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(57) ABSTRACT

A method to quantitatively predict a patient’s serum lactate
level, comprising measuring arterial blood pressure and
heart rate from the patient, computing estimates of one or
more cardiovascular parameters from the measured arterial
blood pressure and heart rate, providing one or more clas-
sifiers that have been trained on a training data set including
a reference set of arterial blood pressure, heart rate, and
serum lactate levels and using the one or more classifiers to
estimate the serum lactate level of the patient.
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SYSTEM AND METHODS TO PREDICT
SERUM LACTATE LEVEL

CROSS REFERENCE RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 62/204,292, filed Aug. 12, 2015
which is hereby incorporated by reference herein in its
entirety. This application is related to co-pending PCT
Application (Attorney Docket No.: MIN-139-WO1)
filed Aug. 12, 2016, which is hereby incorporated herein by
reference in its entirety.

BACKGROUND

[0002] Serum lactate is an important biomarker for hypop-
erfusion and is useful in patient monitoring from critical care
medicine to perioperative management. Serum lactate has,
for instance, been shown to be an independent predictor of
mortality in sepsis patients and an independent predictor of
major complications after cardiac surgery; it is capable of
stratifying patients by risk for developing shock; and serum
lactate level also serves as a useful target for quantitative
resuscitation. Current methods and systems for estimating
serum lactate require a blood draw and laboratory test,
which incur cost and delay.

SUMMARY

[0003] System and methods are disclosed herein for pre-
dicting a patient’s serum lactate level. According to once
aspect, arterial blood pressure and heart rate are measured
from the patient and estimates of one or more cardiovascular
parameters are computed from the measured arterial blood
pressure and heart rate. One or more classifiers are provided
that have been trained on a training data set including a
reference set of arterial blood pressure, heart rate, and serum
lactate levels. The one or more classifiers are used to
estimate the serum lactate level of the patient.

[0004] Another aspect relates to a system including means
for assigning a risk of sepsis to the patient depending on the
estimated serum lactate level. The system further comprises
means for estimating at least one of a total peripheral
resistance, cardiac output and stroke volume of a patient
using the measured arterial blood pressure and heart rate. In
some implementations, the system further comprises means
for including at least one of total peripheral resistance,
cardiac output and stroke volume in the training data set.
Another aspect relates to the system including means for
extracting static parameters from history associated with the
patient and incorporating in training the one or more clas-
sifiers, and wherein patient history includes demographic
information and one or more lab values. In some embodi-
ments, the system further comprises grouping patients with
similar history in the training data. Another aspect of the
invention relates a system including means for determining
arterial blood pressure and heart rate from real-time wave
forms. Another aspect of the system relates to a system
comprising means for generating an alarm if the serum
lactate level of the patient crosses a predetermined threshold.
[0005] In some embodiments, the system further com-
prises means for selecting a classifier from the one or more
classifiers to estimate serum lactate level for a patient,
wherein the selected classifier is based on a set of features
including a median systolic blood pressure and a log-ratio
that compares a first median heart rate for a length of time
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as measured at a beginning of a measurement and a second
median heart rate for the length of time as measured at an
end of the measurement and wherein the selected classifier
has a highest median area under the curve value and a
highest equal error rate value in comparison to other clas-
sifiers in the one or more classifiers.

[0006] In some implementations, a serum lactate is esti-
mated for a patient. According to once aspect, arterial blood
pressure and heart rate are measured from the patient.
Estimates of one or more cardiovascular parameters are
computed from the measured arterial blood pressure and
heart rate. One or more classifiers are provided that have
been trained on a training data set including a reference set
of arterial blood pressure, heart rate, and serum lactate
levels. The one or more classifiers are used to estimate the
serum lactate level of the patient.

BRIEF DESCRIPTION OF DRAWINGS

[0007] FIG. 1 is block diagram of a computing device for
performing any of the processes described herein, according
to an illustrative embodiment.

[0008] FIG. 2 is a block diagram of a classification system
for determining a serum lactate level associated with heart
rate and arterial blood pressure, according to an illustrative
embodiment.

[0009] FIG. 3 is a block diagram of a training system for
training a set of classifiers on heart rate and arterial blood
pressure, according to an illustrative embodiment.

[0010] FIG. 4 is a block diagram of a testing system for
testing a set of trained classifiers on heart rate and arterial
blood pressure, according to an illustrative embodiment.
[0011] FIG. 5 is a block diagram of an application system
for using trained and tested classifiers to determine a serum
lactate level associated with heart rate and arterial blood
pressure, according to an illustrative embodiment.

[0012] FIG. 6 is a flow diagram depicting a process, at the
training stage, for training a set of classifiers on heart rate
and arterial blood pressure, according to an illustrative
embodiment.

[0013] FIG. 7 is a flow diagram depicting a process, at the
testing stage, for testing a set of trained classifiers on heart
rate and arterial blood pressure, according to an illustrative
embodiment.

[0014] FIG. 8 is a flow diagram depicting a process, at the
application stage, for using validated (trained and tested)
classifiers to determine a serum lactate level associated with
heart rate and arterial blood pressure, according to an
illustrative embodiment.

[0015] FIG. 9 depicts a performance of a set of 100
classifiers on the testing data, wherein each classifier is
trained on a random 80% set of training data, according to
an illustrative embodiment.

[0016] FIG. 10 depicts histograms areas under the receiver
operating characteristic curves and equal error rate values
for a set of 100 classifiers, according to an illustrative
embodiment.

[0017] FIG. 11 depicts a median sensitivity value (along
with upper and lower quartiles) for each specificity value,
for a set of 100 receiver operating characteristic curves
associated with classification for serum lactate threshold 2.5
mmol/L, according to an illustrative embodiment.

[0018] FIG. 12 depicts a median sensitivity value along
with upper and lower quartiles) for a set of 100 receiver
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operating characteristic curves associated with classification
for serum lactate threshold 4 mmol/L, according to an
illustrative embodiment.

[0019] FIG. 13 is a flow diagram of filtering the database
for preprocessing training data to train the classifiers,
according to an illustrative embodiment.

DETAILED DESCRIPTION

[0020] Serum lactate is an important marker of risk for
adverse outcomes (such as mortality and organ failure, for
example) in critically ill patients. Lactate is produced and
consumed throughout the body. However, lactate production
increases in hypoxic conditions, when the cells of the body
are deprived of oxygen.

[0021] Hemodynamic disruptions (including those result-
ing from trauma, cardiac arrest, and sepsis, for example)
may also affect lactate production. Hemodynamic disrup-
tions lead to increased lactate production, which registers in
blood draws. For this reason, lactate is regarded as an
important biomarker for risk in patients. However, lactate
may also be elevated due to cancer, strenuous exercise,
metabolic problems, alcohol intoxication, and medication
use. Knowledge of the patient and the causes of hyperlac-
tatemia are essential to providing appropriate care.

[0022] Therefore, serum lactate is an important risk-strati-
fication tool for critically ill patients with complaints of
infectious or non-infectious origin. The known methods of
determining serum lactate level include sending an arterial
or venous blood draw to a laboratory blood gas analyzer and
point-of-care devices that use capillary blood from a finger
prick, among others. These approaches incur cost and delay.
The system and methods disclosed herein describe how to
estimate or predict the serum lactate level of a patient in real
time and over a time interval.

[0023] For the purposes of this application, a serum lactate
level may refer to a determined quantity of serum lactate in
a patient, or a serum lactate category, where the categori-
zation of the serum lactate level is based on a predetermined
criteria. Similarly, for the purposes of this application, heart
rate may be a measured heart rate of a patient or an estimated
heart rate of the patient, and arterial blood pressure may be
a measured arterial blood pressure of a patient or an esti-
mated blood pressure of a patient.

