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DESCRIPTION

METHODS, SYSTEMS, AND COMPUTER READABLE MEDIA FOR
EVALUATING A HOSPITAL PATIENTS RISK OF MORTALITY

PRIORITY CLAIM

This application claims the benefit of U.S. Provisional Patent Application

Serial No. 61/359,708, filed June 29, 2010; the disclosure of which is

incorporated herein by reference in its entirety.

GOVERNMENT INTEREST

This presently disclosed subject matter was made with U.S. Government

support under Grant No. 1R4 HD049935-01 awarded by National Institutes of

Health. Thus, the U.S. Government has certain rights in the presently

disclosed subject matter.

TECHNICAL FIELD

The subject matter described herein relates to analyzing data regarding

hospital patients. More particularly, the subject matter described herein relates

to methods, systems, and computer readable media for evaluating a hospital

patient's risk of mortality.

BACKGROUND

By the year 2010 there will be approximately 5,500 pediatric intensive

care unit (PICU) beds, about 22,000 neonatal intensive care unit (NICU) beds,

and about 110,000 non-intensive care (non-ICU) pediatric care beds in the

United States of America. Rendering care to these hospitalized children

represents a large, significant, and growing cost to health care expense. The

importance of intensive care and non-intensive care monitoring in patient safety

is recognized as a priority by the Joint Commission on Accreditation of Hospital

Organizations. Intensive care and non-intensive care monitors are used to

continuously evaluate the clinical status of patients and track their response to

a wide range of interventions. Despite tremendous advancements in computer

technology and bioinformatics, intensive care and non-intensive care

monitoring devices have not provided significantly new information to bedside



caregivers. Simplified cardiopulmonary monitoring is now routinely performed in

hospitalized non-intensive care patients.

Rapid Response (RR) teams have been established to rescue non-ICU

pediatric patients who are decompensating and in need of critical care

evaluation. These teams are triggered by any health care provider (nurse,

respiratory therapist, physician, etc.) or family members resulting in a stat

evaluation by an expert team of health care providers that can initiate lifesaving

support and transfer patients to an ICU. These teams have been shown to be

effective at saving the lives of both pediatric and adult hospitalized inpatients.

Software tools are available for evaluating a patient's risk of mortality for

patients in PICU, NICU and non-ICU pediatric facilities. However, conventional

tools only evaluate a patient's risk of mortality based on raw variables

considered individually. Models that evaluate a patient's risk of mortality based

on raw variables considered individually lack accuracy and lead to false alarms.

For example, conventional monitors that monitor intensive care patents' vital

signs alarm frequently due to variability in the raw data, even when patients are

not at risk of imminent death. As a result, hospital staff and physicians often

ignore such alarms.

Accordingly, there exists a long felt need for methods, systems, and

computer readable media for evaluating a hospital patient's risk of mortality.

SUMMARY

The subject matter includes methods, systems, and computer readable

media for evaluating a hospital patient's risk of mortality. According to one

aspect of the subject matter described herein, a method for evaluating a

hospital patient's risk of mortality is provided. The method includes collecting

data from physiologic signals generated by patient monitors, physiologic signals

of organ function, and demographic information for a patient. The method

further includes determining a measure of the variability of at least one of the

physiologic signals. The method further includes analyzing data and the

measure of variability to determine whether a value for a particular physiologic

or demographic variable falls within a critical interval for the variable that

indicates that the value is predictive of mortality or survival. Each time a value



for a physiological or demographic variable for the patient falls within a critical

interval, the method includes recording the occurrence of an event for the

patient. The method further includes counting the number of events for the

patient over a time period. The method further includes, generating, based on

the account output perceptible by human userthat indicates the patient's risk of

mortality or likelihood of survival.

The subject matter described herein can be implemented in software in

combination with hardware and/or firmware. For example, the subject matter

described herein can be implemented in software executed by a processor. In

one exemplary implementation, the subject matter described herein can be

implemented using a non-transitory computer readable medium having stored

thereon computer executable instructions that when executed by the processor

of a computer control the computer to perform steps. Exemplary computer

readable media suitable for implementing the subject matter described herein

include non-transitory computer-readable media, such as disk memory devices,

chip memory devices, programmable logic devices, and application specific

integrated circuits. In addition, a computer readable medium that implements

the subject matter described herein may be located on a single device or

computing platform or may be distributed across multiple devices or computing

platforms.

BRIEF DESCRIPTION OF THE DRAWINGS

Preferred embodiments of the subject matter described herein will now

be explained with reference to the accompanying drawings, wherein like

reference numerals represent like parts, of which:

Figure 1 is a block diagram illustrating exemplary overall components of

an embodiment of the subject matter described herein;

Figure 2 is a block diagram illustrating exemplary components of a

system for evaluating a hospital patient's risk of mortality according to an

embodiment of the subject matter described herein;

Figure 3 is a flow chart illustrating exemplary steps for evaluating a

hospital patient's risk of mortality according to an embodiment of the subject

matter described herein;



Figures 4A and 4B are graphs of ECG voltage versus time that may be

analyzed by the system illustrated in Figure 2 to evaluate a patient's risk of

mortality according to an embodiment of the subject matter described herein;

Figures 5A and 5B are tables respectively illustrating statistical

measures for variables for live and dead PICU patients that may be used by the

system illustrated in Figure 2 to evaluate a given patient's risk of mortality

according to an embodiment of the subject matter described herein;

Figures 6A and 6B are tables illustrating statistical measures for

additional variables for dead PICU and live PICU patients that may be used by

the system illustrated in Figure 2 to evaluate a given patient's risk of mortality

according to an embodiment of the subject matter described herein;

Figure 7 is a table illustrating the dividing of data points into critical

intervals for a PICU patient according to an embodiment of the subject matter

described herein;

Figures 8A and 8B are tables illustrating exemplary statistical measures

for different variables for dead PICU and live PICU patients according to an

embodiment of the subject matter described herein;

Figures 9A and 9B are tables illustrating exemplary measures of patient

physiological data that may be obtained and used by the system illustrated in

Figure 2 to evaluate a given patient's risk of mortality according to an

embodiment of the subject matter described herein;

Figures 10A and 10B illustrate variables, intervals, and statistical

measures that may be used by the system illustrated in Figure 2 to evaluate a

hospital patient's risk of mortality according to an embodiment of the subject

matter described herein;

Figures 1 A and 11B illustrate intervals that may be used by the system

in Figure 2 to evaluate a patient's risk of mortality according to an embodiment

of the subject matter described herein;

Figure 12A is a table, and Figure 12B is a graph illustrating critical

intervals for live and dead patients for a particular variable that may be used by

the system illustrated in Figure 2 to evaluate a patient's risk of mortality

according to an embodiment of the subject matter described herein;



