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(57) ABSTRACT

Examples described herein include defibrillators or other
medical equipment that may employ hidden Markov models
to classify cardiac rhythms in ECG signals. Hidden Markov
models may additionally or instead be used to determine
presence of a chest compression from the thoracic imped-
ance signal. Classification of cardiac rhythms may be used
to determine when to deliver a shock to a patient. Other
applications are also described.
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METHODS AND DEFIBRILLATORS
UTILIZING HIDDEN MARKOV MODELS TO
ANALYZE ECG AND/OR IMPEDANCE
SIGNALS

CROSS-REFERENCE TO RELATED
APPLICATION(S)

[0001] This application claims the benefit of the earlier
filing dates of U.S. Provisional Applications 62/082,776,
filed Nov. 21, 2014 and 62/153,888, filed Apr. 28, 2015. The
entire contents of both provisional applications are hereby
incorporated by reference in their entirety, for any purpose.

TECHNICAL FIELD

[0002] Examples described herein generally relate to defi-
brillators and other medical equipment that may analyze
ECG signals and classify heart rhythms. Examples may
include use of hidden Markov models in analyzing ECG
and/or impedance signals, classifying heart rhythms, detect-
ing chest compressions, and/or instructing regarding shock
or resuscitation therapies.

BACKGROUND

[0003] During resuscitation following cardiac arrest and
other critical illnesses and injuries, the cardiac rhythm can
change dynamically between different rhythms, such as
shockable rhythms (e.g., ventricular fibrillation), organized
rhythms (rhythms with organized ventricular activity, such
as sinus rhythm and atrial fibrillation), and asystole. Ven-
tricular fibrillation and asystole do not have any discrete
ECG waves (e.g. P waves or QRS complexes) or defined
cardiac cycles. These changes in cardiac thythm are impor-
tant to identify both rapidly and accurately. Cardiac defi-
brillators are used to monitor the ECG continuously, but
artifact from chest compressions, patient movement and
other sources can obscure the cardiac rhythm. Therefore,
there is a need for automated ECG signal processing meth-
ods which can classify the cardiac rhythm in the presence of
artifact. Current signal processing methods are generally not
accurate enough to be employed in the clinical setting for
continuous ECG classification.

[0004] Previously described automatic rhythm classifica-
tion methods analyze short ECG segments (e.g., five sec-
onds) in isolation and assume a stable rhythm within that
segment. Such assumptions and use of isolated segments
may provide inaccurate results in some instances. Other
methods can be used to classify organized rhythms, but not
rhythms without defined ECG waves, such as ventricular
fibrillation.

SUMMARY

[0005] Examples of methods are described herein. An
example method includes obtaining an electrocardiogram
(ECG) signal, extracting features from the ECG signal, and
applying a hidden Markov model to the features from the
ECG signal to calculate a probability of a current frame
having a particular state. The probahility of the current
frame having the particular state is based on probabilities
previous frames of the ECG signal had certain states.

[0006] Some examples further include updating the prob-
abilities at least one of the previous frames had the certain
states based on the current frame of the ECG signal.
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[0007] In some examples, each of the frames corresponds
with ECG signal data collected over a time period at least
two seconds.

[0008] Some examples further include detecting chest
compression occurring during the current frame, and com-
paring the features with representative features based on the
chest compression being detected.

[0009] Insome examples, the representative features com-
prise a first set of features if the chest compression is
detected and a second, different, set of features if the chest
compression is not detected.

[0010] In some examples, detecting chest compression
comprises receiving an impedance signal between elec-
trodes used to provide the ECG signal, and some examples
further include calculating a probability that chest compres-
sion is occurring by applying another hidden Markov model
to the impedance signal.

[0011] Some examples further include providing an indi-
cation to shock a patient when a probability the current
frame corresponds with a shockable rhythm meets or
exceeds a threshold probability.

[0012] In some examples, applying the hidden Markov
model comprises combining a sequence prior probability
and a sequence likelihood to generate a sequence posterior
probability.

[0013] Some examples further include accessing the
sequence prior probability from electronic storage, wherein
the sequence prior probability is based on a training set.
[0014] Some examples further include calculating the
sequence likelihood using an emission distribution for each
state of a sequence of frames.