[0024] FIG. 1isa block diagram of a computing device for
performing any of the processes described herein, according
to an illustrative embodiment. Each of the components of
these systems may be implemented on one or more com-
puting devices 100. In certain aspects, a plurality of the
components of these systems may be included within one
computing device 100. In certain implementations, a com-
ponent and a storage device may be implemented across
several computing devices 100.

[0025] The computing device 100 comprises at least one
communications interface unit, an input/output controller
110, system memory, and one or more data storage devices.
The system memory includes at least one random access
memory (RAM 102) and at least one read-only memory
(ROM 104). All of these elements are in communication
with a central processing unit (CPU 106) to facilitate the
operation of the computing device 600. The computing
device 600 may be configured in many different ways. For
example, the computing device 600 may be a conventional
standalone computer or, alternatively, the functions of com-
puting device 600 may be distributed across multiple com-
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puter systems and architectures. In FIG. 1, the computing
device 100 is linked, via network or local network, to other
servers or systems.

[0026] The computing device 100 may be configured in a
distributed architecture, wherein databases and processors
are housed in separate units or locations. Some units perform
primary processing functions and contain at a minimum a
general controller or a processor and a system memory. In
distributed architecture implementations, each of these units
may be attached via the communications interface unit 108
to a communications hub or port (not shown) that serves as
a primary communication link with other servers, client or
user computers and other related devices. The communica-
tions hub or port may have minimal processing capability
itself, serving primarily as a communications router. A
variety of communications protocols may be part of the
system, including, but not limited to: Ethernet, SAP, SAS™,
ATP, BLUETOOTH™, GSM and TCP/TP.

[0027] The CPU 106 comprises a processor, such as one or
more conventional microprocessors and one or more supple-
mentary co-processors such as math co-processors for
offloading workload from the CPU 806. The CPU 106 is in
communication with the communications interface unit 108
and the input/output controller 110, through which the CPU
106 communicates with other devices such as other servers,
user terminals, or devices. The communications interface
unit 108 and the input/output controller 110 may include
multiple communication channels for simultaneous commu-
nication with, for example, other processors, servers or
client terminals in the network 118.

[0028] The CPU 106 is also in communication with the
data storage device. The data storage device may comprise
an appropriate combination of magnetic, optical or semi-
conductor memory, and may include, for example, RAM
102, ROM 104, flash drive, an optical disc such as a compact
disc or a hard disk or drive. The CPU 106 and the data
storage device each may be, for example, located entirely
within a single computer or other computing device; or
connected to each other by a communication medium, such
as a USB port, serial port cable, a coaxial cable, an Ethernet
cable, a telephone line, a radio frequency transceiver or
other similar wireless or wired medium or combination of
the foregoing. For example, the CPU 106 may be connected
to the data storage device via the communications interface
unit 108. The CPU 106 may be configured to perform one or
more particular processing functions.

[0029] The data storage device may store, for example, (i)
an operating system 112 for the computing device 100; (ii)
one or more applications 114 (e.g., computer program code
or a computer program product) adapted to direct the CPU
106 in accordance with the systems and methods described
here, and particularly in accordance with the processes
described in detail with regard to the CPU 106; or (iii)
database(s) 116 adapted to store information that may be
utilized to store information required by the program.
[0030] The operating system 112 and applications 114
may be stored, for example, in a compressed, an uncompiled
and an encrypted format, and may include computer pro-
gram code. The instructions of the program may be read into
a main memory of the processor from a computer-readable
medium other than the data storage device, such as from the
ROM 104 or from the RAM 102. While execution of
sequences of instructions in the program causes the CPU
106 to perform the process steps described herein, hard-
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wired circuitry may be used in place of, or in combination
with, software instructions for implementation of the pro-
cesses of the present disclosure. Thus, the systems and
methods described are not limited to any specific combina-
tion of hardware and software.

[0031] Suitable computer program code may be provided
for performing one or more functions in relation to perform-
ing classification of serum lactate levels based on heart rate
and serum lactate levels as described herein. The program
also may include program elements such as an operating
system 112, a database management system and “device
drivers” that allow the processor to interface with computer
peripheral devices (e.g., a video display, a keyboard, a
computer mouse, etc.) via the input/output controller 110.

[0032] The term “computer-readable medium” as used
herein refers to any non-transitory medium that provides or
participates in providing instructions to the processor of the
computing device 100 (or any other processor of a device
described herein) for execution. Such a medium may take
many forms, including but not limited to, non-volatile media
and volatile media. Non-volatile media include, for
example, optical, magnetic, or opto-magnetic disks, or inte-
grated circuit memory, such as flash memory. Volatile media
include dynamic random access memory (DRAM), which
typically constitutes the main memory. Common forms of
computer-readable media include, for example, a floppy
disk, a flexible disk, hard disk, magnetic tape, any other
magnetic medium, a CD-ROM, DVD, any other optical
medium, punch cards, paper tape, any other physical
medium with patterns of holes, a RAM, a PROM, an
EPROM or EEPROM (electronically erasable program-
mable read-only memory), a FLASH-EEPROM, any other
memory chip or cartridge, or any other non-transitory
medium from which a computer can read.

[0033] Various forms of computer readable media may be
involved in carrying one or more sequences of one or more
instructions to the CPU 106 (or any other processor of a
device described herein) for execution. For example, the
instructions may initially be borne on a magnetic disk of a
remote computer (not shown). The remote computer can
load the instructions into its dynamic memory and send the
instructions over an Ethernet connection, cable line, or even
telephone line using a modem. A communications device
local to a computing device 100 (e.g., a server) can receive
the data on the respective communications line and place the
data on a system bus for the processor. The system bus
carries the data to main memory, from which the processor
retrieves and executes the instructions. The instructions
received by main memory may optionally be stored in
memory either before or after execution by the processor. In
addition, instructions may be received via a communication
port as electrical, electromagnetic or optical signals, which
are exemplary forms of wireless communications or data
streams that carry various types of information.

[0034] FIG. 2 is an illustrative block diagram of a classi-
fication system 200 for determining a serum lactate level
associated with a patient. The system 200 includes a training
stage 202, a testing stage 204 and an application stage 206.
Inputs to the system 200 include training input data to train
a set of classifiers, testing input data to test the set of trained
classifiers and data recorded from a patient. The system 200
uses the trained and tested classifiers and the patient data to
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provide an estimate or predicted serum lactate level of the
patient. In some embodiments, the set of classifiers may only
comprise a single classifier.