Figures 3A and 13B are plots of sodium frequency versus time for a

given patient according to an embodiment of the subject matter described

herein;

Figures 14A-14C are tables illustrating counts of multi-feed

transformations on expanded PICU data where derivatives and second

derivatives are computed to determine measures of variability of the variable

being analyzed;

Figure 15A is a table, and Figure 15B is a graph illustrating critical

intervals of a particular variable that may be used by the system illustrated in

Figure 2 to evaluate a patient's risk of mortality according to an embodiment of

the subject matter described herein;

Figures 15C is a table and Figure 5D is a graph of critical intervals for a

particular variable that may be used by the system illustrated in Figure 2 to

evaluate a patient's risk of mortality according to an embodiment of the subject

matter described herein;

Figure 16A is a graph of intermittent raw data;

Figure 16B is a graph of extrapolated data in 2 minute increments which

calibrates all data into exact 2minute intervals; and

Figure 17A is a graph of patient event counts per organ and Figure 17B

is a table of the same data that may be generated by the system illustrated in

Figure 2 according to an embodiment of the subject matter described herein;

Figure 17C includes graphs tracking each two minute score along with

organ specific critical interval counts that may be generated by the system

illustrated in Figure 2 according to an embodiment of the subject matter

described herein;

Figure 8A is a partial predictive model markup language (PMML) listing

of a model for evaluating risk of mortality for a PICU patient according to an

embodiment of the subject matter described herein;

Figure 18B is a partial PMML listing of a model for evaluating risk of

mortality for a rapid response (RR) patient according to an embodiment of the

subject matter described herein;



Figure 9 is an example of an ECG signal with corruption that can be

corrected using covariance according to an embodiment of the subject matter

described herein;

Figure 20 is a graph of a QRS template;

Figure 2 1 is a graph of the covariance between the QRS template

illustrated in Figure 20 and the contaminated ECG signal illustrated in Figure

19;

Figure 22 is a graph of the output of a quadrature-mirrored, second

order linear infinite impulse response filter use to remove baseline shifts in a

QRS wave according to an embodiment of the subject matter described herein;

Figure 23 is a graph of the R wave determined using a 2 sigma statistical

filter according to an embodiment of the subject matter described herein; and

Figure 24 is a graph of the output of a threshold and first derivative filter,

which represents the ECG signal with contamination removed and after post-

processing according to an embodiment of the subject matter described herein.

DETAILED DESCRIPTION

In accordance with the subject matter disclosed herein, systems,

methods, and computer readable media are provided for evaluating a hospital

patient's risk of mortality. One exemplary implementation of the subject matter

described herein is referred to as REALTROMINS, which is an acronym for

REAL Time Risk of Mortality and INStability. REALTROMINS is a medical

device for critically ill patients that integrates and analyzes numerous inputs: 1)

real time continuous physiologic signals (e.g. electrocardiogram); 2) advanced

measures of variability of these signals (e.g. spectral analysis); 3) physiologic

based measures of organ function (e.g. serum glucose) and their variability;

and 4) demographic and diagnosis related predictors of mortality; creating a

real time, continuously updated risk of mortality score to aid clinicians in

administering medical care. Described herein are REALTROMINS devices and

methods for use in patient populations comprising premature infants in a

neonatal intensive care unit (NICU; Neonatal REALTROMINS) and hospitalized

children outside the ICU but in a non-ICU pediatric care facility and/or under the

care and supervision of a Rapid Response (RR) team (Rapid Response



REALTROMINS). Also described herein are REALTROMINS devices and

methods for use in the PICU. The REALTROMINS devices and methods can

guide medical decision making resulting in earlier initiation or withdrawal of

costly and risky therapeutic interventions to improve patient outcomes. In

addition, the presently disclosed subject matter can decrease healthcare costs

by better matching expensive and limited: 1) human resources (physician,

nursing, etc.) and 2) hospital facilities (intensive care beds) to the changing

needs of critically ill and hospitalized patients.

REALTROMINS is a bioinformatics technology designed to continuously

assess the changing risk of mortality of critically ill pediatric patients and track

the success or failure of ongoing medical interventions. Described herein are

REALTROMINS technologies to be utilized in treating patients in PICU, NICU

and non-ICU pediatric settings. Bedside caregivers can determine which

therapies are leading to a decrease in risk while an increased mortality risk

would trigger new approaches to the clinical problem. Patient outcomes can

improve by displaying the overall risk score and the individual components

contributing to that risk. By way of example and not limitation, heart rate

variability has been shown to be highly predictive of mortality in a wide variety

of critical illnesses in both adults and children. While not intended to be bound

by any single theory or mechanism of action, 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 (LF) and

high frequency (HF) spectral content of heart rate variability, with calculation of

a ratio of these two areas, has been predictive of mortality. As such, in some

embodiments REALTROMINS couples these metrics, along with others, into an

advanced multivariate analysis using SAS Enterprise Miner Software (SAS

Institute, Cary, North Carolina, United States of America). In other

embodiments, these metrics are assigned to critical intervals and used to

generate hospital patient scores without using SAS Enterprise Miner Software.

Research Design and Methods

Projects and experiments were designed for the generation and

collection of data for the development of the Neonatal REALTROMINS and



Rapid Response REALTROMINS. A prospective cohort study was be used for

the estimation and validation data sets. A sixteen-bed PICU (REALTROMINS),

45-bed NICU (Neonatal REALTROMINS), and a 69 non-ICU bed (Rapid

Response REALTROMINS) tertiary care university based children's hospital

was used in the studies. Annual admissions to the PICU, NICU, and non-ICU

beds were approximately 1,000, 750, and 3,100, respectively. Patients ranged

in age from 0 (as young as 22 weeks gestation) to 8 years, encompassing the

full range of pediatric medical and surgical diagnoses. In the PICU, the male to

female ratio is 1.27:1 and a diverse racial background is represented. The

racial and ethnic breakdowns are as follows: 48% white, 31% black and 21%

Hispanic and other races. Patient Enrollment Criteria: For the estimation (50%

of patients) and validation (50% of patients) data sets, all patients admitted to

the PICU, NICU, and non-ICU beds were enrolled over 9 months and

comparison between survivors and non-survivors was examined. Since few

patients died in the non-ICU beds additional outcome measures, such as

transfer to the PICU, triggering a code blue (cardiopulmonary arrest) or Rapid

Response team dispatch, were be examined.

