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METHODS AND SYSTEMS FOR
PRE-SYMPTOMATIC DETECTION OF
EXPOSURE TO AN AGENT

CROSS REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 62/193,961, filed on Jul. 17, 2015,
which is hereby incorporated herein by reference in its
entirety. This application is related to co-pending PCT
Application No. (Attorney Docket No. MIN-138-
WO1) filed Jul. 18, 2016, which is hereby incorporated
herein by reference in its entirety.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] This invention was made with Government support
under Contract No. FA8721-05-C-0002 awarded by the U.S.
Air Force. The Government has certain rights in the inven-
tion.

TECHNICAL FIELD

[0003] In general, this disclosure relates to pre-symptom-
atic detection of exposure to a chemical or biological agent,
and in particular, to systems and methods for pre-symptom-
atic detection of infection or intoxication using physiologi-
cal data.

BACKGROUND

[0004] Traditional biological infection or chemical intoxi-
cation detection occurs after agent exposure results in overt
symptoms, and relies on specialized technology not appro-
priate for field use. New approaches allowed by high-
throughput sequencing have shown the promise of pre-
symptomatic detection using genomic or transcriptional
expression profiles in the host. However, these approaches
suffer from often prohibitively steep logistic burdens and
associated costs (cold chain storage, equipment require-
ments, extremely qualified operators, serial sampling).
Indeed, most infections presented clinically are never defini-
tively determined etiologically, much less serially sampled.
Furthermore, molecular diagnostics are rarely used until
patient self-reporting and presentation of overt clinical
symptoms, such as fever. Past physiological signal based
early infection detection work has been almost exclusively
focused on bacterial infection and largely centered upon
higher time resolution analysis of body core temperature,
advanced analyses of strongly-confounded signals such as
heart rate variability, or social dynamics, or sensor data
fusion from already symptomatic (febrile) viral-infected
individuals. While progress has been made in developing
techniques for signal-based early warning of bacterial infec-
tions, there appear to be no efforts in extending these
techniques to possibly life-threatening viral infections or
toxic chemical exposure/intoxication.

SUMMARY

[0005] Systems and methods are disclosed herein for
detection of exposure to an agent. Physiological data regard-
ing a patient that was recorded during a first time interval is
received by at least one processor. One or more features are
extracted from the physiological data, wherein each feature
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is representative of the physiological data during the first
time interval. A plurality of classifiers is identified, wherein
each classifier is trained using training data for a respective
specific post-exposure time interval. For each classifier and
based on a respective subset of the one or more features, a
patient state classification that indicates an initial prediction
of whether the patient has been exposed to the agent is
determined. An indication is provided of a prediction that the
patient has been exposed to the agent when a number of
patient state classifications indicating a positive initial pre-
diction that the patient has been exposed to the agent
exceeds a first threshold.

[0006] In one embodiment, the above-recited steps are
repeated for one or more additional first time intervals, and
an indication that the patient has been exposed to the agent
is provided when a number of indications that the patient has
been exposed to the agent exceeds a second threshold.
[0007] In one embodiment, each classifier in the plurality
of classifiers is a respective random forest classifier, and
determining the patient state classification includes deter-
mining whether a third threshold number of trees in the
respective random forest classifier indicates exposure to the
agent.

[0008] In one embodiment, the respective specific post-
exposure time interval corresponds to a 24 hour time period
after exposure to the agent, and each classifier in the
plurality of classifiers corresponds to a different 24 hour time
period after exposure.

[0009] Inone embodiment, a first respective specific post-
exposure time interval corresponds to a post-exposure and
pre-symptomatic time interval and a second respective spe-
cific post-exposure time interval corresponds to a post-
exposure and post-symptomatic time interval.

[0010] In one embodiment, an additional classifier is used
that is trained on training data for a pre-exposure time
interval. The training data for the pre-exposure time interval
may be taken from the patient, or from a population of
patients not including the patient.

[0011] In one embodiment, the agent is selected from the
group consisting of a chemical agent, a biological agent, a
viral pathogen, and a bacterial pathogen.

[0012] In one embodiment, the one or more features are
derived from pulmonary data, blood pressure data, electro-
cardiography data, and temperature data.

[0013] In one embodiment, the respective specific post-
exposure time interval for a first classifier in the plurality of
classifiers s approximately two days after exposure, and the
first classifier uses pulmonary data, blood pressure data, and
electrocardiography data.

[0014] In one embodiment, the respective specific post-
exposure time interval for a second classifier in the plurality
of classifiers is approximately three days after exposure, and
the second classifier uses electrocardiography data and pul-
monary data.

[0015] In one embodiment, the respective specific post-
exposure time interval for a third classifier in the plurality of
classifiers is approximately four days after exposure, and the
first classifier uses electrocardiography data, blood pressure
data, and temperature data.

[0016] In one embodiment, the respective specific post-
exposure time interval for a fourth classifier in the plurality
of classifiers is approximately five days after exposure, and
the fourth classifier uses temperature data, electrocardiog-
raphy data, and blood pressure data.
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[0017] In one embodiment, the respective specific post-
exposure time interval for a fifth classifier in the plurality of
classifiers is approximately six days after exposure, and the
fifth classifier uses temperature data, electrocardiography
data, and pulmonary data.

[0018] According to another aspect, the disclosure relates
to a system to carry out the method described above. In
particular, a system for predicting whether a patient has been
exposed to an agent is described. The system comprises at
least one processor configured to receive physiological data
regarding the patient that was recorded during a first time
interval, extract one or more features from the physiological
data, wherein each feature is representative of the physi-
ological data during the first time interval. The at least one
processor is further configured to identify a plurality of
classifiers, wherein each classifier is trained using training
data for a respective specific post-exposure time interval.
For each classifier and based on a respective subset of the
one or more features, a patient state classification that
indicates an initial prediction of whether the patient has been
exposed to the agent is determined. An indication of a
prediction that the patient has been exposed to the agent is
provided when a number of patient state classifications
indicating a positive initial prediction that the patient has
been exposed to the agent exceeds a first threshold.

[0019] In one embodiment, the above-recited steps are
repeated for one or more additional first time intervals, and
an indication that the patient has been exposed is provided
when a number of indications that the patient has been
exposed to the agent exceeds a second threshold.

[0020] In one embodiment, each classifier in the plurality
of classifiers is a respective random forest classifier, and
determining the patient state classification includes deter-
mining whether a third threshold number of trees in the
respective random forest classifier indicates exposure to the
agent.

[0021] In one embodiment, the respective specific post-
exposure time interval corresponds to a 24 hour time period
after exposure to the agent, and each classifier in the
plurality of classifiers corresponds to a different 24 hour time
period after exposure.

[0022] In one embodiment, a first respective specific post-
exposure time interval corresponds to a post-exposure and
pre-symptomatic time interval and a second respective spe-
cific post-exposure time interval corresponds to a post-
exposure and post-symptomatic time interval.

[0023] In one embodiment, an additional classifier is used
that is trained on training data for a pre-exposure time
interval. The training data for the pre-exposure time interval
may be taken from the patient, or from a population of
patients not including the patient.

[0024] In one embodiment, the agent is selected from the
group consisting of a chemical agent, a biological agent, a
viral pathogen, and a bacterial pathogen.

[0025] In one embodiment, the one or more features are
derived from pulmonary data, blood pressure data, electro-
cardiography data, and temperature data.

[0026] In one embodiment, the respective specific post-
exposure time interval for a first classifier in the plurality of
classifiers is approximately two days after exposure, and the
first classifier uses pulmonary data, blood pressure data, and
electrocardiography data.

[0027] In one embodiment, the respective specific post-
exposure time interval for a second classifier in the plurality

Apr. 27,2017

of classifiers is approximately three days after exposure, and
the second classifier uses electrocardiography data and pul-
monary data.

[0028] In one embodiment, the respective specific post-
exposure time interval for a third classifier in the plurality of
classifiers is approximately four days after exposure, and the
first classifier uses electrocardiography data, blood pressure
data, and temperature data.