[0015] Examples of defibrillators are described herein. An
example defibrillator includes electrodes configured for
application to a chest of a patient, memory configured to
store statistical data relating to a hidden Markov model,
hardware, software, firmware, or a combination thereof
configured to receive an ECG signal from the electrodes and
apply the hidden Markov model to the ECG signal and
provide a probability the ECG is indicative of a shockable
rhythm, and a display configured to provide an indication to
shock the patient when the probability exceeds a threshold.
[0016] In some examples, the hardware, software, firm-
ware, or combination thereof is configured to apply the
hidden Markov model in part by comparing features
extracted from the ECG signal to representative features.
The representative features may be selected based on
whether compressions are being performed on the patient.
[0017] In some examples, the hardware, software, firm-
ware, or combination thereof is further configured to receiv-
ing an impedance signal from the electrodes and apply
another hidden Markov model to the impedance signal and
provide another probability the impedance signal is indica-
tive of compressions being performed on the patient.
[0018] In some examples, the memory is further config-
ured to store statistical data relating to a hidden Markov
model.

[0019] In some examples, the statistical data is developed
from a training set.

[0020] Examples of software are described that may
include at least one non-transitory computer readable
medium encoded with instructions, that, when executed,
cause at least one processing unit to perform actions.
Examples of actions include analyze a plurality of frames of
ECG data, update respective probabilities for each of the
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plurality of frames of ECG data. The respective probabilities
may indicate whether each frame of the ECG data reflects a
particular cardiac rhythm classification. At least one of the
respective probabilities may be updated based on ECG data
from one of the plurality of frames occurring later in time.
[0021] In some examples, analyze a plurality of frames
comprises using a hidden Markov model.

[0022] In some examples, each of the plurality of frames
corresponds to a portion of ECG data representing at least
two seconds of time.

[0023] In some examples, the respective probabilities are
updated based on overall probabilities of the plurality of
frames having a sequence of cardiac rhythm classifications.
[0024] In some examples, analyze a plurality of frames of
ECG data comprises compare features from the frames of
ECG data with representative features, the representative
features for each frame selected based on whether chest
compression was occurring during the frame.

BRIEF DESCRIPTION OF THE DRAWINGS

[0025] FIG. 1 is a flowchart of a method arranged in
accordance with examples described herein.

[0026] FIG. 2 is a schematic illustration of a relationship
between hidden states and ECG signal features arranged in
accordance with examples described herein.

[0027] FIG. 3 is a schematic illustration of transition
probabilities between rhythm states in accordance with
examples described herein.

[0028] FIG. 4 is a schematic illustration of a CPR scenario
arranged in accordance with examples described herein.
[0029] FIG. 5 is a schematic block diagram of defibrillator
arranged according to examples described herein.

DETAILED DESCRIPTION

[0030] Certain details are set forth below to provide a
sufficient understanding of embodiments of the invention.
However, it will be clear to one skilled in the art that
embodiments of the invention may be practiced without
various of these particular details. In some instances, well-
known circuits, control signals, timing protocols, and soft-
ware operations have not been shown in detail in order to
avoid unnecessarily obscuring the described embodiments
of the invention.

[0031] Hidden Markov modeling and hidden Markov
models generally refer to statistical methods used to analyze
sequential data and perform integration. Hidden Markov
models have been applied to the analysis of organized
rhythms (e.g. sinus rhythm, atrial fibrillation and premature
ventricular complexes) by modeling the sequence of ECG
waves (e.g., P, QRS, and T waves) within a single cardiac
cycle in order to characterize aspects about an individual
heartbeat. These previous methods thus depend on observa-
tion of discrete ECG waves, which are typically obscured by
chest compression artifact, and are therefore neither
intended, nor feasible, for use during cardiac arrest resus-
citation. Examples described herein utilize Hidden Markov
models to classify rhythms without ECG waves or defined
cardiac cycles, e.g. ventricular fibrillation and asystole,
which are important causes of cardiac arrest. Alternately
stated, examples described herein may operate independent
of whether a waveform of a cardiac cycle is present in an
input signal.
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[0032] Methods described herein include examples of
methods to classify the cardiac rhythm in a continuous
manner from an electrocardiogram (ECG) signal by apply-
ing a class of models known as hidden Markov models.
There are a variety of signal processing methods which
classify ECG segments, but previously described “static”
methods assume that a particular ECG segment has a stable
(e.g. fixed) rhythm and analyzes each segment in isolation of
others. However, during resuscitation, the cardiac rhythm
can change, and these changes may be important to identify.
Examples described herein utilize hidden Markov models to
classify the cardiac rhythm dynamically. The use of hidden
Markov models described herein may be employed in con-
junction with any signal processing technique that extracts
features from the ECG signal. Unlike static methods, the use
of hidden Markov models integrates information from mul-
tiple signal frames within a continuous ECG segment to
classify the rhythm sequence as a whole with dynamic
rhythm transitions possible.