Summary of Data Sources and Information Flow

As depicted in Figure 1, the following continuous physiologic signals

were obtained in all subjects as determined by the clinical needs of the patient:

1) cardiac a) electrocardiogram; b) invasive arterial blood pressure; c) invasive

central venous pressure; 2) respiratory a) respiratory plethysmograph; b) pulse

oximetry; c) end tidal carbon dioxide concentrations; and 3) continuous

temperature. These continuous digital data streams were written to a central

server in an SQL database structure every 8 seconds. This database contained

information detailing which monitor (i.e. patient) data is streaming from, UTC

time stamps, and the individual data elements. All data were stored and backed

up using standard procedures (RAID 5 hard drive configuration and digital

tape).

The electrocardiogram (ECG) was digitized and a java based algorithm

was used to detect the fiducial point (R wave of the ECG) from which the RR

interval (time between R peaks), heart period, and heart rate (HR) time series



were derived. The front end loader manages data capture. This component

consists of the open source Mirth HL-7 engine for capture of all HL-7 data

feeds and a custom Java application that captures real-time ICU monitor data

every 30 seconds (configurable) from the vendor's transactional database via a

JDBC database connection. At the point of capture, the UTC time stamp,

patient location, and patient IDs are standardized and data is then forwarded to

the messaging system. A Java-based real-time patient system (RTPS) captures

all data packets from the messaging system for pre-selected patient locations.

The RTPS dynamically links all data packets for each patient and stores the

data in-memory in a custom multivariate time series representation. The

custom representation allows each variable to be stored at the variable's

temporal resolution in addition to providing access to packets that provide all

variable values during a fixed time window (typically 2 minutes). Signal

processing and preprocessing algorithms are applied to the time series, which

results in the creation of new time series variables. Decision support algorithms

can then be applied on a continuous basis to the incoming time series data.

Since a patient can be monitored for days to months at a time, the in-memory

data is limited to the maximum time needed for signal processing and decision

support while older data is pushed to a transactional database within the RTPS.

A second Java application monitors the RTPS to detect patients that have been

discharged from a location. Once detected, all data on that patient is extracted

from the RTPS and moved to the data archival system. As part of this process,

the patient data is converted from the custom time series representation to a

format amendable to model development.

Spectral analyses were then performed. The HR time series was

interpolated to achieve a uniform sampling interval and normalized to mean

zero and variation from the mean. The amplitude spectrum was generated

using the Fast Fourier transform (FFT). The power spectrum was derived from

the amplitude spectra and used to determine frequency band specific (ultra-

low, very low, low, and high frequency) variance of the HR time series for

statistical tests of significance. Sequential records of Power spectra were

generated, one every 128 beats (approximately every 1-2 minutes in children).



These results were then entered into the statistical and neural network

software.

Physiologic based indices of organ function were obtained at an hourly

frequency (i.e. urine output) or intermittently (i.e. serum glucose) according to

patient care needs. Physiologic based measures of organ function included: 1)

cardiac indicia, comprising non-invasive blood pressure (hourly systolic and

diastolic), lactate level; 2) respiratory indicia, comprising respiratory rate, pH,

PCO2, P0 2, HCO 3, 0 2 saturation, fractional inspired oxygen concentration

(hourly); 3) neurologic indicia, comprising Glasgow coma score (hourly),

pupillary reactions (hourly); 4) fluid indicia, comprising sodium, potassium,

glucose, urea nitrogen, creatinine concentrations, ionized calcium, whole blood

glucose measurements, urine output (hourly), hourly fluids administered (IV

and/or enteral), weight on admission; 5) hematologic indicia, comprising

hemoglobin, platelet count, prothrombin time-INR, partial thromboplastin time,

D-dimers; 6) hepatic indicia, comprising bilirubin, transaminase, albumin, total

protein; and 7) immunologic indicia, comprising temperature (hourly if not

continuous), white cell count (total), absolute neutrophil count, absolute

lymphocyte count, c reactive protein. Changes in these variables over time

were investigated using the SAS procedure EXPAND to calculate first and

second derivatives.

Demographic and diagnosis related predictors. 1) age; 2) general

diagnostic groups (e.g., oncologic disease); 3) pre ICU risk factors (e.g.,

cardiopulmonary resuscitation); and 4) other (e.g., cardiac pacing) were

recorded. For NICU patients, gestational age, birth weight, APGAR score at 1

and 5 minutes, high risk maternal risk factors (chorioamnionitis, placental

abruption, etc.) were recorded.

Model Building

Quantitative Target Modeling System (QTMS V3- Applied Multivariate

Algorithms, Manorville, NY) are proprietary SAS macros used for transforming

raw information into optimized "bins" or intervals to be used with SAS EMS.2

neural network model building suite. Raw physiologic information was

transformed creating composite variables scanned and summarized by QTMS.



This calculated a variety of statistics for each interval found within each variable

including lift from base, t-tests, chi-square analysis, indices, missing data, and

confidence intervals. Significant intervals from each variable were selected

depending on a specified lift from base criteria. Calculating all available model

building techniques, the RULE INDUCTION approach delivered the best set of

specificity and sensitivity rates within the model comparison wizard. Neonatal

REALTROMINS and Rapid Response REALTROMINS were created by

streaming and analyzing data from the NICU and non ICU beds, respectively,

into a REALTROMINS algorithm.

Results

Twenty-eight pediatric patients matched on age, sex, and diagnosis, half

of whom died, were used for the analytic set for the neural network building

process.

PICU Admission Data: The first four hours of data from the 28 matched

patients were partitioned out for analyses and outcome (DIED vs. SURVIVE)

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. The training data set utilized 80% of

the data packets with a random 20% hold out sample of packets used to

validate. The predictive capabilities of the model are demonstrated below.

Identical results were found in the validation data set.

Actual Patient Outcome
Survivor Died Total

Predicted to Survive 1329 2 1 1350
Predicted to Die 15 1322 1337
Total 1344 1343 2687

Predictive Capability
Sensitivity 98.44%
Specificity 98.88%
False Positive 1.12%
False Negative 1.56%

The PICU Length of Stay (LOS): This set was analyzed representing-57,000

REALTROMINS scores with LOS from 0.29 to 12.73 days with a cumulative



length of stay of 79.41 days. The predictive capabilities of the model are

demonstrated below. Six of 14 survivors and 4/14 patient deaths had 100%

correct classification during the 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

Predictive Capability
Sensitivity 82.92%
Specificity 7 1.32%
False Positive 20.23%
False Negative 24.63%

Survivor Validation Dataset: An additional 16 survivors were then

analyzed during their PICU LOS representing about 25,000 REALTROMINS

Scores with LOS from 0.23 to 6.36 days with 35.4 cumulative patient days. The

predictive capabilities of the model were nearly identical to the PICU LOS data

above.