[0029] In one embodiment, the respective specific post-
exposure time interval for a fourth classifier in the plurality
of classifiers is approximately five days after exposure, and
the fourth classifier uses temperature data, electrocardiog-
raphy data, and blood pressure data.

[0030] In one embodiment, the respective specific post-
exposure time interval for a fifth classifier in the plurality of
classifiers is approximately six days after exposure, and the
fifth classifier uses temperature data, electrocardiography
data, and pulmonary data.

[0031] According to another aspect, the disclosure relates
to methods and a system for providing infection detection
classifiers, the system comprising a receiver configured to
receive a plurality of data sets, wherein each data set
includes physiological data related to a patient, and a pro-
cessor configured to separate the plurality of data sets into a
training set and a testing set, wherein each data set in the
training set is associated with a time of infection, generate
a plurality of classifiers, wherein each classifier is based on
a time period since the time of infection, identify, with each
classifier, a score that indicates a likelihood of an infection
state classification, and configure each classifier to output
the infection state classification when the score exceeds a
threshold.

BRIEF DESCRIPTION OF THE DRAWINGS

[0032] The above and other features of the present disclo-
sure, including its nature and its various advantages, will be
more apparent upon consideration of the following detailed
description, taken in conjunction with the accompanying
drawings in which:

[0033] FIG. 11is a block diagram of a classification system
for determining a physiological state classification associ-
ated with physiological data, according to an illustrative
implementation of the disclosure;

[0034] FIG. 2 is a block diagram of a training system for
training a set of classifiers on physiological data, according
to an illustrative implementation of the disclosure;

[0035] FIG. 3 is a block diagram of a testing system for
testing a set of trained classifiers on physiological data,
according to an illustrative implementation of the disclosure;
[0036] FIG. 4 is a block diagram of an application system
for using trained and tested classifiers to determine a physi-
ological state classification associated with physiological
data, according to an illustrative implementation of the
disclosure;

[0037] FIG. 5is a block diagram of'a computing device for
performing any of the processes described herein, according
to an illustrative implementation of the disclosure;

[0038] FIG. 6 is a flow diagram depicting a process, at the
training stage, for training a set of classifiers on physiologi-
cal data, according to an illustrative implementation of the
disclosure;

[0039] FIG. 7 is a flow diagram depicting a process, at the
application stage, for testing and using classifiers to deter-
mine a physiological state classification associated with
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physiological data and to provide a declaration indication,
according to an illustrative implementation of the disclosure;
[0040] FIG. 8 is a flow diagram depicting a method for
infection detection, according to a illustrative implementa-
tion of the disclosure;

[0041] FIG. 9 is a table indicating the physiological data
that are important to patient state classification for the days
after pathogen exposure;

[0042] FIG. 10 is a chart displaying how a classification
threshold for each classifier is set to provide a given prob-
ability of false alarm, according to an illustrative implemen-
tation of the disclosure;

[0043] FIG. 11 is a chart of the classifier scores as a
function of time from exposure to pathogen, according to an
illustrative implementation of the disclosure; and

[0044] FIG. 12 is a chart of detection indications and a
declaration indication compared to pathogen exposure and
the start of febrile symptoms, according to an illustrative
implementation of the disclosure.

DETAILED DESCRIPTION

[0045] To provide an overall understanding of the systems
and methods described herein, certain illustrative embodi-
ments will now be described, including a system for pre-
symptomatic detection of exposure to an agent using physi-
ological data classifiers. However, it will be understood by
one of ordinary skill in the art that the systems and methods
described herein may be adapted and modified as is appro-
priate for the application being addressed and that the
systems and methods described herein may be employed in
other suitable applications, and that such other additions and
modifications will not depart from the scope thereof. Gen-
erally, the computerized systems described herein may com-
prise one or more local or distributed engines, which include
a processing device or devices, such as a computer, micro-
processor, logic device or other device or processor that is
configured with hardware, firmware, and software to carry
out one or more of the computerized methods described
herein.

[0046] The disclosure describes, among other things, tech-
nical details of methods and systems for providing early
warning of viral infections by using physiological monitor-
ing before symptoms become apparent. As used herein, the
term “agent” includes a chemical substance, a biological
substance, a viral pathogen, a bacterial pathogen, or any
suitable combination thereof. The systems and methods of
the present disclosure involve a high sensitivity and low
specificity (that is, not informative of particular pathogens)
processing and detection technique. The data is analyzed and
anomalies are detected. The anomalies may indicate a pre-
symptomatic infection, and may provide early warning
about an infection well before an onset of fever. Quantitative
analyses of the physiological data are conducted by extract-
ing several features, including summary statistics, and pet-
forming classification, which may be done by random forest
classifiers trained on respective post agent exposure time
intervals, in an illustrative embodiment. Random forest
classifiers are described herein by way of example only, and
one of ordinary skill in the art will understand that other
types of classifiers may be used without departing from the
scope of the present disclosure, such as k-nearest neighbors
classifiers and naive Bayes classifiers. In a first step, clas-
sifiers are trained on a set of physiological training data for
which the patients” physiological states are known. A physi-
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ological state may correspond to the progression of an
infection within a patient, the determination whether a
patient was ever likely exposed to a agent, or any suitable
classification based on physiological data and related to
infection detection. In a second step, the classifiers are tested
on a set of physiological testing data for their ability to
detect infection in patients whose agent exposure time is
known. In a third step, the classifiers are applied to a patient
for which the physiological state is unknown. The classifiers
will provide a detection indication when the number of
classifiers predicting an infection in a given time interval
exceeds a threshold, which is referred to as a detection. The
classifiers will provide a declaration indication when the
number of detection indications exceeds a threshold condi-
tion, which is referred to as a declaration. Detection and
declaration indications may take any suitable format to
indicate to users or elements of the present disclosure that
the conditions for detection and declaration have been met.
The systems and methods described herein demonstrate
pre-symptomatic diagnostic potential, and may provide
early warning about an infection well before an onset of
fever. The time between the final declaration and the onset
of fever is referred to herein as the “early warning time.”
[0047] The systems and methods of the present disclosure
may be described in more detail with reference to FIGS.
1-12. More particularly, an exemplary system for providing
disease classification and its components are described with
reference to FIGS. 1-5. The system may provide disease
classification as described with reference to flow charts in
FIGS. 6-8. In addition, exemplary classifier outputs are
described with reference to FIGS. 9-12.

[0048] FIG. 1 is an illustrative block diagram of a classi-
fication system 100 for determining a physiological state
classification associated with physiological data. The system
100 includes a training stage 102, a testing stage 104, and an
application stage 106. Inputs to the system 100 include
training input data to train a set of classiflers, testing input
data to test the set of trained classifiers, and data recorded
from a patient. The system 100 uses the trained and tested
classifiers and the patient data to provide a predicted physi-
ological state classification for the patient.

[0049] The training stage 102 receives a set of training
input data and provides a set of trained classifiers to the
testing stage 104. The set of training input data includes a set
of training physiological data recorded from a first group of
patients and a set of the times the patients were exposed to
one or more agents. The components of the training stage
102 are described in detail in relation to FIG. 2, and the
training stage 102 may operate on the training input data
according to the method as described in relation to FIG. 6.
In particular, the training stage 102 may select subsets of the
training input data and train a classifier on each selected
subset, for example by training each classifier on data from
a respective time period, e.g. 24 hours, after agent exposure.
[0050] The testing stage 104 receives the set of trained
classifiers from the training stage 102 and a set of testing
input data. The set of testing input data includes a set of
testing physiological data recorded from a second group of
patients and a set of the times the patients were exposed to
agents. The components of the testing stage 104 are
described in detail in relation to FIG. 3, and the testing stage
104 may operate on the testing input data and the trained
classifiers according to the method as described in relation
to FIG. 7. In particular, the testing stage 104 may compare
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detection indications from the trained classifiers operating
on the testing input data and compare the infection state
classifications predicted by the detection indications to the
corresponding set of actual physiological states from the
second group of patients. If there is a sufficient match
between the predicted and actual physiological states, the
testing stage 104 validates the classifiers and provides the
validated classifiers to the application stage 106.

