Tree Importance Profiles

42
43 Variable Worth Rank
44

45 If 0.12647 1
46 vif 0.08865 2
47  hf 0.08692 3
48 d2 0.08223 4
49 7 0.04926 5
50 dl 0.04657 6
51  pNN600 0.03478 7
52 pNN700 0.02705 8
53 ratio 0.01498 9
54 pNN400 0.01374 10
55

56  Variable: NODE Segment: 3 Count: 537

57  Decision Tree Importance Profiles

58

59 Variable Worth Rank
60

61 d2 0.058262 1
62  pNN700 0.026174 2
63 ds 0.019032 3
64 7 0.012895 4
65 dl 0.012859 5
66  hf 0.011065 6
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67 pNN600 0.010174 7
68
69  Variable: NODE Segment: 4 Count: 309
70  Decision Tree Importance Profiles
71
72 Variable Worth Rank
73
74 dl 0.037565 1
75 <7 0.034932 2
76 d5 0.034219 3
77 c2 0.010501 4
78
79  Variable: NODE Segment: 13 Count: 277
80  Decision Tree Importance Profiles
81
82  Variable Worth Rank
83
84 dl 0.094825 1
85 7 0.071454 2
86 2 0.052342 3
87 c4 0.046255 4
88 d5 0.035796 5
89 If 0.028111 6
90  ratio 0.019307 7
91 «c6 0.018488 8
92 vif 0.015437 9
93  pNN400 0.015101 10
94
95  Variable: NODE Segment: 35 Count 183
96  Decision Tree Importance Profiles
97
98  Variable Worth Rank
99
100 pNN600 0.051863 1
101 hf 0.014300 2
102 If 0.010793 3
103
104  Variable: NODE Segment: 38 Count: 177
105  Decision Tree Importance Profiles
106
107 Variable Worth Rank
108
109 d2 0.021924 1
110 deriv2 0.017044 2
111
112 Variable: NODE Segment: 5 Count: 159
113 Decision Tree Importance Profiles
114
115  Variable Worth Rank
116
117 2 0.015177 1
118
119  Variable: NODE Segment: 25 Count: 83
120 Decision Tree Importance Profiles
121
122 Variable Worth Rank
123
124 pNN400 0.012530 1
125
[0097] Systems, methods, and computer program products

disclosed herein may employ advanced computerized signal
processing, statistical analyses, and neural network tech-
niques to provide a continuously updated risk of mortality
score in critically ill children. The score may serve as an early
warning to changes in patient condition. Further, the score
may guide the care of critically ill children. As a result, the
mortality may be decreased and risk assessment of patients at
admission may be improved. Further, medical practitioners
may make more timely decisions about the rapid initiation or
withdrawal of costly and risky therapeutic interventions.

[0098] Hospital costs may be reduced by better matching
expensive and limited medical practitioner resources and hos-
pital facilities to the changing needs of critically ill children.
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For example, services provided by physicians and nurses may
be efficiently allocated. Further, for example, hospital liabil-
ity risk may be lowered.

[0099] Othernon-commercial benefits of the subject matter
disclosed herein are provided to academic medical centers
and society. For example, many PICUs are areas where phy-
sicians and nurses in training develop their clinical skills and
complete their academic requirements. Systems and methods
disclosed herein may assist them in recognizing impending
death and learn how the initiation and withdrawal of therapies
can return these children to health.

[0100] It will be understood that various details of the pres-
ently disclosed subject matter may be changed without
departing from the scope of the presently disclosed subject
matter. Furthermore, the foregoing description is for the pur-
pose of illustration only, and not for the purpose of limitation.

What is claimed is:

1. A method for evaluating a patient in a pediatric intensive
care unit (PICU), the method comprising:

collecting physiological data associated with a patient

upon admission to a PICU and at least once after admis-
sion to the PICU; and

analyzing the physiological data with a statistical model

and continually determining a risk of mortality of the
patient.

2. The method of claim 1 wherein collecting physiological
data includes collecting the physiological data upon admis-
sion of the patient to a PICU and multiple intervals after
admission of the patient to the PICU.

3. The method of claim 2 wherein continually determining
the risk of mortality includes updating the risk of mortality at
about the multiple intervals.

4. The method of claim 3 wherein updating the risk of
mortality includes updating the risk of mortality at about two
minute intervals.

5. The method of claim 1 wherein collecting physiological
data includes collecting data from charts, laboratory tests, and
monitoring equipment associated with the patient.

6. The method of claim 1 wherein collecting physiological
data includes collecting physiological data from medical sen-
SOr units.