[0035] The training stage 202 receives a set of training
input data and provides a set of trained classifiers to the
testing stage 204. The set of training input data includes a set
of training heart rate and arterial blood pressure data
recorded from a first group of patients and a set of the
patients’ serum lactate levels. In some embodiments, the set
of training input data may contain gaps in some segments.
For example, for some patients in the training data, the
demographic information may be incomplete or may be
implausible (an 800 year old man, for example). In that case,
the training input data may also include synthetic data. The
synthetic data may be generated by users or testers associ-
ated with the process for the purposes of covering correla-
tions between heart rate and arterial blood pressure and
serum lactate levels that are not covered in data from the first
group of patients. In some embodiments, the training data
may include solely synthetic data if the users associated with
the training stage may wish to train the classifiers on a very
specific set of characteristics and correlations that are not
available in historic data of the first group of patients. For
example, the user associated with the training stage may be
a clinician (such as a doctor or a nurse) or a researcher at a
hospital. In the process of importing the training input data,
the user may identify gaps in the training data and might
want to add some synthetic training data to fill these gaps.
The gaps may include certain values or ranges of heart rate
and arterial blood pressure that are not part of the training
data. In some embodiments, these gaps in training data may
not be part of the predictions of serum lactate levels made
for patients. In some embodiments, the users associated with
the training stage may be developers who add synthetic
training data to fill in gaps in the training data to examine the
performance of the training stage under different conditions.
In some embodiments, certain algorithms used to generate
classifiers (for example generative adversarial neural nets),
involve the learning of a generative model to produce
examples that would trick the classifier. In such cases,
synthetic data is generated to cover rare cases that may trick
the classifier. In some embodiments, the signals received
from the training data are noisy, and potentially disrupted. In
such cases the estimated heart rate and arterial blood pres-
sure values used to replace the noisy signals may be syn-
thetic based on informed models of noise processes, channel
characteristics and the physiological condition of the patient.
For example, the relation of heart rate to pulse, cardiac
output and pulse pressure may influence the synthetic esti-
mation of noisy heart rate values. The training data may
include windowed averages of heart rate extracted from
electrocardiogram (ECG) signals and second by second
moving averages of arterial blood pressure obtained through
a catheter. In some embodiments, the heart rate and arterial
blood pressure data may be partitioned using different time
windows. For example, the heart rate may be averaged over
multiple seconds or minutes 5 seconds, 10 seconds, 60
seconds, and 5 minutes and so on. Similarly, the arterial
blood pressure may be averaged over multiple seconds or
minutes like 5 seconds, 10 seconds, and 60 seconds and so
on. The time window of averaging these parameters may be
manually specified by a user associated with the training
input data. In some embodiments, it may be preferable to
create longer partition of time windows of the training data
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because it takes time for imbalances in oxygen delivery and
demand to reflect in serum lactate levels. The set of training
input data may also include parameters that may not be
monitored regularly (such as the patient’s medical history
and demographic information, for example). In some
embodiments, patients with similar history or demographic
information are grouped together. This is done to provide
classifiers to predict serum lactate levels for a particular
condition. For example, all patients who have been recu-
perating post cardiac arrests are grouped together in one
training data set, and all patients below the age of 50 are
grouped together in a different training data set. The evolu-
tion of patients’ serum lactate levels over the next few hours
is very predictive of outcome. The risk of sepsis for these
groups will be influenced by their preexisting conditions.
Therefore classifiers are trained on specific groups to yield
better results in predicting serum lactate level for a wide
range of patients. In some embodiments, patients may be
grouped by trauma experienced, experience of sepsis-like
responses or perioperative patients. There are likely clues
about perfusion adequacy and in the heart rate and arterial
blood pressure of all such patients. The training stage 202
may select subsets of training input data and train a classifier
on each selected subset. The components of the training
stage 202 are described in detail in relation to FIG. 3, and the
training stage 202 may operate on the training input data
according to the method as described in FIG. 6.

[0036] The testing stage 204 receives the set of trained
classifiers from the training stage 202 and a set of testing
input data. The set of testing input data includes a set of
testing heart rate and arterial blood pressure recorded from
a second group of patients and a set of the patients’ serum
lactate levels. The components of the testing stage 204 are
described in detail in relation to FIG. 4, and the testing stage
may operate on the testing input data and the trained
classifiers according to the method described in relation to
FIG. 7. In particular, the testing stage 204 may aggregate
votes from the trained classifiers operating on the testing
input data and compare the serum lactate levels predicted by
the aggregated votes to the corresponding set of actual
serum lactate levels from the second group of patients in the
testing input data. If there is a sufficient match between the
predicted and actual serum lactate levels, the testing stage
204 validates the classifiers and provides the validated
classifiers to the application stage 206.

[0037] The application stage 206 receives the set of vali-
dated classifiers from the testing stage 204 and data recorded
from a patient. The data may include a heart rate, arterial
blood pressure and parameters not monitored regularly,
(such as the patient’s medical history and demographic
information, for example) and the serum lactate level of the
patient may be unknown. The components of the application
stage 206 are described in detail in relation to FIG. 5, and the
application stage 206 may operate on the patient data and the
validated classifiers according to the method described in
FIG. 8. In particular, the application stage 206 may aggre-
gate votes from the validated classifiers operating on the
patient data to determine a predicted serum lactate level
associated with the patient. The predicted serum lactate level
may be provided by the system 200 to a user such as a
medical professional.

[0038] FIG. 3 is an illustrative block diagram 300 of a
training stage 202 for training a set of classifiers on a set of
training heart rate and arterial blood pressure. The training
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stage 202 includes a database 310, a receiver 312, a pre-
processor 314, a feature extractor 316, a subset selector 320,
a classifier tuner 322, and a user interface 324 that includes
a display renderer 326. The training stage 202 may operate
on training input data according to the method described in
relation to FIG. 6. The database 310 may also be used to
store any data related to training a set of classifiers as
described herein.

[0039] The training stage 202 receives training input data
over the receiver 312. The receiver 312 may provide an
interface with a data source, which may transmit heart rate
and arterial blood pressure and corresponding patient serum
lactate level to the training stage 202. The training input data
includes second-by-second windowed averages of heart rate
extracted from electrocardiogram (ECG) signals as well as
second by second of moving averages of arterial blood
pressure measured through a catheter along with corre-
sponding serum lactate levels are for each of those values.
In some embodiments, the database may include a record of
intervention by a clinician at a certain point in a patient’s
treatment. In such cases, the database may include a track of
interventions made and corresponding serum lactate level to
predict an intervention by a clinician based on historical
patient data and clinical guidelines.

[0040] After the training data is received by the receiver
312, the preprocessor prepares the training data that may be
used to train the classifiers. The preprocessing may involve
partitioning the data into various sets and removing outlier
values. As discussed in the training stage 202, the data may
be partitioned using different time windows. For example,
the heart rate may be averaged over multiple seconds and
minutes, like 5 seconds, 10 seconds, 60, and 5 minutes
seconds and so on. Similarly, the arterial blood pressure may
be averaged over multiple seconds or minutes like 5 sec-
onds, 10 seconds, and 60 seconds and so on. In some
embodiments, the preprocessor may also include filtering
out those records for which some parameters are not avail-
able. One example of the steps involved in preprocessing is
described in relation to FIG. 13.

[0041] After the training data is preprocessed by the
preprocessor 314, the feature extractor 316 extracts features
from the remaining preprocessed heart rate and blood pres-
sure values. The features may be characteristics of the heart
rate and arterial blood pressure that are directly correlated to
serum lactate levels. Features may be indicative of shock
index, total peripheral resistance, stroke volume, cardiac
output or any other suitable feature of a patient. Details
regarding the determination of total peripheral resistance are
described in U.S. Pat. No. 8,282,564 filed May 15, 2008, the
contents of which are hereby incorporated herein by refer-
ence in their entirety. Use of feature extraction is advanta-
geous because features express discriminative information
in a compact form that is better suited for use by the machine
learning algorithm and for the establishment of a link to
serum lactate level than the preprocessed data. In addition,
these features are straightforward to extract from the heart
rate and arterial blood pressure. In addition to features
extracted from heart rate and arterial blood pressure, other
features (such as patient history, demographic information,
lab values, interventions nurse verified number of vitals and
other parameters that may not be continuously monitored,
for example) may also be extracted from the patient record.
In some embodiments, the derived parameters of total
peripheral resistance, shock index and cardiac output may be
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used to predict mortality and other adverse events better than
their constituent heart rate and arterial blood pressure alone.
These adverse events may be associated with the serum
lactate level to stratify patient risk of sepsis as discussed
with respect to FIG. 8. These features tune the classifier to
estimate serum lactate levels in the training stage.