[0051] The application stage 106 receives the set of vali-
dated classifiers from the testing stage 104 and physiological
data recorded from a patient, and the agent exposure of the
patient may be unknown. The components of the application
stage 106 are described in detail in relation to FIG. 4, and the
application stage 106 may operate on the patient data and the
validated classifiers according to the method as described in
relation to FIG. 7. In particular, the application stage 106
may aggregate patient state classifications from the validated
classifiers operating on the patient data to determine infec-
tion detection indications and declaration indications, which
are defined in relation to FIG. 7. The indications of infection
may be provided by the system 100 to a user such as a
medical professional.

[0052] FIG. 2 is an illustrative block diagram of a training
system 200 for training a set of classifiers on physiological
data. The training stage 102 includes several components for
executing the processes described herein. In particular, the
training stage 102 includes a database 210, a receiver 212,
a subset selector 214, a preprocessor 216, a classifier gen-
erator 218, and a user interface 220 that includes a display
renderer 222. The training stage 102 may operate on training
input data according to the method as described in relation
to FIG. 6. The database 210 may be used to store any data
related to training a set of classifiers as described herein.
[0053] The training stage 102 receives training input data
over the receiver 212. The receiver 212 may provide an
interface with a data source, which may transmit physiologi-
cal training data and agent exposure data to the training stage
102. The physiological training data may be recorded from
a first group of patients with respect to known agent expo-
sure timing for the first group of patients and transmitted to
the receiver 212. The physiological data may be recorded by
any suitable means including implanted and wearable sen-
sors. In particular, the training physiological data may
include a number of physiological measurements, such as
electrocardiogram data, pulmonary data, blood pressure
data, temperature data, neurocognitive data (EEG), gait and
ambulation measurements (actigraphy), speech data, muscle
electrophysiology (EMG) data, pupil diameter measure-
ments, sweat rate and salinity measurements, breath exhalate
chemical analysis, and any other suitable physiological
measurement.

[0054] After the training data are received, the subset
selector 214 divides the training data into temporal subsets
that include data recorded during specific time intervals, e.g.
one time interval for each 12 hour period, 24 hour period, 36
hour period, or any other suitable time interval after agent
exposure. In some implementations, the subset selector 214
selects only a portion, e.g. two thirds, one half, or any
suitable portion, of the training data to be used in the training
stage. The remaining training data may be reserved for use
in the testing stage to cross validate the classifiers generated
by the training stage.

[0055] The training data selected by the subset selector
214 is communicated to the preprocessor 216, which pro-
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cesses the training data to convert the data into a suitable
form for performing classification. The preprocessor 216
may be used to eliminate short term fluctuations, eliminate
diurnal rhythms, divide the data into time intervals, generate
suitable summary statistics for each type of physiological
data to be used as features for classification for each time
interval, or any suitable combination thereof. In an exem-
plary implementation, the preprocessor 216 divides the
training data into time intervals of a suitable length, e.g. 5,
10, 15, 30, 45, or 60 minutes, and calculates a mean value
for each interval in order to eliminate short term fluctuations.
To eliminate diurnal rhythms, each data point may be
represented as a percent difference from the original point
value and the mean value calculated for the respective time
interval. The preprocessor 216 may then divide the training
data into time intervals of the same or a different length, e.g.
15 minutes, 30 minutes, 60 minutes, or any suitable length
of time, and extract suitable features for each interval. For
example, the preprocessor may calculate, for each time
interval, a mean value, a standard deviation, and quartiles of
the data values, which may be percent differences. These
statistics may be used as the features that characterize the
physiological data and may be calculated for any suitable
physiological data, such as pulse data, ECG data, pulmonary
data, blood pressure data, and temperature data, and input to
the patient state classifiers. These examples of physiological
data are described by way of example only, and one of
ordinary skill in the art will understand that other features of
physiological data may be extracted without departing from
the scope of the present disclosure. The preprocessor 216
may also be configured to identify and remove outliers from
the physiological data. The determination that a data point is
an outlier, e.g. representative of a transient physiological
anomaly, representative of a measurement error, or that is
generally unsuitable for inclusion in the classification, may
be made by the preprocessor 216.

[0056] The classifier generator 218 uses the features
extracted by the preprocessor 216 to generate a patient state
classifier for each time interval chosen by the subset selector
214. In some implementations, there is one classifier trained
for each day, 12 hour interval, 36 hour interval, 48 hour
interval, or any other suitable interval of data recorded after
the patient was exposed to a agent as well as a baseline
classifier that characterizes pre-exposure somatic function.
In some implementations, the classifiers are random forest
classifiers, each of which uses a set of decision trees to
generate a final classification decision. In some implemen-
tations the random forests output a classification decision as
well as a score indicating the proportion of trees in the forest
whose individual output matched the forest classification or
the proportion of trees whose classification indicates the
presence of an infection. The random forest classifiers may
be calibrated to output a patient state classification that
indicates a prediction of the patient having been exposed to
a agent only when the score exceeds a threshold, which may
be determined by a target false prediction rate, sensitivity,
specificity, or any suitable means. Additionally, the random
forest classifiers may be used to determine the feature
importance metrics of the input training features. The feature
importance metric of a feature indicates how important a
feature is to determining the final classification. The random
forest classifiers may further output a list of the features that
indicates the respective importance metric for each feature.
The lists of predictively important features and any other



US 2017/0112379 Al

suitable model output, including classifications and scores,
can be output to a user via display renderer 222 or any
suitable means.

[0057] In some implementations, the classifier generator
218 will train an intermediate classifier to identify the most
predictive features, based on their feature importance met-
rics, e.g. those metrics that exceeds a threshold or the most
predictive proportion of the features. A final classifier is then
trained using the most predictive features. In some imple-
mentations, the user may specify which types of physiologi-
cal data are used, e.g. classifiers that only use ECG data.
[0058] FIG. 3 is a block diagram of a testing system 300
for testing a set of trained classifiers on physiological data,
according to an illustrative implementation of the disclosure.
The testing stage 104 includes several components for
executing the processes described herein. In particular, the
testing stage 104 includes a database 330, a receiver 332, a
classification collector 334, a classification aggregator 336,
a classifier evaluator 338, and a user interface 340 including
a display renderer 342. The testing stage 104 may operate on
testing input data and a set of trained classifiers according to
the method described in relation to FIG. 7. The database 330
may be used to store any data related to testing a set of
classifiers as described herein.

[0059] The testing stage 104 receives testing input data
and a set of trained classifiers over the receiver 332. The
receiver 332 may provide an interface with a data source,
which may transmit testing physiological data and corre-
sponding agent exposure data to the testing stage 204. The
testing physiological data 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 testing physiological
data), and the agent exposure of the second group of patients
may be known and transmitted to the receiver 332. In some
implementations, the second group of patients is a portion of
the testing data that was set aside during the training stage
102. Patient data set aside during the training stage 102 is not
used to train the classifiers and can, therefore, be used to
cross validate the classifiers. The patients within and across
the first and second groups may not be infected with the
same disease. Patients used for cross validation may not be
infected with any disease. The receiver 332 may also form
an interface with the training stage 102 to receive a set of
trained classifiers from the training stage 102. In particular,
each trained classifier in the set of trained classifiers may be
trained on physiological data from a specific post agent
exposure time interval.

[0060] After the testing data and the set of classifiers are
received, the classification collector 334 collects classifica-
tions from the trained classifiers based on the physiological
record from each patient in the second group of patients. The
classifications correspond to candidate physiological state
classifications that are output for a given time interval, e.g.
15 minutes, 30 minutes, or 1 hour, based on the likelihood
of infection determined by each trained classifier. In some
implementations, for each patient record in the set of testing
physiological data and each time interval, the classification
collector 334 determines whether the number of patient state
classifications indicating infection meets or exceeds a
threshold (e.g. a threshold level of 1 out of 6 classifiers or 2
out of 7 classifiers) and outputs an infection detection
indication.