7. The method of claim 1 wherein collecting physiological
data includes collecting one or more physiological measure-
ments from the group consisting of: an electrocardiogram
(ECG) measurement, a temperature measurement, a heart
rate measurement, a blood pressure measurement, a central
venous pressure measurement, a pulsed oximetry measure-
ment, a carbon dioxide concentration measurement, a respi-
ratory rate measurement, and an oxygen saturation measure-
ment.

8. The method of claim 1 wherein collecting physiological
data includes receiving physiological measures associated
with the patient, and wherein analyzing the physiological data
includes recoding the physiological measures into derogatory
indicators associated with the risk of mortality of the patient.

9. The method of claim 1 wherein analyzing the physi-
ological data includes calculating derivatives of the physi-
ological data and analyzing the derivatives for trends and
changes.

10. The method of claim 1 comprising presenting the risk
of mortality via a user interface.

11. The method of claim 10 comprising determining a risk
of mortality classification based on the determined risk of
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mortality, and wherein presenting the risk of mortality
includes displaying the risk of mortality classification via the
user interface.

12. The method of claim 1 comprising communicating an
alert when the risk of mortality of the patient is at a predeter-
mined level.

13. A method for selecting a physiological variable for use
in evaluating risk of mortality of a patient in a pediatric
intensive care unit (PICU), the method comprising:

receiving survival outcome data and multivariate physi-
ological data associated with a patient in a PICU;

analyzing the survival outcome data and the multivariate
physiological data with a statistical model to identify a
physiological variable affecting risk of mortality of the
patient; and

assigning a weight to the physiological variable for use
with the statistical model for determining a risk of mor-
tality of the patient.

14. The method of claim 13 wherein receiving multivariate
physiological data includes receiving physiological data from
charts, laboratory tests, and monitoring equipment associated
with the patient.

15. The method of claim 13 wherein receiving multivariate
physiological data includes receiving physiological data from
medical sensor units.

16. The method of claim 13 wherein receiving multivariate
physiological data includes receiving physiological data one
or more physiological measurements from the group consist-
ing of: an electrocardiogram (ECG) measurement, a tempera-
ture measurement, a heart rate measurement, a blood pressure
measurement, a central venous pressure measurement, a
pulsed oximetry measurement, a carbon dioxide concentra-
tion measurement, a respiratory rate measurement, and an
oxygen saturation measurement.

17. A system for evaluating a patient in a pediatric intensive
care unit (PICU), the system comprising:

a data collector configured to collect physiological data
associated with a patient upon admission to a PICU and
at least once after admission to the PICU; and

a mortality risk function configured to analyze the physi-
ological data with a statistical model and configured to
continually determine a risk of mortality of the patient.

18. The system of claim 17 wherein the data collector is
configured to collect the physiological data upon admission
of'the patient to a PICU and multiple intervals after admission
of the patient to the PICU.

19. The system of claim 18 wherein the data collector is
configured to update the risk of mortality at about the multiple
intervals.

20. The system of claim 19 wherein the data collector is
configured to update the risk of mortality at about two minute
intervals.

21. The system of claim 17 wherein the data collector is
configured to collect data from charts, laboratory tests, and
monitoring equipment associated with the patient.

22. The system of claim 17 wherein the data collector is
configured to collect physiological data from medical sensor
units.

23. The system of claim 17 wherein the data collector is
configured to collect one or more physiological measure-
ments from the group consisting of: an electrocardiogram
(ECG) measurement, a temperature measurement, a heart
rate measurement, a blood pressure measurement, a central
venous pressure measurement, a pulsed oximetry measure-
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ment, a carbon dioxide concentration measurement, a respi-
ratory rate measurement, and an oxygen saturation measure-
ment.

24. The system of claim 17 wherein the data collector is
configured to receive physiological measures associated with
the patient, and wherein the mortality risk function is config-
ured to recode the physiological measures into derogatory
indicators associated with the risk of mortality of the patient.

25. The system of claim 17 wherein the mortality risk
function is configured to calculate derivatives of the physi-
ological data and analyze the derivatives for trends and
changes.

26. The system of claim 17 comprising a user interface
configured to present the risk of mortality.

27. The system of claim 26 wherein the mortality risk
function is configured to determine a risk of mortality classi-
fication based on the determined risk of mortality, and
wherein the user interface is configured to display the risk of
mortality classification.

28. The system of claim 17 wherein the mortality risk
function is configured to communicate an alert when the risk
of mortality of the patient is at a predetermined level.