[0042] After the feature extractor 316 extracts the features
from the training set of heart rate and arterial blood pressure,
the subset selector 320 selects subsets of the training data.
As an example, the subset selector 320 may randomly select
a fixed number of the patients in the first group of patients
to form a subset of the training data. The number of selected
patients may be based on user input received over the user
interface 324. For example, the user input may include the
number of patients to select, or the user input may include
a percentage of the number of patients to select. Additional
subsets may also be subsequently selected in the same way.
The number of selected subsets may be based on a number
of desired classifiers, and may be determined based on user
input received over the user interface 324. The total number
of selected subsets may be referred to herein as N.

[0043] After N subsets of the training heart rate and
arterial blood pressure are selected, the classifier tuner 322
trains a classifier on each subset to determine a decision rule
for the subset. In particular, the decision rule may be based
on the extracted features from the training data set and the
known serum lactate levels of the patients in the training
data set. A classifier may provide a map from any set to
feature values to a serum lactate level. In some embodi-
ments, the classifier may provide a map from a set of a heart
rate and corresponding arterial blood pressure value to a
serum lactate level of a patient. Thus, a total of N classifiers
are generated from the N subsets of the training heart rate
and arterial and blood pressure.

[0044] The output of the training stage 202 is a set of N
classifiers that have been trained on N different subsets of
the first portion of the training input data to map the heart
rate and arterial blood pressure to a serum lactate level.
[0045] FIG. 4 is an illustrative block diagram 400 of a
testing stage 204 for testing a set of classifiers on a set of
testing heart rate and arterial blood pressure. The testing
stage of 204 includes several components for executing the
process described herein. In particular, the testing stage 204
includes a database 430, a receiver 432, a vote collector 434,
a vote aggregator 436, a classifier evaluator 438, and a user
interface 440 including a display renderer 442. The testing
stage 204 may operate on testing input data and a set of
trained classifiers according to the method described in
relation to FIG. 7. The database 430 may be used to store any
data related to testing a set of classifiers as described herein.
[0046] The testing stage 204 receives testing input data
and a set of N trained classifiers over the receiver 432. The
receiver 432 may provide an interface with a data source,
which may transmit testing heart rate and arterial blood
pressure and corresponding serum lactate levels to the
testing stage 204. The testing heart rate and arterial blood
pressure may be recorded from a second group of patients
(i.e., which may be different from the first group of patients
making up the set of training data used in the training stage
202), and the serum lactate levels of the second group of
patients may be known and transmitted to the receiver 432.
In particular, there may be K patients in the second group of
patients, such that the testing heart rate and arterial blood
pressure include K different sets of values. The receiver 432
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may also form an interface with the training stage 202 to
receive a set of trained classifiers from the training stage
202. In particular, each trained classifier in the set of trained
classifiers may include a decision rule based on patients’
heart rate and arterial blood pressure data indicating a most
likely serum lactate level corresponding to the patient.
[0047] After the testing data and the set of classifiers are
received, the vote collector 434 collects votes from the N
trained classifiers based on the heart rate and arterial blood
pressure record from each patient in the second group of
patients. The votes correspond to candidate serum lactate
levels that are selected based on the decision rule of each
trained classifier. The time series data received by the testing
stage for each patient in the second group of patient has heart
rate data derived from the patient’s ECG and arterial blood
pressure measured from an arterial catheter. The testing
stage then proceeds to divide this time series data into
smaller time windows to be processed. As described in
relation to the training stage 202, the data for the testing
stage may be divided by time intervals of 5 seconds, 10
seconds, 60 seconds, 5 minutes or any other suitable time
interval. Bach time window of the ECG data may be
representative of a number of heart beats. The heart rate for
each time window is averaged over the heart beats present
in the time window Similarly, the arterial blood pressure is
averaged over the time window. In particular, a number J
windows of heart rate data and arterial blood pressure values
may be selected (J may be determined based on user input
received over the user interface 440, for example), and for
each patient, the classifiers may vote on each of the J
windows of heart rate data and arterial blood pressure
values. Thus, for each patient record in the set of testing
data, the vote collector 434 determines N x J votes for the
candidate serum lactate levels.

[0048] After the votes have been collected, the vote aggre-
gator 436 aggregates the votes. In certain implementations,
the vote aggregator 436 combines the votes in two steps for
each patient. A first step includes a “heart rate window”
aggregation, and a second step includes a “per patient”
aggregation. The result of the two steps is a determination of
a most likely serum lactate level of a patient in the second
group of patients.

[0049] In a first step, the vote aggregator 436 performs a
“per heart rate window” aggregation by combining the N
votes across the N classifiers (i.e., one vote per classifier) for
a given heart rate window. For example, the vote aggregator
436 may determine a most likely candidate serum lactate
level corresponding to a heart rate window by determining
whether the number of votes for the serum lactate level
satisfy some criterion. For example, a threshold value may
be based on user input received over the user interface 440
and may be a fixed number or a fixed percentage of the N
votes. In another example, the criterion may require the vote
aggregator 436 to simply select the candidate serum lactate
level with the most votes, regardless of whether the number
of votes exceeds some threshold. In another example, the N
votes may be combined to obtain an average ranging from
0 to 1 that is retained in the next voting step. The vote
aggregator 436 repeats this for each of the J heart rate
windows and arterial blood pressure in a patient’s record to
provide a set of J resulting votes (i.e., one resulting vote per
heart rate window).

[0050] In asecond step, the vote aggregator 436 performs
a “per patient” aggregation by combining the set of J
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resulting votes to determine a most likely serum lactate level
for the patient. For example, the vote aggregator 436 may
determine a most likely serum lactate level of the patient by
determining a probability of the serum lactate level of a
patient based on the votes received for different values. For
example, a threshold value may be based on user input
received over the user interface 440 and may be a fixed
number or a fixed percentage of the I resulting votes. In
another example, the criterion may require the vote aggre-
gator 436 to simply select the candidate serum lactate level
with the most votes, regardless of whether the number of
votes exceeds some threshold. If there are K patients in the
second group of patients, the vote aggregator 436 repeats
this for each of the K patients to provide a set of K predicted
serum lactate levels (i.e., one serum lactate level per
patient).

[0051] After the votes are aggregated, the classifier evalu-
ator 438 plots a receiver operating characteristic (ROC)
curve to obtain a range of expected performance of the
classifier on the testing data. In some embodiments, the
ROC’ s derived from the training stage are plotted to
generate a good error bar to predict obtain a range of
expected performance of the classifier. This process is
repeated for each classifier generated in the training stage
202 (see FIG. 9). In some embodiments, if the testing stage
employs a regression based method to on the testing data,
the evaluation may use different criteria, lime mean squared
error, for example.

[0052] The classifier evaluator 438 evaluates each classi-
fier based on the statistics gathered over the training of the
classifiers. In some embodiments, the statistics used to
evaluate the classifiers are Area Under the Curve (AUC) and
Equal Error Rate (EER) values (see FIG. 10). Based on the
information gathered from the receiver operating curve and
the AUC and EER values, and a predetermined algorithm,
the classifier evaluator 438 selects the most suitable classi-
fier from the set of classifier that were received from the
training stage 202. In some embodiments, the best classifier
has one of the highest AUC and EER values. However, the
difference between the classifiers corresponding to the high-
est AUC and EER values is not particularly relevant.
[0053] At the end of the testing stage 204, a subset of the
N classifiers from the training stage 202 are selected. The
selection of these classifiers is based on their performance
over the testing data set. In some embodiments, the classi-
fiers are selected based on the accuracy of the predicted
serum lactate levels.