[0061] After the classifications for a time interval have
been collected, the classification aggregator 336 aggregates

Apr. 27,2017

the classifications. The classification aggregator 336 com-
bines the classifications and detection indications from each
time interval for a patient. When the number of infection
detection indications in a certain number of recent time
intervals exceeds a threshold, the classification aggregator
336 outputs an indication that the patient is ill, a declaration
indication.

[0062] After the classifications are aggregated, the classi-
fier evaluator 338 performs a validation of the classifiers. In
particular, the classifier evaluator 338 compares the infec-
tion detections and declarations to the known physiological
states of the second group of patients to determine a level of
accuracy of the classifiers and to compare the declaration of
illness to the onset of febrile symptoms. For example, the
classifier evaluator 338 may determine that the classifiers are
validated if the number of correctly declared illnesses
exceeds a threshold or if the diagnoses are being made
sufficiently close to agent exposure. The threshold may be a
fixed number or a percentage and may be provided by a user
over the user interface 340. If the classifier evaluator 338
determines that the trained classifiers are invalid, the testing
stage 104 may provide an instruction to the training stage
102 to repeat the training process (e.g. trying a different set
of features, a different number of classifiers, or a change in
any other suitable parameter in the training process). For
example, the testing stage 104 may return the rejected
classifiers to the training stage 202. The rejected classifiers
may be retrained using the most predictive features identi-
fied in the rejected classifier, based on their feature impor-
tance metrics, e.g. those metrics that exceeds a threshold or
the most predictive proportion of the features. A new clas-
sifier is then trained using the most predictive features.
These steps may be repeated until a set of classifiers is
identified that satisfies the criterion required by the classifier
evaluator 338. The testing stage 104 then provides the
validated set of classifiers to the application stage 206.

[0063] FIG. 4 1s a block diagram of an application system
400 for using trained and tested classifiers to determine a
physiological state classification associated with physiologi-
cal data, according to an illustrative implementation of the
disclosure. The application stage 106 includes several com-
ponents for executing the processes described herein. In
particular, the application stage 106 includes a database 450,
a receiver 452, a preprocessor 454, a classification collector
456, a classification aggregator 458, and a user interface 460
including a display renderer 462. The testing stage 104 may
operate on testing input data and a set of trained classifiers
according to the method described in relation to FIG. 7. The
database 450 may be used to store any data related to testing
a set of classifiers as described herein.

[0064] The application stage 106 receives a set of trained
classifiers over the receiver 452. The receiver 452 may
provide an interface with a data source, which transmits
physiological data related to a patient to the application
stage 106. The physiological data may be recorded from a
patient that was not included in the training or testing groups
of patients, and the agent exposure of the patient may be
unknown. The recording may be done using high resolution
monitors, surgically implanted monitors, wearable monitors,
or any suitable physiological monitor. The receiver 452 may
also form an interface with the training stage 102 to receive
a set of trained classifiers from the training stage 102. In
particular, each trained classifier in the set of trained clas-
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sifiers may be trained on physiological data from a specific
post agent exposure time interval.

[0065] Patient physiological data communicated to the
receiver 452 is communicated to preprocessor 454, which
processes the training data to convert the data into a suitable
form for performing classification. The preprocessor 454
may be used to eliminate short term fluctuations, eliminate
diumal rhythms, divide the data into time intervals, generate
suitable summary statistics for each type of physiological
data to be used as features for classification for each time
interval, or any suitable combination thereof. In an exem-
plary implementation, the preprocessor 454 divides the
training data into time intervals of a suitable length, e.g. 5,
10, 15, 30, 45, or 60 minutes, and calculates a mean value
for each interval in order to eliminate short term fluctuations.
To eliminate diurnal rhythms, each data point may be
represented as a percent difference from the original point
value and the mean value calculated for the respective time
interval. The preprocessor 454 may then divide the training
data into time intervals of the same or a different length, e.g.
15 minutes, 30 minutes, 60 minutes, or any suitable length
of time, and extract suitable features for each interval. For
example, the preprocessor may calculate, for each time
interval, a mean value, a standard deviation, and quartiles of
the data values, which may be percent differences. These
statistics may be used as the features that characterize the
physiological data and may be calculated for any suitable
physiological data, such as pulse data, ECG data, pulmonary
data, blood pressure data, and temperature data, and input to
the patient state classifiers. These examples of physiological
data are described by way of example only, and one of
ordinary skill in the art will understand that other features of
physiological data may be extracted without departing from
the scope of the present disclosure. The preprocessor 454
may also be configured to identify and remove outliers from
the physiological data. The determination that a data point is
an outlier, e.g. representative of a transient physiological
anomaly, representative of a measurement error, or that is
generally unsuitable for inclusion in the classification, may
be made by the preprocessor 454.

[0066] After the set of classifiers are received and as the
physiological data is received and preprocessed, the classi-
fication collector 456 collects classifications from the set of
trained classifiers based on the physiological data from the
patient. The classifications correspond to candidate physi-
ological state classifications that are output for a given time
interval, e.g. 2 minutes, 5 minutes, 15 minutes, 30 minutes,
or 1 hour, based on the likelihood of infection determined by
each trained classifier. This time interval may be based on an
expected speed of infection or intoxication. For example,
when analyzing a likelihood of a chemical exposure, a time
interval of 2 minutes may be used. In some implementations,
the patient’s physiological data is streamed to the receiver
452 in real time. In some implementations, the patient’s
physiological data is downloaded from a storage medium to
the receiver 452 or database 450. In some implementations,
for each time interval, the classification collector 456 deter-
mines whether the number of patient state classifications
indicating infection meets or exceeds a threshold (e.g. a
threshold level of 1 out of 6 classifiers or 2 out of 7
classifiers) and outputs an infection detection indication. In
some implementations, the classification collector 456
applies each classifier in the set of classifiers to the same
time interval. In some implementations, the classification
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applies each classifier to respective time intervals that are
spaced apart by an amount equal to the length of the time
period on which each classifier was trained. For example, if
the classifiers were trained on 24 hour periods of post
exposure data, then the classification collector 456 applies
the classifiers to time intervals that are 24 hours apart, and
the classification collector 456 applies this process once for
each classifier in order to position each classifier as the most
recent, since the time of agent exposure is unknown. This
process can allow for early detection of infection as well as
an estimated time of exposure.

[0067] After the classifications for a time interval have
been collected, the classification aggregator 458 aggregates
the classifications. The classification aggregator 458 com-
bines the classifications and detection indications from each
time interval for a patient. When the number of infection
detection indications in a certain number of recent time
intervals exceeds a threshold, the classification aggregator
458 outputs an indication that the patient is ill. This may be
referred to herein as a declaration indication, which may be
displayed to a clinician via user interface 460, display
renderer 462, or any suitable means.

[0068] FIG. 5is a 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 500. In certain aspects, a plurality of the
components of these systems may be included within one
computing device 500. In certain implementations, a com-
ponent and a storage device may be implemented across
several computing devices 500.

[0069] The computing device 500 comprises at least one
communications interface unit, an input/output controller
510, system memory, and one or more data storage devices.
The system memory includes at least one random access
memory (RAM 502) and at least one read-only memory
(ROM 504). All of these elements are in communication
with a central processing unit (CPU 506) to facilitate the
operation of the computing device 500. The computing
device 500 may be configured in many different ways. For
example, the computing device 500 may be a conventional
standalone computer or, alternatively, the functions of com-
puting device 500 may be distributed across multiple com-
puter systems and architectures. In FIG. 5, the computing
device 500 is linked, via network or local network, to other
servers or systems.

[0070] The computing device 500 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 508
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.

[0071] The CPU 506 comprises a processor, such as one or
more conventional microprocessors and one or more supple-
mentary co-processors such as math co-processors for
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offloading workload from the CPU 506. The CPU 506 is in
communication with the communications interface unit 508
and the input/output controller 510, through which the CPU
506 communicates with other devices such as other servers,
user terminals, or devices. The communications interface
unit 508 and the input/output controller 510 may include
multiple communication channels for simultaneous commu-
nication with, for example, other processors, servers or
client terminals in the network 518.