Figure 2 is a block diagram illustrating an exemplary system for

evaluating a hospital patent's risk of mortality according to an embodiment of

the subject matter described herein. Referring to Figure 2, the system includes

a data collection module 200 that receives inputs, referred to a feeds in Figure

2 . These inputs may be physiologic signals generated by patient monitors,

physiologic signals of organ function, and demographic information for a

patient. Data collection module 200 may separate the data into time stamped

packets. For example, where the data comprises signals output from an

electrocardiogram, each data packet may include a time stamp and a peak,

representing a peak ECG voltage. Messaging module 202 communicates the

data packets to a real-time patient monitoring system 204. Real-time patient

monitoring system 204 includes transactional store 206 where high and low

iu c cu e u cu, uc y ι i iO iS , v n iC

segregates the data packets into groups for individual patients and a signal

processing module 210, which generates measures of variability of at least



some of the physiologic signals. As will be described in more detail below,

signal processing module 210 may receive ECG signals and use a covariance

function to remove corruption from the ECG signals.

Real-time patient monitoring system 204 may also include a scoring

module 2 2 which generates a score that indicates a patient's risk of mortality

or likelihood of survival. In one exemplary implementation, scoring module 212

may determine whether a particular physiologic or demographic variable for a

patient falls within a critical interval for variable that indicates that the value is

predictive of mortality or likelihood of survival. Examples of critical intervals will

be described below. Each time a value of a physiologic or demographic

variable for the patient falls within a critical interval, scoring module 212 may

record the occurrence of an event for the patient. Scoring module 212 may

count the number of events for a patient over a time period, such as over a day.

An output module 214 may generate, based on the count, output perceptible to

a human user that indicates the patient's risk of mortality or likelihood of

survival. For example, output module 214 may generate a graph that indicates

a patient's score during a particular time interval. Output module 214 may

transmit the graph or other indication to a physician. In one implementation,

output module 214 may email a copy of the graph for a given patient to the

patient's physician.

Also illustrated in Figure 2 are model development module 216 and

model validation module 218. Modules 216 and 218 may continuously update

the variables used in to generate the patient's scores and may update the

statistical models associated therewith to improve predictive accuracy. A data

archiving module 220 may archive data for patients for further model

development or validation. A system monitor 222 monitors the overall activity

of the system illustrated in Figure 2.

Figure 3 is a flow chart illustrating exemplary overall steps for evaluating

a hospital patient's risk of mortality according to an embodiment of the subject

matter described herein. Referring to Figure 3 , in step 300, data from

physiologic signals generated by patient monitors, physiologic signals of organ

function, and demographic information are collected for a patient. For

example, as illustrated in Figure 2 , data collection module 200 may receive



feeds from patient monitors and may also receive lab data and patient

demographic information. In step 302, a measure of variability of at least one

of the physiologic signals is determined. In Figure 2 , signal processing module

210 may compute derivatives of a signal's output from patient monitors as one

measure of variability.

In step 304, it was determined whether a value for a particular

physiologic or demographic variable falls within a critical interval that indicates

that the value is predictive of mortality or likelihood of surviving. For example,

scoring module 212 illustrated in Figure 2 may determine whether a measured

or calculated value for a variable for a patient falls within a range, referred to as

a critical interval, where the range indicates that the patient is likely to die or to

survive. In step 306, each time the value of for a physiologic or demographic

variable falls within a critical interval, the occurrence of an event is recorded for

the patient. For example, scoring module 212 may record the occurrence of

events of an individual patient or an individual organ in a patient. In step 308,

the number of events for a patient that occur within a time period is counted.

For example, scoring module 212 may count the events for a particular patient

over a time period, such as an hour or a day. In step 310, output perceptible by

a human user is generated based on the counts. The output indicates the

patient's risk of mortality or likelihood of surviving. For example, output module

214 illustrated in Figure 2 may generate a graph or a table that indicates the

number of events for a patient. This information may be delivered to the

patient's physician so that the physician can determine whether intervention is

needed.

As set forth above, one implementation of the subject matter described

herein is referred to a REALTROMINS. REALTROMINS is a medical device

that analyzes in real time 1) continuous ECG signals, 2) commonly analyzed

serum lab tests, and 3) diagnosis and demographic related variables. These

variables or input into advanced statistical algorithms where the values are

compared to critical intervals to determine whether they indicate a patient is

likely to die or to survive.

Time dimensioned transformations using this information included

aggregating all raw data into a common time frequency as HRV information



exist in both sub-seconds and within a set of 128 beats while lab tests are

intermittent based upon physician requests. First and second order derivatives,

centered moving averages and standard deviations are calculated with the goal

of data mining to construct a mathematical algorithm that captures viable

representations of existing phenomena hidden within this database. Using

QTMS V4 - Optimized Binning, a series of SAS Macros, critical intervals found

with the total distribution of each variable were calculated. These bins are

selected base upon their ability to lift the mortality rate from base. This is done

to focus attention onto those specific ranges with significantly increased

mortality rates and represent them as a binary inclusionary condition. These

viable representations must be sufficiently robust, based upon their "parameter-

estimation", so as to repeat any predicted classification onto to an independent

hold out sample. Different classes of algorithms were found within SAS-EM5.3

(Statistical Analysis Systems, Cary NC USA) ranging from standard regression,

to rule induction, and several neural networks.

One aim of the subject matter described is to provide REALTROMINS

bioinformatics systems for use in hospitalized children (PICU) in the ICU and

Peds Rapid Response (RR).

Classes of variables in REALTROMINS.

The following classes of variables may be used by the system illustrated in

Figure 2 to evaluate a patient's risk of mortality.

1) Continuous physiologic signals (Le. electrocardiogram (ECG));

2) Advanced measures of variability of the physiologic signal (i.e. power

spectral analysis);

3) Physiologic based measures of organ function important in predicting

mortality (i.e. serum glucose) and measures of their variability

4) Demographic (i.e. age) and diagnosis related (i.e. post-operative status)

predictors of mortality



Specific Data Elements.

The following physiologic based measures of organ function may be used by

the system illustrated in Figure 2 to evaluate a hospital patient's risk of

mortality.

Fluids: sodium, potassium, glucose, urea nitrogen, creatinine, ionized calcium,

magnesium, phosphorus, whole blood glucose measurements, urine output,

fluids administered (IV and/or enteral), weight

Hematologic: hemoglobin, platelet count, prothrombin time-INR, partial

thromboplastin time, D-dimers;

Hepatic: bilirubin, transaminases, albumin, total protein, amylase, lipase;

Cardiac: heart rate, noninvasive blood pressure (systolic and diastolic)*,

troponin, CK- MB, lactate level;

Respiratory: rate, pH, PC02, P02, HC03, 02 saturation via pulse oximetry,

fractional inspired oxygen

Neurologic: Glasgow coma score, pain score;

Immunologic: temperature, white cell count, absolute neutrophil and

lymphocyte count, c reactive protein.