[0054] The testing stage depicted in FIG. 4 is one out of
many different ways to implement a testing stage to test
classifiers and data received from the training stage 202. In
some embodiments, a bagging voting scheme was used to
reduce variance and bias in generation of the predictive
model for predicting the serum lactate level in a patient. In
the bagging voting scheme, an ensemble classifier is gen-
erated from a fixed number of constituent classifiers, where
each classifier is trained on a different subset of the data set.
To evaluate the classifier type, the classifier votes on the
testing data. In some embodiments, a training data set may
be partitioned into an 80% training set and 20% testing set
a 100 times, to generate error bars on ROC curves generated
for each classifier for each partition. From each 80% training
set, D samples may be created by sampling with replacement
(For example D may be 25 or 50 and so on as defined by the
user, depending on the experiment). All windows or records
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in the 80% set may be sampled, but because the sampling is
with replacement, these samples are expected to span over
about 70% of the training set). The same classifier may be
then trained on each of these D cuts. These D trained
classifiers then vote on each record in the 20% testing set.
The classifier may be evaluated based on the ensemble
performance on the 20% test set.

[0055] In some embodiments, boosted-decision tree clas-
sifiers were used to test the training data to generate a
predictive model to predict serum lactate level in a patient.
In boosted decision trees, the classifiers were varied based
on tuning features, for example the allowed depth of the
constituent decision trees. Examples of features included in
the classifiers are median heart rate over the data window,
median shock index over the hour before the lactate reading,
ratio of total peripheral resistance in the first two hours to
that over the last two hours, and accumulated area of heart
rate over 75 beats per minute. Each classifier (also known as
constituent tree) in the boosted decision tree votes on a
likelihood of serum lactate level values for each patient. The
final decision of the serum lactate level for a patient is made
by computing a weighted sum of all the constituent trees’
predictions for serum lactate level. In some embodiments,
the constituent classifiers are decision trees grown greedily
on a data set DB. The data sets DB are the same size as the
80% training set but are sampled with replacement so are
expected to contain repeated data points. The sampling with
replacement is done not uniformly at random, as in the
bagging voting scheme discussed above; rather, it is a
weighted sampling that privileges those points in the 80%
training cut that the decision trees previously grown mis-
classified, i.e., during training, one generally looks at per-
formance on the training set.

[0056] FIG. 5 is an illustrative block diagram of an appli-
cation stage 206 for applying a set of validated classifiers to
a patient’s data to predict a serum lactate level of the patient.
The application stage 206 includes several components for
executing the processes described herein. In particular, the
application stage 206 includes a database 550, a receiver
552, a preprocessor 554, a feature extractor 555, an outlier
remover 556, a vote aggregator 558, and a user interface 560
including a display renderer 562. The application stage 206
may operate on a patient’s data and a set of validated
classifiers according to the method as described in relation
to FIG. 8. The database 550 may be used to store any data
related to applying a set of classifiers to a patient’s data as
described herein.

[0057] The application stage 206 receives a patient’s data
and a set of validated classifiers over the receiver 552. The
receiver 552 may provide an interface with a data source,
which may transmit the patient’s heart rate and arterial blood
pressure data to the application stage 206. The patient’s
heart rate and arterial blood pressure may be recorded from
a patient not included in either the first or second group of
patients, and the serum lactate level of the patient may be
unknown. In particular, the patient’s heart rate and arterial
blood pressure data may include a heart rate window com-
posed of a number of heart beats. The receiver 552 may also
form an interface with the testing stage 204 to receive a set
of validated classifiers from the testing stage 204. In par-
ticular, each validated classifier in the set of validated
classifiers may include a decision rule based on one or
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several patients” heart rate and arterial blood pressure vales
data indicating a most likely serum lactate level correspond-
ing to the patient.

[0058] After the patient’s data and the set of validated
classifiers are received, the preprocessor 554 may process
the patient’s data to convert the data into a suitable form for
performing analysis. For example, the preprocessor 554 may
generate a template view of the patient’s heart rate and
arterial blood pressure data by identifying a suitable time
period to partition the heart rate data to generate meaningful
heart windows. In some embodiments, the heart rate and
arterial blood pressure of the patient may be averaged over
time before the serum lactate level is calculated.

[0059] The feature extractor 555 extracts features from the
heart rate windows and arterial blood pressure. The features
may be characteristics of the heart rate window and arterial
blood pressure that are directly correlated to serum lactate
levels. Features may be indicative of heart health, and
examples of features include stroke volume, total peripheral
resistance, cardiac output, shock index or any other suitable
feature of a heart.

[0060] In certain implementations, the range of serum
lactate levels are specified before dividing the data into
different categories. In particular, the outlier remover 556
may be configured to identify and remove outlier serum
lactate levels. For example, serum lactate levels that precede
a low lactate reading but are drawn from a patient of high
lactate reading may be excluded from analysis and classi-
fication.

[0061] After outlier serum lactate levels are removed, the
validated classifiers are applied to the patient’s heart rate and
arterial blood pressure data, and the vote aggregator 558
collects and combines the votes selected by each validated
classifier in a similar manner as the vote aggregator 436 of
the testing stage 204. As described in relation to FIG. 4, the
vote aggregator 558 may aggregate the votes in two steps. A
first step may include a “per heart rate window” aggregation,
and a second step may include a “per patient” aggregation.
The result of the two steps is a selection of a most likely
serum lactate level of the patient.

[0062] The systems shown in FIGS. 2-5 may provide a
serum lactate level as described with reference to flowcharts
in FIGS. 6-8. In particular, the training stage 202 may use
the method shown in FIG. 6 to train a set of classifiers on a
set of training heart rate and arterial blood pressure data.
After the set of classifiers are trained, the testing stage may
use the method shown in FIG. 7 to validate the set of trained
classifiers. Finally, the application stage may use the method
shown in FIG. 8 to apply the validated classifiers to a
patient’s heart rate and arterial blood pressure data to
identify a predicted serum lactate level of the patient.
[0063] FIG. 6 is a flowchart of a method used by the
training stage 202 to train a set of classifiers on a set of
training data. Classifiers are trained on a training set of heart
rate and arterial blood pressure data and their corresponding
features. In particular, the training set of heart rate and
arterial blood pressure data includes a set of heart rate and
arterial blood pressure data from patients with correspond-
ing known serum lactate levels. In certain implementations,
the serum lactate levels are a biomarker for patient risk-
stratification of sepsis. More generally, serum lactate levels
may be caused by poor tissue perfusion due to sepsis caused
hypertension or microcirculatory failure. Alternatively, a
patient may be determined to have a serum lactate level
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within an acceptable range. Depending on a patient’s serum
lactate level, heart rate and arterial blood pressure associated
with the patient may exhibit different features. To train a
classifier, a subset of the training set is selected (a subset of
the records or patients in the training set, for example), and
a classifier is generated based on the features of the selected
subset.

[0064] The method 600 includes the steps of receiving a
dataset of heart rate and arterial blood pressure (step 602),
separating the dataset into a training set and a testing set
(step 604), and initializing one iteration parameter n to one
(step 606). A subset n of the training set data is selected (step
608), and a classifier n is trained on the selected subset (step
610). Steps 608 and 610 are repeated until the desired
numbers of classifiers (i.e., N) have been trained

[0065] At step 602, a dataset of heart rate and arterial
blood pressure is received, for which patient serum lactate
levels are known. At step 604, the received dataset is
separated into a training set and a testing set. The training set
is used to develop the classifiers and is provided as input to
the training stage 202. The testing set is used to assess the
performance of the resulting classifiers and is provided as
input to the testing stage 204. An example method of
assessing the performance of the classifiers in the testing
stage 204 is described in relation to FIG. 7.