[0072] The CPU 506 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
502, ROM 504, flash drive, an optical disc such as a compact
disc or a hard disk or drive. The CPU 506 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 506 may be connected
to the data storage device via the communications interface
unit 508. The CPU 506 may be configured to perform one or
more particular processing functions.

[0073] The data storage device may store, for example, (i)
an operating system 512 for the computing device 500; (i)
one or more applications 514 (e.g., computer program code
or a computer program product) adapted to direct the CPU
506 in accordance with the systems and methods described
here, and particularly in accordance with the processes
described in detail with regard to the CPU 506; or (iii)
database(s) 516 adapted to store information that may be
utilized to store information required by the program.
[0074] The operating system 512 and applications 514
may be stored, for example, in a compressed, an un-
compiled and an encrypted format, and may include com-
puter program 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 504 or from the RAM 502. While execution
of sequences of instructions in the program causes the CPU
506 to perform the process steps described herein, hard-
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.

[0075] Suitable computer program code may be provided
for performing one or more functions in relation to perform-
ing classification of physiological states based on physi-
ological data as described herein. The program also may
include program elements such as an operating system 512,
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 510.

[0076] 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 500 (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

Apr. 27,2017

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.

[0077] Various forms of computer readable media may be
involved in carrying one or more sequences of one or more
instructions to the CPU 506 (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 500 (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.

[0078] The systems shown in FIGS. 1-5 may pre-fever
infection detection as described with reference to flowcharts
in FIGS. 6-8. In particular, the training stage 102 may use
the method shown in FIG. 6 to train a set of classifiers on a
set of physiological training 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. 7 to
apply the validated classifiers to a patient’s physiological
data to identify a predicted physiological state of the patient.

[0079] FIG. 6 is a flow diagram depicting a process, at the
training stage, for training a set of classifiers on physiologi-
cal data, according to an illustrative implementation of the
disclosure. The method 600 includes the steps of receiving
physiological datasets (step 602), separating the dataset into
a training set and a testing set (step 604), separating the
training set into N subsets (step 606), and initializing an
iteration parameter n to one (step 606). The n-th subset of the
training set data is selected (step 610), and an n-th classifier
is trained on the selected subset (step 612). Steps 610 and
612 are repeated until the desired number of classifiers (i.e.,
N), which may be configured by the user, have been trained.

[0080] At step 602, physiological datasets are received, for
which agent exposure times are known. At step 604, the
received datasets are 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 102. The testing
set is used to assess the performance of the resulting
classifiers and is provided as input to the testing stage 104.
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An example method of assessing the performance of the
classifiers in the testing stage 104 is described in relation to
FIG. 8.

[0081] At step 606, the received datasets are divided into
N subsets, e.g. by subset selector 214. Fach subset of the
training data includes data recorded during specific time
intervals, e.g. one time interval for each 12 hour period, 24
hour period, 36 hour period, or any other suitable time
interval after agent exposure. At step 608, the iteration
parameter n is initialized to one. The iteration parameter n is
representative of a selected subset of the training set.

[0082] At step 610, the subset selector 214 selects an n-th
subset of the training set data. Optionally, the training set
data may be processed by the preprocessor 216 (e.g., to get
the training set data into a suitable form). These processes
are described in more detail in relation to FIG. 3.

[0083] At step 612, the n-th classifier is trained on the
corresponding subset. In some implementations, there is one
classifier trained for each day, 12 hour period, 36 hour
period, or 48 hour period of data recorded after the patient
was exposed to an agent as well as a baseline classifier that
characterizes pre-exposure somatic function. In some imple-
mentations, the classifiers are random forest classifiers, each
of which uses a set of decision trees to generate a final
classification decision.

[0084] At decision block 614, it is determined whether the
iteration parameter n equals the desired total number of
subsets N. In an exemplary implementation, N is set to 7,
and there are seven classifiers each trained on a respective
day of a week of post exposure data. In an example, the total
number of subsets N may be set to a larger number (such as
10, 25, 50, 100, for example), and the results may be
analyzed until a plateau in performance is reached. Using a
larger value for N generally involves more computation, so
it may be desirable to set N to a value that is large enough
to achieve a desired performance but small enough to be
computationally eflicient. In one example, N may be set to
50 in order to achieve a plateau in performance while being
computationally efficient. If n does not equal N, the iteration
parameter n is incremented at step 616 and the process 600
returns to step 610 to select the next subset of training set
data. When iteration parameter n has reached its final value
N, training is complete at step 618. In particular, as a result
of the training, N classifiers have been generated. The
classifiers may be different because they were tuned for
optimal performance on different subsets of the training set
records, though each classifier resulted from the same math-
ematical or computational structure.

[0085] Insome implementations, the number of classifiers
N used is three: one baseline pre-exposure classifier that is
trained on pre-exposure data obtained from the same patient
or a population of patients, one post-exposure and pre-
symptomatic classifier that is trained on data that was
recorded after exposure to an agent but before the patient
exhibited symptoms of infection or intoxication, and one
post-exposure and post-symptomatic classifier that is trained
on data that was recorded after exposure to the agent and
after the patient began to exhibit symptoms of infection or
intoxication. Rather than using a different classifier for each
fixed post-exposure time interval, this method of using just
three classifiers defined based on exposure time and time of
symptom(s) arising may be advantageous because of its
simplicity.

Apr. 27,2017

[0086] FIG. 7 is a flow diagram depicting a process, at the
application stage or testing stage, for testing and using
classifiers to determine a physiological state classification
associated with physiological data and to provide a decla-
ration indication, according to an illustrative implementation
of the disclosure. The method 700 includes the steps of
receiving a physiological dataset for a time interval (step
702), using classifiers to output patient state classifications
based on physiological data features (step 704), determining
whether the number of classifications indicating exposure to
an agent merits a detection indication (steps 706 and 708),
and deciding whether the number of detection indications
merits a declaration indication (steps 710 and 712). Steps
706 and 710 are repeated until step 712 when a declaration
indication is provided indicating a prediction that the patient
has been exposed to an agent.

[0087] At step 702, physiological data from a patient is
received. The method 700 may be applied in relation to the
testing stage 104, in which case the agent exposure time
associated with the data is known. The method 700 may also
be applied in relation to the application stage 106, in which
case the agent exposure time associated with the physiologi-
cal data is unknown. The physiological data may be pre-
processed as discussed in relation to FIG. 4.

[0088] At step 704, a set of trained classifiers (e.g. those
trained in relation to FIG. 6) provide patient state classifi-
cations based on the received physiological data. In some
implementations, the classifiers are random forest classifiers
that are trained on a respective post agent exposure time
interval. The classifiers my give different levels of signifi-
cance to different features of the physiological data, e.g. as
is explained in relation to F1G. 9, which displays the types
of physiological data sorted by the feature importance metric
assigned by each daily classifier. The classifiers may each be
configured to have a particular maximum probability of false
alarm, e.g. as explained in relation to FIG. 10, by setting the
threshold required for a classification indicating exposure. In
some implementations, the threshold determines the number
or proportion of decision trees in a random forest that are
required to vote for a classification indicating exposure in
order for the entire forest to output the classification. Thresh-
olds may be set individually for each classifier. For each
classifier, a probability of false alarm can be calculated by
using baseline, pre-exposure physiological data to check for
false positives for every threshold. The threshold can then be
set sufficiently high to limit the probability of false alarm,
such as to 5%. This is explained in more detail in relation to
FIG. 10.

[0089] At decision block 706, it is determined, e.g. by
classification collector 456, whether the number of classi-
fications indicating exposure meets or exceeds a threshold.
The threshold may be a threshold level of classifiers out of
a total number of classifiers, such as 1 out of 6 classifiers, 2
out of 7 classifiers, or any suitable threshold level. If
exposure is detected, then a detection indication is provided
to indicate that the patient was likely exposed to the agent as
of the time interval at step 708.