Demographic and Diagnosis Related Predictors:

The following demographic variables may be used by the system illustrated in

Figure 2 to evaluate a hospital patient's risk of mortality.

1) Age; 2) General diagnostic groups (i.e. oncologic disease); and 4) Other

(nursing acuity score, therapeutic intervention score, etc.

One previous version of REALTROMINS that did not use critical

intervals has been in operation since July 2008 and has expanded to include all

130 beds in the NC Children's Hospital. In addition, all of the low resolution

data streams from the entire 729 bed adult hospital (excluding the monitor

waveform and numeric data) are now accessible to our research environment.

Since July 2008, over 2,400 pediatric patient records have been fully acquired,

processed, and archived. Uniquely, the system is created and optimized for

real-time clinical decision support research, unlike conventional clinical

information systems, that are either geared towards clinical operations or

retrospective data collection and review. This feature is critical for



understanding and overcoming production constraints on clinical decision

support research.

Continuous ECG Data: Streaming ECG Data was captured at 224 data

points per second tagged with a UTC millisecond time stamp provided by the

ICU monitoring system (SpaceLabs Medical). To create time-domain variables,

the R peaks (fiducial point) had to be accurately identified. While the

monitoring system has an analog process for estimating the location of R

peaks, this process does not always identify the correct number or location of

the R peak. Figures 4A and 4B illustrate the raw ECG signal with peaks

marked using SpaceLabs algorithms.

Stripping out the actual Rpeak time stamp and then counting binned-

values of the time difference between peaks in increments of 100 milliseconds

calculated time domain variables. While current research had focused only on

the pNN50 value we found significance elsewhere among the range of this

distribution. Significance was found among different lags, e.g., pNN700,

pNN800, and pNN400. Figures 5A and 5B are tables illustrating means and

standard deviations for pNNXXX distributions (dead1=arrested, 0=alive). From

the NN interval data (time between successive R waves), SDNN (standard

deviation of the NN (consecutive normal sinus intervals), RMSSD (root mean

square successive difference), NN50 (the number of NN intervals with

differences > 50 ms), pNN50 (the proportion of NN50 intervals divided by the

total NN intervals), pNNx series (where is x=time>0 ms), NN range, coefficient

of variation, and the min/max heart period for each 128 beat minor time epoch

are calculated.

Spectral data was extracted by stripping on the fixed 64 records for each

group of records. Frequency bands were grouped as follows using the

interpolated heart rate spectra values to calculate area within that specific band

of frequencies. These frequencies corresponded to the ultra-low frequency

(ULF), very low frequency (VLF), low frequency (LF), and high frequency (HF)

bands.

Transformations were performed upon the interpolated heart rate

spectra values to convert them into variance. The variance present in the HR

data is obtained from the power spectrum according to methods described in



Bendat JS, Piersol AG. Engineering Applications of Correlation and Spectral

Analysis. 2nd Edition. New York: John Wiley & Sons, Inc.; 1993, the disclosure

of which is incorporated herein by reference in its entirety. Since our HR data

was normalized, the mean is zero, and the sum of the power in the frequency

bands is directly equal to the variance. We chose to generate our spectra

using the HR time series data in a similar manner to methods used by

Pomeranz B, MacAulay R, Caudill M . Assessment of autonomic function in

humans by heart rate spectral analysis. Am J Physiol 1985;248:H151-3, the

disclosure of which is incorporated herein by reference in its entirety. Because

we use the normalized HR data and not the heart beat period time series, our

units of power are bpm2/bpm2 (unitless) as opposed to ms2 or normalized

units reported by some other investigators. The value for power reported within

each frequency band will vary, depending on the units, but the ratios of interest

(e.g. low frequency power to high frequency power, LF/HF) will not be affected.

Figures 6A and 6B are tables illustrating means and standard deviations from

spectral distributions where dead1=arrested, 0=alive.

It can be seen from Figures 6A and 6B that the standard deviations

exceed the means indicating nonlinear distributions. Using QT S optimal bins,

critical intervals were developed by isolating specific sub-ranges within the total

distribution of each variable. They are color coded by importance in identifying

dead patients by focusing attention to cut points masked by the means.

Standard means testing focuses on values of .54 for the dead while the

extreme bin below .34 indexes at 344. This approach is used on every variable

to recode new variables with significant lift. Figure 7 is a table illustrating

critical intervals used by the system illustrated in Figure 2 to evaluate a

patient's risk of mortality. In Figure 7 , intervals 1 and 2 may be classified as

critical intervals because they have mortality rates of 47.63 and 20.53%,

respectively. While not accurately predictive of mortality alone, a variable that

falls in intervals 1 and 2 can be considered in a model with other variables that

can be highly predictive of a patient's risk of mortality. Exemplary models that

combine variables will be set forth in detail beiow.

Eight additional transformations to each raw variable were also created

and include centered moving averages, centered moving standard deviations



nested across first and second order derivatives in attempts to provide

information on how these values change over the course of each patient's stay.

Figures 8A and 8B illustrate transformable variables that may be used by the

system illustrated in Figure 2 to predict a hospital patient's risk of mortality.

Physiologic based measures of organ function important in predicting

mortality: were defined by a battery of 96 laboratory and streaming

physiological tests collected during the patients stay in the PICU. These tests

were collected based upon clinical need which varied by patient and varied

over time within patient. This was accomplished by looking within each

variable's distributions and identifying intervals that index high against base-

mortality using the optimized binning procedure found within QTMS V4.0 and

previously described. This procedure was also performed on the eight

additional transformations for each variable (centered moving averages,

standard deviation on first and second derivatives). Figures 9A and 9B

illustrate tables that contain laboratory tests that are available for evaluating a

hospital patient's risk of mortality.

The basic idea is to find intervals within the total distribution where the

target distribution (arrested patients) occurs in different percentages. The

output found in below helps identify these intervals by first binning the entire

distribution into deciles or 10 equaled sized partitions. These intervals are

used to calculate a mortality rate within that range and index it to the overall

mortality rate. The table below that displays those intervals where the index is

greater than 120. From the 98 raw labs and streaming physiologic data, over

500 composite and transformed variables were reported on with 2,400 intervals

from that set indexing 120+. Figures 10A and 0B are tables illustrating

composite and transformation variables that may be used by the system

illustrated in Figure 2 to evaluate a hospital patient's risk of mortality. Figures

11A and 11B are tables illustrating critical intervals for the variables of Figures

10A and 0B that may be used to evaluate a hospital patient's risk of mortality.

The advantage to using these quantitatively derived intervals is that any

means testing tends to focus attention on incorrect areas within the totai

distributions when the data is not normally distributed. A t-test for Sodium

compares a mean of 141 for live patients versus 137 for arresting patients.