[0066] At step 606, one iteration parameter n is initialized
to one. The iteration parameter n is representative of a
selected subset of the training set.

[0067] At step 608, the subset selector 320 selects an n”
subset of the training set data. As an example, a random
subset of the training set data may be selected. For example,
if there are 100 patients in the training set data, heart rate and
arterial blood pressure from 80 patients may be randomly
selected to form the subset n. Optionally, the training set data
may be processed by the preprocessor 314 (i.e., to get the
training set data into a suitable form), the feature extractor
316 (i.e., to extract features from the heart rate and arterial
blood pressure), and/or the outlier remover 318 in any order.
These processes are described in more detail in relation to
FIG. 3.

[0068] At step 610, the n” classifier is trained on the
corresponding subset. To train a classifier, a number of heart
rate windows of the patients in the n subset may be used.
This number may be defined by the user. Because the serum
lactate level of the patients in the training set are known, the
n” classifier is trained on the features of the patient heart rate
windows and arterial blood pressure. In some embodiments,
to train a classifier, the classifier tuner 322 may define a
decision rule, for which a set of heart rate window and
arterial blood pressure values may be mapped to a serum
lactate level. The classifiers are trained on every heart rate
window combined with a corresponding blood pressure
value as present in the database.

[0069] At decision block 616, it is determined whether the
iteration parameter n equals the desired total number of
subsets N. If not, the iteration parameter n is incremented at
step 618 and the process returns to step 608 to select another
subset of training set data.

[0070] When iteration parameter n has reached its final
value, training is complete at step 620. In particular, as a
result of the training, N classifiers have been generated. The
classifiers may be different because they were tuned for
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optimal performance on different subsets of the training set
records, though they all had the same mathematical/compu-
tational structure.

[0071] FIG. 7 is a flowchart of a method used by the
testing stage 204 to test a set of trained classifiers on a set
of testing data. The method 700 includes the steps of
initializing three iteration parameters j, k, and n to one (step
702), and allowing classifier n to vote on the heart rate
window j of a patient k in the testing data. For each patient
k, this process is repeated N (number of classifiers) x J
(number of heart rate windows examined) times. When the
voting process is complete for patient k, the votes are
aggregated, and the probability of the serum lactate level for
patient k is determined. The most probable serum lactate
level is selected to the serum lactate level of the patient (step
714). This process is repeated for the patients in the testing
database until the testing process is complete (step 720).
[0072] At step 702, three iteration parameters n, j, and k
are each initialized to one. The iteration parameter n is
representative of a classifier, the iteration parameter j is
representative of a heart rate window, and the iteration
parameter k is representative of a patient.

[0073] At step 704, the n™ classifier votes on the * heart
rate window of the k™ patient in the testing data set. For
example, the decision rule of a classifier may indicate that a
particular feature perfectly discriminates between two serum
lactate levels. In this case, the classifier may use the same
feature on the testing dataset to cast its vote. In general, the
decision rule of the n” classifier is applied to one or more
extracted features of the j* heart rate window of the k*
patient.

[0074] At decision block 706, it is determined whether the
iteration parameter n equals the desired total number of
classifiers N. If not, the iteration parameter is incremented at
step 708, and the process returns to step 704 for the next
classifier to vote.

[0075] At decision block 710, it is determined whether the
iteration parameter j equals the desired total number of
respiratory cycles J to evaluate in a patient. If not, the
iteration parameter j is incremented and the iteration param-
eter n is reinitialized to one at step 712, and the process
returns to step 704 for the 1% classifier to vote on the next
heart rate window for the k™ patient.

[0076] When both iteration parameter n and j reach their
final values, the vote aggregator 436 aggregates the votes
across the N classifiers and across the J heart rate windows
to select the most likely serum lactate level for patient k at
step 714. As an example, the vote aggregation may be
performed in two stages. For example, each of the N
classifiers has voted on each of the ] heart rate windows,
classifying each heart rate window to a serum lactate level,
for example. In one embodiment, the votes across the N
classifiers are aggregated for each heart rate window, result-
ing in J votes (one for each heart rate window). Then, the J
votes may be aggregated. In an example, to aggregate votes,
the majority (or some other fraction) of the votes may be
selected. In an example, N=50 and J=35. Each classifier
votes on each of the 35 first valid heart rate windows in the
new test record, classifying each heart rate window to a
serum lactate level. Whatever the majority (or some other
selected fraction) of the verdicts comes out to be, out of the
35 votes, is the determination by that classifier of the serum
lactate level of that record (as opposed to each individual
heart rate window).
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[0077] After the voting process for the first patient in the
testing group has been completed, the iteration parameters n
and j are both reinitialized to one, and the iteration parameter
kis incremented at step 718. This voting process is repeated
for the remaining patients until testing is complete at step
720, when the iteration parameter k reaches K at decision
block 716.

[0078] FIG. 8 is a flowchart of a method used by the
application stage 206 to apply validated classifiers (i.e.
received from testing save 204) to a patient’s heart rate and
arterial blood pressure data to predict a serum lactate level
of the patient. The method 800 includes the steps of receiv-
ing patient data (step 802), preprocessing patient data (step
804), and extracting features from the preprocessed data
(step 806) to estimate a serum lactate level for a patient
(808). The estimated serum lactate level is used to stratify
risk of sepsis of a patient (step 810).

[0079] At step 802, a the receiver 552 receives a patient’s
data including heart rate and arterial blood pressure. In
particular, the heart rate may be a set of second-by-second
windowed averages extracted from electrocardiogram sig-
nals of a patient and the arterial blood pressure may be
obtained through an arterial catheter installed in the patient.
[0080] At step 804, the preprocessor 554 processes the
incoming stream of heart rate and arterial blood pressure
data. As an example, the incoming stream of heart rate and
arterial blood pressure may be grouped by number of heart
rate windows.

[0081] At step 806, the feature extractor 555 extracts
patient features from the incoming heart rate and arterial
blood pressure data. This stage also includes feature extrac-
tion from patient record, for example patient history, demo-
graphic information and other static parameters associated
with the patient.