[0090] At decision block 710, it is determined (e.g. by
classification aggregator 458 or classification aggregator
336) whether the number of time intervals with detection
indications exceeds a threshold. The threshold may repre-
sent a requisite number of detection indications or be
represented as a requisite number of indications that must be
present within a specified number of recent time intervals.
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When the threshold is exceeded, a declaration indication is
provided at step 712 to indicate that the patient has been
exposed to the agent. FIG. 12 shows exemplary detections
and a declaration for an experimental subject.

[0091] FIG. 8 is a flow diagram depicting a method for
predicting whether a patient has been exposed to an agent,
according to an illustrative implementation of the disclosure.
The method 800 includes the steps of receiving physiologi-
cal data regarding a patient that was recorded during a first
time interval (step 802). extracting one or more features
from the physiological data (step 804), identifying a plural-
ity of classifiers each trained using training data for a
respective post-exposure time interval (step 806), determin-
ing for each classifier a patient state classification that
indicates an initial prediction of whether the patient has been
exposed to the agent (step 808), providing an indication of
a prediction that the patient has been exposed as of the first
time interval when a number of patient state classifications
indicating a positive initial prediction that the patient has
been exposed to the agent exceed a first threshold (step 810),
and providing a declaration indication that the patient has
been exposed when a number of indications from step 810
as of one or more first time intervals exceeds a second
threshold.

[0092] At step 802, physiological data regarding a patient
that was recorded during a first time interval. The physi-
ological data is received (e.g. by receiver 452) and the
method may be applied in relation to the application stage
106, in which case the agent exposure time associated with
the physiological data is unknown. The physiological data
may include pulmonary data, blood pressure data, electro-
cardiography data, and temperature data. In some imple-
mentations, the disclosure operates using only ECG data,
which may be collected from wearable monitors and sparse.
The physiclogical data may be preprocessed as discussed in
relation to FIG. 4 at step 804 in order to make the physi-
ological data suitable for classification and extract one or
more features from the physiological data. Preprocessing
may be carried out as described in relation to FIG. 4 (e.g. by
preprocessor 454).

[0093] At step 806, aset of trained classifiers are identified
(e.g. those trained in relation to FIG. 6) that are each trained
using training data for a respective post-exposure time
interval. In some implementations, the classifiers are random
forest classifiers that are trained on a respective post agent
exposure time interval of 24 hours. The classifiers my give
different levels of significance to different features of the
physiological data, e.g. as is explained in relation to FIG. 9,
which displays the types of physiological data sorted by the
feature importance metric assigned by each daily classifier.
At least one classifier may be trained on baseline (pre-
exposure) somatic data or known un-exposed data from
other representative patients.

[0094] At step 808, cach classifier determines a patient
state classification that indicates a prediction of whether the
patient has been exposed to an agent. The classifiers may
each be configured to have a certain probability of false
alarm, e.g. as explained in relation to FIG. 10, by changing
the threshold required for a classification indicating expo-
sure. In some implementations, the threshold determines the
number or proportion of decision trees in a random forest
that are required to vote for a classification indicating
exposure in order for the entire forest to output the classi-
fication. Thresholds may be set individually for each clas-
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sifier. For each classifier, a probability of false alarm can be
calculated by using baseline, pre-exposure physiological
data to check for false positives for every threshold. The
threshold can then bet set sufficiently high to limit the
probability of false alarm. Mean classifier scores are dis-
cussed in more detail in relation to FIG. 11.

[0095] At step 810, an indication that the patient has been
exposed to the agent as of the first time interval is provided
when a number of patient state classifications indicating a
positive prediction that the patient has been exposed to the
agent exceeds a first threshold (e.g. as determined by clas-
sification collector 456). The threshold may be a threshold
level of classifiers out of a total number of classifiers, such
as 1 out of 6 classifiers, 2 out of 7 classifiers, or any suitable
threshold level. Detections are explained in greater detail
with respect to FIGS. 4 and 12.

[0096] Steps 802 through 810 are repeated for one or more
additional first time intervals, and, at step 812, a declaration
indication that the patient has been exposed to the agent is
provided when a number of indications from step 810 as of
one or more first time intervals exceeds a second threshold
(e.g. as determined by classification aggregator 458). The
threshold may represent a requisite number of detection
indications or be represented as a requisite number of
indications that must be present within a specified number of
recent time intervals, such as m detections within the last n
intervals, where m and n are configurable integer param-
eters. FIG. 12 shows exemplary detections and a declaration
for an experimental subject.

[0097] In an exemplary implementation, an experiment
was performed involving non-human primate (NHP) sub-
jects. The NHP subjects were exposed to either of two viral
hemorrhagic fevers (Ebola and Marburg viruses) and moni-
tored to collect high resolution physiological data. The
primates were divided into three groups MARV IM, MARV
aerosol, EBOV aerosol based on the virus and method of
exposure, aerosol or intramuscular injection (IM). MARV
IM primates received Marburg virus via intramuscular injec-
tion exposure. MARV aerosol primates received Marburg
virus via aerosol exposure. EBOV aerosol primates received
Ebola virus via aerosol exposure. Data were normalized to
remove diurnal rhythms and shorten fluctuations, then pro-
vided to a supervised binary class (pre- and post-exposure)
random forest machine learning algorithm. Random forests
were chosen for their robustness against feature-rich and
noisy data while minimizing over-fitting. A random forest
was built every day post-exposure. Subjects were separated
into training and testing sets, generally at a ratio of 2 training
subjects for each testing subject, and every testing subject’s
data was provided to the model for an exposure prediction
every 30 min. Using a thresholding method for minimizing
false alarms (described in relation to FIG. 10), exposure
declarations were found to range from 27 h (for Ebola) to 40
h (for Marburg) before the onset of fever (defined as a
temperature 1.5° C. above a diurnal baseline sustained for
two hours). The remaining FIGS. 9-12 display results from
the experiment.

[0098] FIG. 9 is a table indicating the physiological data
that are important to the patient state classification for the
days after agent exposure. Since the classifiers used in the
present disclosure are trained on distinct, respective post-
exposure time intervals, each classifier may give a different
feature importance metric to each feature of the physiologi-
cal data. Feature importance may change for each category
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of physiological data, e.g. between ECG, pulmonary data,
temperature data, and blood pressure data, and even between
the summary statistics or other features computed for each
category of physiological data. For example, mean heart rate
and mean temperature may carry significantly more predic-
tive importance than the standard deviation of heart rate or
the lower quartile of blood pressure. The important features
may depend on which post-exposure time interval is being
considered, the route of exposure (in one example, when the
route of exposure is aerosol, pulmonary data may be more
predictive than other types of data), and the particular agent.
The classifiers may further output a list of the features that
indicates the respective feature importance metric for each
feature, e.g. as shown in FIG. 9. The feature types listed in
FIG. 9 are listed in decreasing order of importance, with
features having more predictive importance being listed
higher in the table. Feature types, rather than individual
features, are listed for clarity since single features within a
class were highly correlated. All subjects experienced the
onset of febrile symptoms by day 5, which can be seen in
FIG. 9 in the Day 5, Day 6, and Day 7 columns, which rank
temperature as the most predictive feature. Day 4 gives some
predictive weight to fever but it does not rank ahead of
features used in pre-fever days (e.g. Days 2 and 3), which
give more importance to more subtle biological signals, such
as respiratory rate, blood pressure, and ECG features (such
as QRS, QT, and PR intervals, heart rate). Moreover, fea-
tures may be generated in a domain that is different from the
time domain, such as the frequency (Fourier) or wavelet
domains. The respective specific post-exposure time interval
for a first classifier in the plurality of classifiers is approxi-
mately two days after exposure, and the first classifier uses
pulmonary data, blood pressure data, and electrocardiogra-
phy data. The respective specific post-exposure time interval
for a second classifier in the plurality of classifiers is
approximately three days after exposure, and the second
classifier uses electrocardiography data and pulmonary data.
The respective specific post-exposure time interval for a
third classifier in the plurality of classifiers is approximately
four days after exposure, and the first classifier uses elec-
trocardiography data, blood pressure data, and temperature
data. The respective specific post-exposure time interval for
a fourth classifier in the plurality of classifiers is approxi-
mately five days after exposure, and the fourth classifier uses
temperature data, electrocardiography data, and blood pres-
sure data. The respective specific post-exposure time inter-
val for a fifth classifier in the plurality of classifiers is
approximately six days after exposure, and the fifth classifier
uses temperature data, electrocardiography data, and pul-
monary data.