You find flat indexes about those values in the graphic below. The data is not

normal but skewed. By recoding the green intervals into a (0,1) we intensify the

strength of the effect. We also have an advantage in that we can now include

patients do did not have any test by coding them as a 0. Figures 12A and 12B

are respectively a table and a graph of critical intervals for sodium content of

live and dead patients. Figures 3A and 13B are graphs of sodium frequency

versus time. Figures 14A - 14C illustrate event counts for different organs for

different patients. Figures 15A - 15D illustrate critical intervals that may be

used by the system illustrated in Figure 2 for evaluating a patient's risk of

mortality. The critical intervals in Figures 5A - 5D may be determined using

a single factor scan procedure found with QTMSV3.2 profiling for extreme

derogatory ranges within the battery of lab tests.

Developing a Common Time Hierarchy. This study was an

accumulation of patient data collected continuously during the PICU

hospitalization. The units of time for each grouping of variables were different.

The units for the time domain variables were sub-second differences between

R peaks, while the time span represented in the frequency domain was based

on 128 bpm). Finally the units for intermittent variables were logged at the

actual clock time taken. To join these 4 groups of data, it was determined to

put this information into a common time frame of 2 minutes. This was

accomplished using SAS procedure Expand (part of the ETS Suite within SAS)

which can combine time series with different frequencies using various

interpolative methods that can be used to convert raw data into a higher

frequency series or aggregate down to a lower frequency series. Figures 16A

and 16B illustrate raw and extrapolated data generated using the procedure

Expand. Figure 16A illustrates intermittent original data and Figure 16B

illustrates extrapolated data into increments.

Following these procedures, we extrapolated all data from all sources,

calibrated into 2 minute epochs for all patients. This resulted in an analytic

data set of 1,000,000 two minute records that contain the 500+ variables and

transformations described before. Each packet represents two minutes of

clock time with information from the pNN category, spectral information, and

derogatory markers from the lab tests and demographics collected.



In conclusion, we have taken data from disparate sources and collected

along difference time increments and built an integrated single source analytic

file all calibrated into two minute increments.

To answer issues about overfitting and the fact that many of these

critical intervals are correlated, an added step was performed with the NICU

model which was to reduce the number of intervals by various rank reduction

techniques (PCA) and model using the factor scores. Because each factor

score is continuous, a Two-Group Multiple Discriminant was used and is

reported.

Multivariate Model Building: The composite file described above was

analyzed using SAS Enterprise Miner 5.3 with the logistic regression model

yielding absolute best fit among several close alternatives. All data through

December 2009 yielded a file of 750,000 2 minute packets each containing the

500+ raw and transformed variables along with the 2,400 optimized bins (based

upon the critical intervals among these 500+ variables). A 40% training sample

(304,929 packets) was used to model build with a 30% validation sample

(228,696 packets) and a 30% test sample (228,698 packets) held out. The

summary of all samples is provided below.

Training Sensitivity = 38,739/ (38,739 + 3526) = 9 1 .65%

Training Specificity =261 ,586 / (261 ,586 + 1078) =99.58%

Validation Sensitivity =29,063 / (29,063 + 2636) =91.68%

Validation Specificity = 196,107 / (196,107 + 890) = 99.54%

The testing sample produced identical results as the validation sample

concluding the model is robust.

Conclusions indicate correctly NOT alarming LIVE patients 99% of the

time and correctly alarming DEAD patients 91% of the time during the entire

course of their PICU stay. Conversely the model misses a DEAD packet 9% of

the time. While this represents each 2 minute result, accumulating signals over

the course of 30 minutes to 1 hour wouid yield a clearer picture and a better

summarization of the patient's current status.



Interactive Reporting: As we collect new patient information and

process it through the same algorithms just described, using COGNOS data

management software available from IBM corporation and this test model,

REALTROMINS risk of mortality score with a drill down of the individual

components contributing to that score will be provided in real time allowing for

diagnostic updates every 2 minutes. Figure 17A is a graph and Figure 17B is a

table illustrating exemplary scores that may be generated for a patient. The

scores may be presented on a per-organ and/or per-patient basis. Such scores

may be emailed to a physician in graphical format or in tabular format to allow

the physician to make a quick evaluation of the patient's risk of mortality.

Information visualization is to present ' significant and non-obvious

patterns within these vast high-dimensional datasets and provide users with

intuitive interface in their exploratory analysis. Many salient patterns may be

only visible in subspaces of the data. Dimensionality reduction and clustering

have become an effective approach to capture and organize these patterns, aid

in the removal of irrelevant or redundant information, and enhances the

comprehensibility of the whole dataset.

In this project, each patient is monitored continuously and a high-

dimensional feature vector is derived for every 2-minute long interval. A

method to organize and summarize these feature vectors so that a user can

navigate through them easily is desirable. In order to generate a consistent yet

succinct view of all data, we need to establish and evaluate the relationships

between these feature vectors. Given the pairwise relationships between

feature vectors, a representation that can efficiently organize them is needed.

This includes the ability to group and summarize similar vectors and the ability

to allow users to examine the relationship between feature vectors and/or

groups of feature vectors at various resolutions seamlessly. Ideally, we want to

derive plausible hierarchical categorizations of feature vectors from their

pairwise dissimilarities. We plan to project these high dimensional vectors onto

some low dimensional space and apply hierarchical clustering.

We have continued to improve upon our existing reporting technologies

imbedded in REALTROMINS. Exemplary unconventional and exceptionally

innovative aspects to our approach are listed below:



streaming real time continuous physiologic data for the entire length of ICU

hospitalization;

interfacing multiple disparate forms of clinically important patient data into a

common database for research development of an advanced bioinformatics

system;

providing an informatics system storing high and low resolution data to readily

allow for frequent recalibrations of the predictive models;

providing mortality predictions based on statistical principles, but utilizing novel

critical interval based techniques

providing a real time continuously updated risk of morality assessment across a

broad spectrum of patients; and

providing a graphical interface that allows bedside care givers to understand

and act upon large sets of clinically important data.