[0082] At step 808, the classifiers vote on the heart rate,
arterial blood pressure and other extracted features of the
patient. In particular, the record of the patient received at 802
may correspond to a patient with an unknown serum lactate
level, and it is desirable to use the systems and methods
described herein to determine the serum lactate level for the
patient. The vote aggregator 558 then aggregates the votes to
determine the likelihoods of the serum lactate levels of the
patient. The voting collection and aggregation process is
described in more detail in relation to FIG. 7, and may
include the steps of 702-714 to determine a most likely
serum lactate level for the patient. The likelihoods and/or
most likely serum lactate level for the patient may be
displayed to a user such as a clinician over the display
renderer 562 within the user interface 560. In some embodi-
ments, the serum lactate level may be classified along a
specific threshold. For example, the serum lactate level of a
patient may be classified as less than or greater than 2.5
mmol/L. In addition, the display renderer 562 may also
display a confidence score representative of a confidence in
the predicted diagnosis. In some embodiments, the display
renderer may display, by means of an indicator, an indication
of the most likely serum lactate level being over a prede-
termined threshold. In some embodiments, the indicator may
include an audible sound that is played if the most likely
serum lactate level is above a predetermined threshold.
[0083] At step 810, the serum lactate level determined is
used to stratify the risk of sepsis of the patient. The serum
lactate level may be used to predict hypoperfusion, lung
disease and cardiac shock. The estimated serum lactate level
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may provide some insight into the patient’s vulnerability to
risk. For example, a serum lactate level of less than 2.5
mmol/L. may be classified as “low risk’, a serum lactate level
between 2.5 mmol/L and 4 mmol/L may be ‘moderate risk’
and serum lactate level greater than 4 mmol/l. may be
classified as ‘high risk’ for sepsis. In some embodiments,
serum lactate measurements of 4 mmol/L or greater may be
associated with mortality rates of 38% in patients with
infections, whereas serum lactate levels less than 2.5 mmol/
L, and serum lactate levels between 2.5 and 4 mmol/L, may
be associated with mortality rates of 15% and 25%, respec-
tively. It is obvious to one of skill in the art that the
classification of the risk of sepsis based on serum lactate
level may be more or less detailed than the example
described herein. In some embodiments, the method 800
may stratify the risk of the health of patients that may have
something akin to sepsis that may put their health at risk. In
some embodiments, the method 800 is also applicable to
intraoperative patients, trauma patients or cardiac arrest
patients that may experience elevated serum lactate levels
without sepsis. In some embodiments branch of a resusci-
tation protocol may also be generated. The resuscitation
protocol may prompt an intervention from a clinician if the
serum lactate level increases past a predetermined threshold.

EXAMPLE 1

[0084] The following describes an example study in which
serum lactate level is estimated using the machine-learning
techniques described herein. In this example, the model used
to determine the serum lactate level uses quadratic classifiers
generated through quadratic discriminant analysis.

[0085] The example study begins with preprocessing
training data which is then used to train classifiers that are
tested and applied to determine serum lactate levels in a
patient. The training data includes a set of patient records
with time series data of heart rate, arterial blood pressure and
serum lactate level. In some embodiments, the heart rate and
arterial blood pressure data for each patient may be available
over 15 minutes, 20 minutes, 60 minutes and so on. The
training stage is used to discover potential correlations
between the heart rate, arterial blood pressure and the serum
lactate level to train classifiers and formulate a predictive
model.

[0086] FIG. 13 is a flowchart of filtering a clinical data-
base for preprocessing training data to train the classifiers as
discussed previously in the training process 202. In this
example, the database is an instance of the MIMIC II
database that includes extensive high resolution waveform
data, such as arterial blood pressure and windowed average
of heart rate windows derived from electrocardiograms
(ECG) (step 1302). In this example, the MIMIC II database
contains 32,608 patient records. From the 32,608 patient
records in the MIMIC 1I database, the training stage filters
the database to select those patient records that contain an
indication of infection, which is based on the presence of an
ICD-9 diagnosis codes (step 1304). About 9,708 patient
records are filtered from the initial 32,608 patient records.
The records are filtered again to obtain 1215 records of
patients with matched waveform trends (step 1306). These
1215 records are split into two groups: those who had a
lactate reading of at least 2.5 mmol/L in their record (posi-
tive class), and those whose lactate measurements were all
below 2.5 mmol/L (negative class) (decision block 1308).
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[0087] In the training stage, the training data is divided
into a training set and a testing set. In this example, the 80%
of the training input data is classified into a training set and
20% of the training input data is classified into a testing data
set. A variety of classifiers are trained on the training set and
a receiver operating characteristic (ROC) is generated based
on the performance of the classifier on the testing data set.
[0088] FIG. 9 depicts a performance of a set of 100
classifiers on the testing data, where each classifier is trained
on a random 80% set of training data. Each classifier is
evaluated using statistics collected over the 100 trials,
namely, the area under the curve (AUC) and the equal error
rate (EER), which is the point of equal sensitivity and
specificity, or equivalently the point for which the false
positive rate equals that of a missed detection. FIG. 10 is a
histogram depicting the AUC and EER values of the set of
100 classifiers discussed with respect to FIG. 9.

[0089] Once all the ROC’ s are generated, the best clas-
sifier is selected in the testing stage for the application stage.
A classifier including an ensemble 100 quadratic discrimi-
nant analysis (QDA) voters (or component classifiers) is
considered, each trained on a random 70% of the training
data (assuming equal priors for the two classes). Each voter
fits two maximum likelihood Gaussian models—one to the
positive training examples and the other to the negative
training examples. Assuming equal priors for the two
classes, the likelihood that each test point belongs to the
positive class is computed. The ROC curves are produced by
variable thresholding of the median posterior probability
among the voters that each test point belongs to the positive
class.

[0090] FIG. 11 depicts the performance of a classifier
based on the predetermined threshold of 2.5 mmol/L in
comparison with shock index values determined from other
parameters extracted from the patient data. FIG. 11 shows
the median sensitivity value for each specificity value for the
100 receiver operating characteristic curves as discussed in
relation to FIGS. 9 and 10. As is shown in FIG. 11, the value
of the serum lactate level determined by applying the
classifiers as depicted in the flow diagram of FIG. 8 is more
sensitive than using the values of the shock index from
derived parameters as explained in Berger, Tony et al.
“Shock index and early recognition of sepsis in the emet-
gency department: pilot study.” Western Journal of Emer-
gency Medicine, 14(2), 168-174. 2013. (“Berger”).

[0091] FIG. 12 depicts the performance of the classifier
previously discussed in relation to FIGS. 9-11. FIG. 12 is a
representation of discriminating serum lactate levels greater
than 4 mmol/L from serum lactate levels less than 4 mmol/L.
FIG. 12 shows the median sensitivity value for each speci-
ficity of the 100 receiver operating characteristic curves as
discussed in relation to FIGS. 9-11. As is shown in FIG. 12,
the value of the serum lactate level determined by applying
the classifiers as depicted in the flow diagram of FIG. 8 is
more sensitive than using the values of the shock index from
derived parameters as explained in Berger.

[0092] Inthis example study, among the patients with only
low lactate measurements in their record, the median age
was 70.0 years (median absolute deviation from the median
[MAD]: 11.2 years) and in-hospital mortality was 27%
among the 61 with high lactate readings, the median age was
63.2 years (MAD: 17.7 years) in-hospital mortality was
43%. For the positive class, the median lactate reading
following accepted data frames was 3.4 mmol/L, (MAD: 0.7
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mmol/L); the median value of all readings recorded in the
database for patients with at least one positive frame was 2.3
mmol/L. (MAD: 0.8 mmol/L)). For the negative class, these
values were both 1.2 mmol/L. (MAD: 0.3 mmol/L).

[0093] In this example study, the best classifier extracted
from the data from the MIMIC II database used the follow-
ing features: the median systolic blood pressure, the log ratio
of the median heart rate over the first two hours to the
median heart rate over the last two, the log ratio of median
systolic blood pressure over the first two hours to the last
two, and the slope term of the robust linear fit to systolic
blood pressure. It performed with mean AUC of 0.77, and
the mean EER was 0.71. The best QDA-based classifier
using only features extracted from the SI depended on SI” s
MAD, its log ratio of the median over the first two hours to
the mediation over the last two, and the slope of its robust
linear fit. Its mean AUC was 0.72 and mean EER was 0.66.
The best decision tree ensemble classifier achieved a mean
AUC of 0.82 and EER of 0.73using 25 features, and the
classifier with access to only Sl-derived features had mean
AUC of 0.75 mid EER of 0.70.