[0099] FIG. 10 is a chart displaying how a classification
threshold for each classifier is set to provide a given prob-
ability of false alarm, according to an illustrative implemen-
tation of the disclosure. For each classifier, a probability of
false alarm can be calculated by using baseline, pre-expo-
sure physiological data. Any classification indicating infec-
tion made based on pre-exposure data is a false alarm, which
is also referred to as a false positive, and, by varying the
threshold used in a random forest classifier, a chart of the
probability of receiving a false alarm versus the threshold
rate can be generated. The probability of false alarms is
defined as the number of false positives divided by the sum
of the number of true negatives and the number of false
positives. This is shown in FIG. 10 as P, =FP/(TN+FP),
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which uses P, for the probability of false alarms, FP to be
the number of false positives, and TN to be the number of
true negatives. In FIG. 10 it can be seen how a desired
probability of false alarm corresponds to a score threshold
for each classifier, as the horizontal line indicating a fixed
probability of false alarm will intersect the probability curve
for each classifier at the desired minimum threshold. Setting
the classification threshold at, or above, the x-axis value of
the intersection will yield a probability of false alarm that is
less than or equal to the desired probability of false alarm
(e.g., 5%). It will be apparent to one of ordinary skill in the
art how such a plot may be used to determine the minimum
threshold for each classifier to achieve a given probability of
false alarm.

[0100] FIG. 10 generally shows that earlier classes gen-
erally require higher thresholds. The earlier classifiers are
using physiological data that is more similar to the baseline
data. Whereas, in the experiment, the day 4 through 7
classifiers could use fever as a predictive feature and con-
sequently yielded ROC AUC values approaching one, indi-
cating nearly perfect performance during febrile symptoms.
This explains the overall trend observed from the data in
FIG. 10 that classifiers from later days require a lower
threshold to achieve a given probability of false alarm. The
probability of false alarm analysis can be expanded beyond
detection thresholding to evaluate model performance. The
probability of detection can be defined as the ratio of the
number of true positive indication to the number of all
positive indications. The probability of detection and prob-
ability of false alarm can be used to generate a receiver
operating characteristic (ROC) curve, that can be used to
summarize the performance of the classifier by calculating
an area under the curve. ROC curves describe the sensitivity
and specificity of a test and can be summarized by the area
under the curve, wherein an AUC of 1.0 refers to a perfectly
sensitive and specific detector and a value of 0.5 indicates
that the test cannot distinguish between classes better than a
coin flip. The precision of the classifiers may also be
calculated as the ratio of false positive indications to all
(false and true) positive indications.

[0101] FIG. 11 is a chart of the classifier scores as a
function of time from exposure to an agent, according to an
illustrative implementation of the disclosure. The x-axis of
the graph is indicative of a number of days from a subject’s
exposure to an agent and ranges from three days prior to
exposure to eight day post-exposure. The y-axis of the graph
represents the mean of the scores output by the random
forest classifiers. The graph indicates the start of fever with
a solid vertical line at a little more than 4 days post-
exposure. The x marks indicate the mean score of the forest
classifiers for a given time from exposure, and the circles
indicate the moving average of the means reported for the
previous 12 hours. As is shown in FIG. 11, a pre-exposure
baseline is established before zero days of exposure, when
the classifiers provide scores ranging from around 0.1 to 0.4.
In the days immediately following exposure but before the
start of fever, the classifier scores rise to a level above this
pre-exposure baseline, with scores ranging from 0.35 to 0.6
for days 1 to 4. The classifier scores also rise sharply around
the start of fever to a level of 0.7 to 0.9 for days 5-8. This
behavior can be explained by individual forest scores:
during the incubation period, forests 1-4 output scores
higher than the pre-exposure baseline, whereas forests 5-7
do not. Forests 1-4 are trained on data with subtle, sub-
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clinical changes from baseline which become more obvious
and detectable after fever onset. After febrile symptoms
forests 1-7 collectively report scores significantly above the
baseline. The data shown in FIG. 11 indicates that the
systems and methods described herein are sensitive to
exposure and may indicate infection well before the onset of
fever.

[0102] FIG. 12 is a chart of detection indications and a
declaration indication compared to agent exposure and the
start of febrile symptoms, according to an illustrative imple-
mentation of the disclosure. The y-axis indicates detections
on a binary scale, where 1 represents an infection detection
and 0 represents no infection detection. The x-axis repre-
sents a number of days from a subject’s exposure to an agent
and ranges from 3 days before exposure to 8 days after
exposure. The chart indicates detection indications as indi-
vidual circle marks. Approximately one day from exposure,
the number of detections exceeds a threshold, indicating a
declaration of infection, which is shown on the chart as a
solid vertical line. In the experiment, an “mxn” threshold
was applied, requiring n=10 of the previous m=24 intervals
to have a positive detection. [n general, other values for n
and m may be used without departing from the scope of the
present disclosure. The onset of fever is indicated using a
dashed vertical line at shortly after 4 days post-exposure.
The data shown in FIG. 12 indicate that the early warning
time that the systems and methods of the present disclosure
provide with respect to febrile symptoms in this example is
approximately 3 days. In other similar experiments that were
performed for different viruses, exposure declarations were
found to range from 27 hours of early warning time for the
Ebola virus and 40 hours of early warning time for the
Marburg virus. The primates were divided into three groups
MARYV IM, MARYV aerosol, and EBOV aerosol based on
virus and exposure method, as explained above. The systems
and methods of the present disclosure were applied using
different combinations of groups for training and testing
data. When the training set used MARV aerosol and the
testing set used MARYV aerosol, the disclosure provided 40.0
hours of early warning time, with a precision of 0.86 using
n=10 and m=24. When the training set used MARV IM and
the testing set used MARV 1M, the disclosure provided 64.8
hours of early warning time, with a precision of 0.92 using
n=6 and m=18. When the training set used EBOV aerosol
and the testing set used EBOV aerosol, the disclosure
provided 43.8 hours of early warning time, with a precision
of 0.85 using n=6 and m=18. When the training set used
MARV IM and the testing set used MARV aerosol, the
disclosure provided 35.3 hours of early warning time, with
a precision of 0.88 using n=10 and m=24. When the training
set used EBOV aerosol and the testing set used MARV
aerosol, the disclosure provided 21.5 hours of early warning
time, with a precision of 0.90 using n=6 and m=18. When
the training set used only the ECG data from MARYV aerosol
and the testing set used only the ECG data from MARV
aerosol, the disclosure provided 56.0 hours of early warning
time, with a precision of 0.80 using n=6 and m=18.

[0103] Implementing this type of early-warning system
could save lives of health care workers, military service
members, patients, and other susceptible individuals. During
the 2014 West Africa Ebola outbreak, for instance, health
care workers at higher risk of viral exposure could have been
monitored persistently for the earliest possible indications of
viral exposure. More commonly, patients in post-operative
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or critical care units could be monitored for infection and
treated well before clinical symptoms, viremia/bacteremia,
or septic shock. Higher specificity iterations of this approach
and knowledge of the causative agent could inform very
early therapeutic intervention without departing from the
scope of the disclosure. Furthermore, using very feature
sparse datasets, such as those that could be collected using
wearable sensor platforms, would enable this technique to
be implemented in, for example, rugged military environ-
ments.

[0104] While various embodiments of the present disclo-
sure have been shown and described herein, it will be
obvious to those skilled in the art that such embodiments 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 prac-
ticing the disclosure.