As set forth above, one aspect of the subject matter described herein

uses a model that includes critical intervals for multiple variables to which

monitored values for a patient are compared in order to generate an indication

of the patient's risk of mortality. The following is an example of a NICU model

that may be implemented by the system illustrated in Figure 2 to evaluate a

patient's risk of mortality:

Variable 0 1

Constant -0.20091 -6.81 060
Factorl -0.28830 1.65814
Factor2 0.00604 -0.00391
Factor3 -0.01 189 0.07554
Factor4 -0.69595 4.07369
Factor5 -0.28752 1.66290
Factors -0.26048 1.52776
Factor7 -0.08562 0.47352
Factor8 -0.20929 1.24321
Factor9 -0.21 608 1.251 33
Factorl 0 -0. 13746 0.80579
Factorl 1 -0. 15405 0.90698
Factorl 2 -0.06925 0.38799
Factorl 3 -0.0991 3 0.57833
Factorl 4 -0.0871 1 0.531 04
Factorl 5 -0.08240 0.53599
Factorl 6 -0. 12089 0.71 464
Factorl 7 -0.09577 0.54900
Factorl 8 - -141 0.821 08
Factorl 9 -0. 13160 0.74267
Factor20 -0. 1361 3 0.80762
Factor21 -0.08358 0.51459
Factor22 -0.06739 0.41 867
Factor23 -0. 10 166 0.60537



Factor24 -0.18174 1.05345
Factor25 -0.23663 1.36195
Factor26 -0.01213 0.10820
Factor27 0.05107 -0.29622
Factor28 -0.14207 0.78863
Factor29 -0.06722 0.40433
Factor30 -0.06454 0.38491
Factor31 -0.07605 0.42829
Factor32 -0.11187 0.67386
Factor33 -0.03017 0.13137
Factor34 -0.01941 0.13086
Factor35 -0.02694 0.14742
Factor36 -0.03483 0.18450
Factor37 -0.04668 0.29202
Factor38 -0.03601 0.20023
Factor39 0.05874 -0.31724
Factor40 -0.06479 0.39679
Factor41 -0.09578 0.55065
Factor42 -0.07738 0.45175
Factor43 -0.05947 0.30176
Factor44 -0.16494 0.96125
Factor45 -0.04428 0.24945
Factor46 -0.02387 0.15645
Factor47 -0.05996 0.33865
Factor48 -0.10723 0.61003
Factor49 -0.03515 0.18770
Factor50 -0.02083 0.15172
Factor51 -0.04029 0.22747
Factor52 -0.06045 0.36015
Factor53 -0.04780 0.30002
Factor54 -0.07062 0.39624
Factor55 -0.07177 0.41246
Factor56 -0.05444 0.29256
Factor57 -0.05473 0.35851
Factor58 -0.05819 0.36887
Factor59 -0.05257 0.29494
Factor60 -0.04006 0.25405
Factor61 -0.05685 0.28521
Factor62 -0.05115 0.29318
Factor63 -0.05635 0.34883
Factor64 -0.06668 0.39700
Factor65 -0.06095 0.36169
Factor66 -0.05292 0.28978
Factor67 -0.04499 0.21666
Factor68 -0.00444 0.01509
Factor69 -0.04559 0.23776
Factor70 -0.04526 0.26049
Factor71 -0.11500 0.65056
Factor72 -0.03565 0.19519
Factor73 -0.04075 0.22143
Factor74 -0.03697 0.21035
Factor75 -0.03543 0.21661
Factor76 -0.04793 0.27253
Factor77 -0.05694 0.29992
Factor78 -0.08618 0.50202
Factor79 -0.03524 0.20943
Factor80 -0.04470 0.24862
Factor81 -0.05235 0.29493
Factor82 -0.07565 0.44194
Factor83 -0.03100 0.18079



Factor84 -0.04348 0.25106
Factor85 -0.05120 0.28331
Factor86 -0.03110 0.18381
Factor87 -0.03059 0.15312
Factor88 -0.04195 0.21911
Factor89 -0.02403 0.13863
Factor90 -0.03540 0.18019
Factor91 -0.08765 0.51857
Factor92 -0.04127 0.22865
Factor93 -0.01852 0.13274
Factor94 -0.04286 0.24996
Factor95 -0.00759 0.01358
Factor96 -0.06443 0.35972
Factor97 -0.03615 0.15639
Factor98 -0.04045 0.25249
Factor99 0.00357 -0.03108

In the model, each factor represents a physiologic variable or combination of

such variables. The "0" column represents beta weights for Live NICU patients

while the "1" column represents beta weights for the dead NICU patients. In

addition we have also produced PM L formatted scoring algorithms of the

PICU and RR population. Abbreviated examples can be found for PICU in

Figure 18A and for RR in Figure 18B. Although different critical intervals were

identified for each patient population (NICU, PICU and RR), all follow the same

reporting outlined in Figures 17A- 17C. Complete versions of these models

can be found in the above-referenced provisional patent application.

Improving ECG Signal Integrity: Pre-processing of the ECG:

According to another aspect of the subject matter described herein, the

predictive accuracy of the models can be improved by pre-processing the ECG

signal using a covariance function to lessen the effects of corruption in the ECG

signal. Traditional methods of "R" wave detection of the ECG use a

combination of signal conditioning, QRS detection and post-processing. QRS

detection methods include amplitude threshold, first derivative threshold,

moving average filters, high pass filters, cross correlation and others. Our

approach is to use the covariance function (formula 1) in conjunction with

statistical filtering to detect the "R" wave. We have found the covariance

function is superior for QRS detection than standard cross-correlation or

correlation coefficient function, since it removes baseline shifts and does not

amplify other portions of the ECG other than the "R" wave. Figure 19 is an ECG



signal which has been corrupted: from second 2-4 with baseline shift due to

motion artifact from deep breathing; from seconds 3-7 with moderate E G

artifacts due to a Valsalva maneuver; and from seconds 7-1 1 with intense

pectoralis major muscle flexion.

(formula 1)

Using the covariance function (formula 1), the corruption can be removed. For

example, when missing data is seen in ECG signals we "fill-in" using the

correlation (covariance) with secondary sources ( e.g., respiration) to estimate

the missing ECG value. When high covariance(correlation) with secondary

feeds exist, this approach has yielded significant value over a randomly

assigned/blank values. In addition, when looking across multiple secondary

feeds simultaneously w e have reported more accurate estimates (fill-in value)

then when just using single source.

The covariance between the QRS template (Figure 20) and the

contaminated ECG (Figure 19) is determined; with the output shown in Figure

2 1.

Post Processing

Other investigators have used finite impulse response (FIR), infinite

impulse response (IIR) filters, adaptive filtering, cubic spline fitting, moving

average filtering, median filtering, weighted average filtering, mathematical

morphology and neural networks to aid in the identification of the QRS wave.

W e have implemented a quadrature-mirrored 2nd order linear high-pass IIR

filter to remove the baseline shifts. The output is shown in Figure 22.

The R wave was then distinguished using a 2-sigma statistical filter,

fo llow -pass discriminatory filter, as shown in Figure 23.

and First Derivative filter, with the output of this final stage shown in Figure 24.

In this figure, the original contaminated ECG is displayed, with the output of the



several filtering steps described above shown as binary values ( 1 or 0) along

the bottom axis. The spikes (value 1) mark the occurrence of the "R" wave.