[0094] This disclosure describes using heart rate and arte-
rial blood pressure to predict a serum lactate level for a
patient. However, one of skill in the art will understand that
the serum lactate level may be associated with a different set
of continuously monitored parameters derived from blood-
gas tests or tests of tissue-specific fluids such as gastroin-
testinal mucosal pH, central venous-to-arterial difference in
carbon dioxide tension and its ratio with the arterial-to-
venous oxygen content difference, arterial difference of
carbon dioxide tension, measures obtained from perfusion
scanning, or any suitable combination thereof. In some
embodiments, the system and methods described in this
disclosure may be used to measure hypoperfusion in a
patient with an indicator different from the serum lactate
level. In some embodiments, systems and methods described
in this disclosure may be used to predict serum lactate level
or related clinical quantities related to hypoperfusion at a
number of times, wherein the prediction is not real-time or
causal. In some embodiments, the machine learning tech-
nique used to generate a predictive model may be a regres-
sion used to estimate the posterior probability of a hidden
state like hypoperfusion or serum lactate level, for example.
In some embodiments, a sum-product message passing may
be used to estimate the posterior probability of a hidden state
like hypoperfusion or serum lactate level, for example.

[0095] While various embodiments of the present disclo-
sure have been shown and described herein, such embodi-
ments are provided by way of example only. Numerous
variations, changes, and substitutions will now occur to
those skilled in the art without departing from the disclosure.
It should be understood that various alternatives to the
embodiments of the disclosure described herein may be
employed in practicing the disclosure.

1. A method to quantitatively predict a patient’s serum
lactate level, comprising:

measuring arterial blood pressure and heart rate from the
patient;

computing estimates of one or more cardiovascular
parameters from the measured arterial blood pressure
and heart rate;
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providing one or more classifiers that have been trained
on a training data set including a reference set of
arterial blood pressure, heart rate, and serum lactate
levels; and

using the one or more classifiers to estimate the serum

lactate level of the patient.

2. The method of claim 1, wherein a risk of sepsis is
assigned to the patient depending on the estimated serum
lactate level.

3. The method of claim 1, wherein at least one of a total
peripheral resistance, cardiac output and stroke volume of a
patient are estimated using the measured arterial blood
pressure and heart rate.

4. The method of claim 3, wherein the training data set
includes at least one of total peripheral resistance, cardiac
output and stroke volume.

5. The method of claim 1, wherein one or more static
parameters are extracted from history associated with the
patient and incorporated in training the one or more classi-
fiers, and wherein patient history includes demographic
information and one or more lab values.

6. The method of claim 5, wherein patients with similar
history are grouped together in the training data.

7. The method of claim 1, wherein the arterial blood
pressure and heart rate are determined from real-time wave
forms.

8. The method of claim 1, wherein an alarm is generated
if the serum lactate level of the patient crosses a predeter-
mined threshold.

9. The method of claim 1, wherein a classifier from the
one or more classifiers is selected to estimate serum lactate
level for a patient, wherein the selected classifier is based on
a set of features including a median systolic blood pressure
and a log-ratio that compares a first median heart rate for a
length of time as measured at a beginning of a measurement
and a second median heart rate for the length of time as
measured at an end of the measurement.

10. The method of claim 9, wherein the selected classifier
has a highest median area under the curve value and a
highest equal error rate value in comparison to other clas-
sifiers in the one or more classifiers.

11. A system to quantitatively predict a patient’s serum
lactate level, the system comprising at least one processor
configured to:

measure arterial blood pressure and heart rate from the

patient;

compute estimates of one or more cardiovascular param-

eters from the measured arterial blood pressure and
heart rate;
provide one or more classifiers that have been trained on
a training data set including a reference set of arterial
blood pressure, heart rate, and serum lactate levels; and

use the one or more classifiers to estimate the serum
lactate level of the patient.

12. The system of claim 11, wherein a risk of sepsis is
assigned to the patient depending on the estimated serum
lactate level.

13. The system of claim 11, wherein at least one of a total
peripheral resistance, cardiac output and stroke volume of a
patient are estimated using the measured arterial blood
pressure and heart rate.

14. The system of claim 13, wherein the training data set
includes at least one of total peripheral resistance, cardiac
output and stroke volume.



US 2017/0042483 A1l Feb. 16,2017
11

15. The system of claim 11, wherein one or more static
parameters are extracted from history associated with the
patient and incorporated in training the one or more classi-
fiers, and wherein patient history includes demographic
information and one or more lab values.

16. The system of claim 15, wherein patients with similar
history are grouped together in the training data.

17. The system of claim 11, wherein the arterial blood
pressure and heart rate are determined from real-time wave
forms.

18. The system of claim 11, wherein an alarm is generated
if the serum lactate level of the patient crosses a predetet-
mined threshold.

19. The system of claim 11, wherein a classifier from the
one or more classifiers is selected to estimate serum lactate
level for a patient, wherein the selected classifier is based on
a set of features including a median systolic blood pressure
and a log-ratio that compares a first median heart rate for a
length of time as measured at a beginning of a measurement
and a second median heart rate for the length of time as
measured at an end of the measurement.

20. The system of claim 19, wherein the selected classifier
has a highest median area under the curve value and a
highest equal error rate value in comparison to other clas-
sifiers in the one or more classifiers.

I I T T



patsnap

TREMOF) UM 5B FLER K S W9 RGE M 5 3%
[F(RE)E US20170042483A1 K (aH)A 2017-02-16
BRiES US15/236114 % A 2016-08-12

RIFRB(RFRN)A(E) HEEITFBKR
BRAESNTE

B (T M) A(E) HREE T2
B EBCORPORATION

LA HRE(ERNR)AGE) FREEI¥ER
B EBCORPORATION

PRI B A HELDT THOMAS
DUNITZ MAX H
VERGHESE GEORGE CHEERAN
REISNER ANDREW TOMAS
FILBIN MICHAEL

REBEA HELDT, THOMAS
DUNITZ, MAX H.
VERGHESE, GEORGE CHEERAN
REISNER, ANDREW TOMAS
FILBIN, MICHAEL

IPCH %S A61B5/00 A61B5/02 A61B5/024 A61B5/145 A61B5/021
CPCoH¥E=F A61B5/7267 A61B5/14546 A61B5/021 A61B5/024 A61B5/7405 A61B5/7275 A61B5/02028 A61B5/746
A61B5/742 A61B5/7278 A61B5/02108 A61B5/222 A61B5/412 A61B5/4866 G16H50/30 G16H50/50
G16H50/70
i £ 62/204292 2015-08-12 US
Hfth 23 FF 32k Us10327709
I EheE Espacenet USPTO
HEOF) 100
—MEETN 2 ENMBEIARLKENSGE , SENE 2 ENZILE ,
FMOE | NI EWZIROEFMORITE - PR SMOMES KT, LETWORKLE
BREBZINEH — NS KBET EIME |, ORMMEIER , e
%ZKSFE’g%%%E’gU”gEﬁE% ) #H{Eﬁ Fﬁ-m_¢§£§4\ﬁ§€%§%{ai+ CPU 106 COMMUNICATIONS INPUT/OUTPUT
= INTERFACE UNIT 108 CONTROLLER 110
B W BB KT, . —
 SYSTEM MEMORY | STORAGE DEVICES
[ wm ] B
ROM 104

APPLICATION ~ DATABASE
) )
14 116

FIG. 1


https://share-analytics.zhihuiya.com/view/5a0f2cdb-1525-42ef-ad4a-5fdb374051a9
https://worldwide.espacenet.com/patent/search/family/056894246/publication/US2017042483A1?q=US2017042483A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220170042483%22.PGNR.&OS=DN/20170042483&RS=DN/20170042483