What is claimed is:

1. A method for predicting whether a patient has been
exposed to an agent, the method comprising:

(a) receiving, by at least one processor, physiological data
regarding the patient that was recorded during a first
time interval,

(b) extracting one or more features from the physiological
data, wherein each feature is representative of the
physiological data during the first time interval;

(c) identifying a plurality of classifiers, wherein each
classifier is trained using training data for a respective
specific post-exposure time interval,

(d) determining, for each classifier and based on a respec-
tive subset of the one or more features, a patient state
classification that indicates an initial prediction of
whether the patient has been exposed to the agent; and

(e) providing an indication of a prediction that the patient
has been exposed to the agent when a number of patient
state classifications indicating a positive initial predic-
tion that the patient has been exposed to the agent
exceeds a first threshold.

2. The method of claim 1, further comprising:

repeating (a)-(e) for one or more additional first time
intervals; and

providing an indication that the patient has been exposed
to the agent when a number of indications that the
patient has been exposed to the agent exceeds a second
threshold.

3. The method of claim 1, wherein each classifier in the
plurality of classifiers is a respective random forest classi-
fier, and determining the patient state classification includes
determining whether a third threshold number of trees in the
respective random forest classifier indicates exposure to the
agent.

4. The method of claim 1, wherein the respective specific
post-exposure time interval corresponds to a 24 hour time
period after exposure to the agent, and each classifier in the
plurality of classifiers corresponds to a different 24 hour time
period after exposure.

5. The method of claim 1, wherein a first respective
specific post-exposure time interval corresponds to a post-
exposure and pre-symptomatic time interval and a second
respective specific post-exposure time interval corresponds
to a post-exposure and post-symptomatic time interval.
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6. The method of claim 1, wherein an additional classifier
is used that is trained on training data for a pre-exposure
time interval.

7. The method of claim 6, wherein the training data for the
pre-exposure time interval is taken from the patient.

8. The method of claim 6, wherein the training data for the
pre-exposure time interval is taken from a population of
patients not including the patient.

9. The method of claim 1, wherein the agent is selected
from the group consisting of a chemical agent, a biological
agent, a viral pathogen, and a bacterial pathogen.

10. The method of ¢laim 1, wherein:

the one or more features are derived from pulmonary data,
blood pressure data, electrocardiography data, and tem-
perature data,

the respective specific post-exposure time interval for a
first classifier in the plurality of classifiers is approxi-
mately two days after exposure, and the first classifier
uses pulmonary data, blood pressure data, and electro-
cardiography data,

the respective specific post-exposure time interval for a
second classifier in the plurality of classifiers is
approximately three days after exposure, and the sec-
ond classifier uses electrocardiography data and pul-
monary data,

the respective specific post-exposure time interval for a
third classifier in the plurality of classifiers is approxi-
mately four days after exposure, and the first classifier
uses electrocardiography data, blood pressure data, and
temperature data,

the respective specific post-exposure time interval for a
fourth classifier in the plurality of classifiers is approxi-
mately five days after exposure, and the fourth classi-
fler uses temperature data, electrocardiography data,
and blood pressure data, and

the respective specific post-exposure time interval for a
fifth classifier in the plurality of classifiers is approxi-
mately six days after exposure, and the fifth classifier
uses temperature data, electrocardiography data, and
pulmonary data.

11. A system for predicting whether a patient has been
exposed to an agent, the system comprising processing at
least one processor configured to:

(a) receive physiological data regarding the patient that

was recorded during a first time interval;

(b) extract one or more features from the physiological
data, wherein each feature is representative of the
physiological data during the first time interval;

(c) identify a plurality of classifiers, wherein each clas-
sifier is trained using training data for a respective
specific post-exposure time interval,

(d) determine, for each classifier and based on a respective
subset of the one or more features, a patient state
classification that indicates an initial prediction of
whether the patient has been exposed to the agent; and

(e) provide an indication of a prediction that the patient
has been exposed to the agent when a number of patient
state classifications indicating a positive initial predic-
tion that the patient has been exposed to the agent
exceeds a first threshold.

12. The system of claim 11, wherein the at least one

processor is further configured to:
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repeating (a)-(¢) for one or more additional first time

intervals; and

providing an indication that the patient has been exposed

to the agent when a number of indications that the
patient has been exposed to the agent exceeds a second
threshold.

13. The system of claim 11, wherein each classifier in the
plurality of classifiers is a respective random forest classi-
fier, and determining the patient state classification includes
determining whether a third threshold number of trees in the
respective random forest classifier indicates exposure to the
agent.

14. The system of claim 11, wherein the respective
specific post-exposure time interval corresponds to a 24 hour
time period after exposure to the agent, and each classifier
in the plurality of classifiers corresponds to a different 24
hour time period after exposure.

15. The system of claim 11, wherein a first respective
specific post-exposure time interval corresponds to a post-
exposure and pre-symptomatic time interval and a second
respective specific post-exposure time interval corresponds
to a post-exposure and post-symptomatic time interval.

16. The system of claim 11, wherein an additional clas-
sifier is used that is trained on training data for a pre-
exposure time interval.

17. The system of claim 16, wherein the training data for
the pre-exposure time interval is taken from the patient.

18. The system of claim 16, wherein the training data for
the pre-exposure time interval is taken from a population of
patients not including the patient.

19. The system of claim 11, wherein the agent is selected
from the group consisting of a chemical agent, a biological
agent, a viral pathogen, and a bacterial pathogen.

20. The system of claim 11, wherein:

the one or more features are derived from pulmonary data,

blood pressure data, electrocardiography data, and tem-
perature data,

the respective specific post-exposure time interval for a

first classifier in the plurality of classifiers is approxi-
mately two days after exposure, and the first classifier
uses pulmonary data, blood pressure data, and electro-
cardiography data,

the respective specific post-exposure time interval for a

second classifier in the plurality of classifiers is
approximately three days after exposure, and the sec-
ond classifier uses electrocardiography data and pul-
monary data,

the respective specific post-exposure time interval for a

third classifier in the plurality of classifiers is approxi-
mately four days after exposure, and the first classifier
uses electrocardiography data, blood pressure data, and
temperature data,

the respective specific post-exposure time interval for a

fourth classifier in the plurality of classifiers is approxi-
mately five days after exposure, and the fourth classi-
fler uses temperature data, electrocardiography data,
and blood pressure data, and

the respective specific post-exposure time interval for a

fifth classifier in the plurality of classifiers is approxi-
mately six days after exposure, and the fifth classifier
uses temperature data, electrocardiography data, and
pulmonary data.
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802
RECEIVE PHYSIOLOGICAL DATA REGARDING A PATIENT THAT
WAS RECORDED DURING A FIRST TIME INTERWVAL

1

B804
EXTRACT ONE OR MORE FEATURES FROM THE PHYSIOLOGICAL
DATA

1

806
IDENTIFY A PLURALITY OF CLASSIFIERS. EACH TRAINED USING
TRAINING DATA FOR A RESPECTIVE POST-EXPOSURE TIME
INTERWAL

1

808
DETERMINE FOR EACH CLASSIFIER A PATIENT STATE
CLASSIFICATION THAT INDICATES AN INITIAL PREDICTION OF
WHETHER THE PATIENT HAS BEEN EXPOSED TO AN AGENT

810
PROVIDE AN INDICATION OF A PREDICTICON THAT THE PATIENT
HAS BEEN EXPOSED AS OF THE FIRST TIME INTERVAL WHEN A
NUMBER OF PATIENT STATE CLASSIFICATIONS INDICATING A
POSITIVE INITIAL PREDICTION EXCEEDS A FIRST THRESHOLD

1

B12
PROWIDE A DECLARATION INDICATION THAT THE PATIENT HAS
BEEN EXPOSED WHEN A NUMBER OF INDICATIONS AS OF ONE
OR MORE FIRST TIME INTERVALS EXCEEDS A SECOND
THRESHOLD
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