The ECG signal in Figure 24 represents a section of a worst-case scenario test

signal with a SNR of 0.5 (-6.1 1dB), which only occurs occasionally with poor

sensor connectivity or during extreme patient activity (0.4 Hz - respiration, 3 Hz

cardioballistic, 60 Hz - power line, 0-155Hz, white noise). Applying this

detection procedure, we are able to correctly detect the "R" wave on this ECG

test signal at 92% sensitivity, with 20% false positives.

We have tested this "R" wave detection algorithm in a research study

with 24 hr monitoring of sleep patients (20 subjects). While our current method

is sufficient for ECG signal processing when off-line correction is appropriate, it

is not sufficient for real-time continuous "R" wave detection for alarming, which

must have very high real-time fidelity. High level Alarming for this condition

must be prevented to achieve caregiver alertness through confidence in the

alarm situation. We will improve our detection methodology to 99% detection

with 5% false positives under this extreme condition of ECG contamination.

Alarming

Even following signal filtering and enhanced identification of "R" waves

using cross-correlation of the ECG with QRS templates, waveform sections

with missed beats or falsely marked "R" waves are inevitable, resulting in false

alarms. We will employ a multi-tiered method for minimizing false alarms.

Heart Rate Alarms:

Three parallel records of heart period time-series will be derived

following the initial signal conditioning and RR interval detection from the two

ECG signals and the invasive or non-invasive pulse waveform obtained from

the pulsed oximeter. Missing or false detections of the R-wave will be implied

from unusually long (multiple of a single interval) or short (fractional) intervals.

Paired comparisons will be made between these three data sets and

improperly detected events will be corrected when they coincide with the

expected interval. When a long segment of any of the three waveforms is false,

a low-level alarm will be issued (poor sensor contact, high level noise, or



sensor disconnect). When long segments (5 seconds) of all three waveforms

are false, a high level alarm will be issued.

It will be understood that various details of the subject matter described

herein may be changed without departing from the scope of the subject matter

described herein. Furthermore, the foregoing description is for the purpose of

illustration only, and not for the purpose of limitation.



CLAIMS

What is claimed is:

. A method for evaluating a hospital patient's risk of mortality, the

method comprising:

collecting data from physiologic signals generated by patient

monitors, physiologic signals of organ function, and demographic

information for a patient;

determining a measure of the variability of at least one of the

physiologic signals;

analyzing the data and the measure of variability to determine

whether value for a particular physiologic or demographic variable falls

within a critical interval for the variable that indicates that the value is

predictive of mortality or survival;

each time a value for a physiologic or demographic variable for

the patient falls within a critical interval, recording the occurrence of an

event for the patient;

counting the number of events for the patient over a time period;

and

generating, based on the count, output perceptible by human

user that indicates the patient's risk of mortality or likelihood of survival.

2 . The method of claim 1 wherein collecting the data includes

separating the data into time stamped packets.

3. The method of claim 2 wherein the data comprises data from an

electronic organ monitor, wherein separating the data into time

stamped packets includes identifying a peak value and a time stamp

for each packet.

4 . The method of claim 3 wherein determining a measure of the

variability comprises computing derivatives in the data from the peak

values and the time stamps.

5. The method of claim 1 wherein each critical interval comprises a

range of values for which mortality or non-mortality rate for known

patient outcomes is above a threshold.



6. The method of claim 1 wherein counting the number of events for

the patient includes counting the number of total events for the

patient in a day.

7. The method of claim 1 wherein counting the number of events

includes counting the number of events per organ for the patient.

8. The method of claim 1 wherein generating the output includes

generating a graph of event counts for the patient.

9. The method of claim 1 comprising electronically transmitting the

graph to a physician.

10. The method of claim 1 wherein the patient comprises one of a

neonatal intensive care unit patient, a pediatric intensive care unit

patient, or a patient in the hospital prior to admission to an intensive

care unit.

1 . The method of claim 1 wherein the physiologic signals include an

electrocardiogram (ECG) signal and wherein the method further

comprises using a covariance function to reduce corruption in the

ECG signal.

12. A system for evaluating a hospital patient's risk of mortality, the

system comprising:

a data collection module for collecting data from physiologic

signals generated by patient monitors, physiologic measures of organ

function, and demographic information for a patient in a hospital;

a signal processing module for computing a measure of the

variability of the physiologic signals;

a scoring module for analyzing the data and the measure of

variability to determine whether a value for a particular physiological or

demographic variable falls within a critical interval for the variable that

indicates that the value is predictive of mortality or survival, for, each

time the value for a physiologic or demographic variable for the patient

falls within a critical interval, recording the occurrence of an event for the

patient and counting the number of events for the patient over a time

period; and



an output module for generating, based on the count, output

perceptible by human user that indicates the patient's risk of mortality or

likelihood of survival.

13. The system of claim 12 wherein the data collection module is

configured to separate the data into time stamped packets.

14. The system of claim 13 wherein the data comprises data from an

electronic organ monitor, wherein separating the data into time

stamped packets includes identifying a peak value and a time stamp

for each packet.

15. The system of claim 14 wherein the signal processing module is

configured to compute derivatives in the data from the peak values

and the time stamps.

16. The system of claim 12 wherein each critical interval comprises a

range of values for which mortality or survival rate for known patient

outcomes is above a threshold.

17. The system of claim 12 wherein the scoring module is configured to

count the number of total events for the patient in a day.

18. The system of claim 12 wherein the scoring module is configured to

count the number of events per organ for the patient.

19. The system of claim 12 wherein the output module is configured to

generate a graph of event counts for the patient.

20. The system of claim 12 wherein the output module is configured to

transmit the graph to a physician.

2 1. The system of claim 12 wherein the patient comprises one of a

neonatal intensive care unit patient, a pediatric intensive care unit

patient, or a patient in the hospital prior to admission to an intensive

care unit.

22. The system of claim 12 wherein the signal processing module is

configured to receive and process an electrocardiogram (ECG)

signal and to use a covariance function to reduce corruption in the
_ : ιs y i.



23. A non-transitory computer readable medium having stored thereon

executable instructions that when executed by the processor of a

computer control the computer to perform steps comprising:

collecting data from physiologic signals generated by patient

monitors, physiologic signals of organ function, and demographic

information for a patient;

determining a measure of the variability of at least one of the

physiologic signals;

analyzing the data and the measure of variability to determine

whether value for a particular physiologic or demographic variable falls

within a critical interval for the variable that indicates that the value is

predictive of mortality or survival;

each time a value for a physiologic or demographic variable for

the patient falls within a critical interval, recording the occurrence of an

event for the patient;

counting the number of events for the patient over a time period;

and

generating, based on the count, output perceptible by human

user that indicates the patient's risk of mortality or likelihood of survival.
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