29. A system for selecting a physiological variable for use
in evaluating risk of mortality of a patient in a pediatric
intensive care unit (PICU), the system comprising:

adata collector configured to receive survival outcome data

and multivariate physiological data associated with a
patient in a PICU; and

a mortality risk function configured to:

analyze the survival outcome data and the multivariate
physiological data with a statistical model to identify
a physiological variable affecting risk of mortality of
the patient; and

assign a weight to the physiological variable for use with
the statistical model for determining a risk of mortal-
ity of the patient.

30. The system of claim 29 wherein the data collector is
configured to receive physiological data from charts, labora-
tory tests, and monitoring equipment associated with the
patient.

31. The system of claim 29 wherein the data collector is
configured to receive physiological data from medical sensor
units.

32. The system of claim 29 wherein the data collector is
configured to receive one or more physiological measure-
ments from the group consisting of: an electrocardiogram
(ECG) measurement, a temperature measurement, a heart
rate measurement, a blood pressure measurement, a central
venous pressure measurement, a pulsed oximetry measure-
ment, a carbon dioxide concentration measurement, a respi-
ratory rate measurement, and an oxygen saturation measure-
ment.

33. A computer program product comprising computer-
executable instructions embodied in a computer-readable
medium for performing steps comprising:

collecting physiological data associated with a patient

upon admission to a PICU and at least once after admis-
sion to the PICU; and

analyzing the physiological data with a statistical model

and continually determining a risk of mortality of the
patient.

34. The computer program product of claim 33 wherein
collecting physiological data includes collecting the physi-
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ological data upon admission of the patient to a PICU and
multiple intervals after admission of the patient to the PICU.
35. The computer program product of claim 34 wherein
continually determining the risk of mortality includes updat-
ing the risk of mortality at about the multiple intervals.
36. The computer program product of claim 35 wherein
updating the risk of mortality includes updating the risk of
mortality at about two minute intervals.
37. The computer program product of claim 33 wherein
collecting physiological data includes collecting data from
charts, laboratory tests, and monitoring equipment associated
with the patient.
38. The computer program product of claim 33 wherein
collecting physiological data includes collecting physiologi-
cal data from medical sensor units.
39. The computer program product of claim 33 wherein
collecting physiological data includes collecting one or more
physiological measurements from the group consisting of: an
electrocardiogram (ECG) measurement, a temperature mea-
surement, a heart rate measurement, a blood pressure mea-
surement, a central venous pressure measurement, a pulsed
oximetry measurement, a carbon dioxide concentration mea-
surement, a respiratory rate measurement, and an oxygen
saturation measurement.
40. The computer program product of claim 33 wherein
collecting physiological data includes receiving physiologi-
cal measures associated with the patient, and wherein analyz-
ing the physiological data includes recoding the physiologi-
cal measures into derogatory indicators associated with the
risk of mortality of the patient.
41. The computer program product of claim 33 wherein
analyzing the physiological data includes calculating deriva-
tives of the physiological data and analyzing the derivatives
for trends and changes.
42. The computer program product of claim 33 comprising
presenting the risk of mortality via a user interface.
43. The computer program product of claim 42 comprising
determining a risk of mortality classification based on the
determined risk of mortality, and wherein presenting the risk
of mortality includes displaying the risk of mortality classi-
fication via the user interface.
44. The computer program product of claim 33 comprising
communicating an alert when the risk of mortality of the
patient is at a predetermined level.
45. A computer program product comprising computer-
executable instructions embodied in a computer-readable
medium for performing steps comprising:
receiving survival outcome data and multivariate physi-
ological data associated with a patient in a PICU;

analyzing the survival outcome data and the multivariate
physiological data with a statistical model to identify a
physiological variable affecting risk of mortality of the
patient; and

assigning a weight to the physiological variable for use

with the statistical model for determining a risk of mor-
tality of the patient.

46. The computer program product of claim 45 wherein
receiving multivariate physiological data includes receiving
physiological data from charts, laboratory tests, and monitor-
ing equipment associated with the patient.

47. The computer program product of claim 45 wherein
receiving multivariate physiological data includes receiving
physiological data from medical sensor units.
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48. The computer program product of claim 45 wherein surement, a blood pressure measurement, a central venous
pressure measurement, a pulsed oximetry measurement, a
carbon dioxide concentration measurement, a respiratory rate
measurement, and an oxygen saturation measurement.

receiving multivariate physiological data includes receiving
physiological data one or more physiological measurements
from the group consisting of: an electrocardiogram (ECG)

measurement, a temperature measurement, a heart rate mea- woOR Rk K
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