[0033] FIG. 1 is a flowchart of a method arranged in
accordance with examples described herein. The method
100 includes obtain an ECG signal at block 102, optionally
extract features from the ECG signal at block 104, apply a
hidden Markov model to the ECG signal at block 106,
provide a probability a current frame of the ECG signal has
a particular state at block 108, and update a probability
associated with a previous frame based on the current from
of the ECG signal at block 110.

[0034] The method 100 may be implemented in hardware,
software, firmware, or combinations thereof. The method
100 may be performed generally by any computing device
and may be incorporated, for example, in a defibrillator,
computer, server, tablet, mobile device, wearable device, or
appliance. Other medical equipment may in some examples
be used to implement the method 100.

[0035] In block 102, an electrocardiogram (ECG) signal
may be obtained. The ECG signal may be obtained directly
from a patient (e.g. through electrodes applied to a patient’s
chest). In some examples, the ECG signal may be obtained
by accessing a stored ECG signal in electronic memory (e.g.
memory local to a computing device or remote storage). The
ECG signal may be considered in frames of data. Frames of
data generally represent groups of data corresponding to
temporal intervals. For examples, frames may represent 1
second, 2 seconds, 3 seconds, 4 seconds, 5 seconds, or 10
seconds of data. Other durations of data may be used per
frame in other examples. Note that frames described herein
may include data having a duration longer than a single
cardiac cycle and/or include at least a plurality of cardiac
cycles. Generally, examples described herein are interested
in rhythm classification occurring over longer than a single
cardiac cycle or for rhythms with an undefined cardiac cycle
(e.g. ventricular fibrillation or asystole)

[0036] In block 104, features may be optionally extracted
from the ECG signal. Generally, extracting features may
include identification of relevant signatures in the ECG
signal that may aid in classification of the signal as associ-
ated with a certain rhythm. Examples of features include, but
are not limited to, amplitudes, peaks, frequency powers,
frequency distributions, entropies, and durations. In this
manner, the entire ECG signal data may not be needed to
conduct classification of a rhythm. Instead, features of the
ECG signal may be extracted and used for classification.
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[0037] Generally, the classification may include compar-
ing the extracted features with features representative of
certain cardiac rhythm states. Cardiac rhythms of interest
include, but are not limited to, asystole, organized rhythm,
and shockable rhythms. Each rhythm may have representa-
tive features indicative of the rhythm which may be stored
and accessed during example methods described herein to
compare the representative features with features in the
obtained ECG signal to assist in classifying the rhythm.

[0038] The representative features used to compare with
the obtained ECG signal may vary based on whether chest
compression is occurring during the frame of data being
compared. Accordingly, in some example methods
described herein, a determination may be made whether
chest compression is occurring. In some examples, an
impedance signal provided between two electrodes used to
obtain the ECG signal (or other electrodes in some
examples) is analyzed to determine whether chest compres-
sion is occurring. The determination of whether chest com-
pression is occurring based on the impedance signal may
also utilize hidden Markov models in some examples.

[0039] In block 106, a hidden Markov model is applied to
the ECG signal. This may be implemented, for example, by
applying a hidden Markov model to features extracted from
the ECG signal. The cardiac rhythm (e.g. asystole, organized
rhythm, shockable rhythm) may be modeled as a sequence
of “hidden” rhythm states, with each state corresponding to
a different frame of ECG data. The hidden states are
unknown, but can be learned about through the observed
ECG signal features.

[0040] FIG. 2 is a schematic illustration of a relationship
between hidden states and ECG signal features arranged in
accordance with examples described herein. FIG. 2 illus-
trates three frames of ECG data: frame t-1, frame t, and
frame t+1. The rhythm states associated with each frame are
shown as state 202 for frame t-1, state 204 for frame t, and
state 206 for frame t+1. Each of the states 202, 204, and 206
may not be known but may be analyzed using the associated
ECG features. The ECG features 208 are shown associated
with the frame t-1 and state 202. The ECG features 210 are
shown associated with the frame t and state 204. The ECG
features 212 are shown associated with the frame t+1 and
state 206. The states (e.g. state 202, 204, and 206) will
generally correspond with one of the possible cardiac
rhythms (e.g. asystole, organized rhythm, shockable
rhythm). Each state generally has a unique emission distri-
bution of observed signal features. The emission distribu-
tions may adopt a variety of possible mathematical forms
(e.g., a multivariate normal distribution). In this manner, a
comparison of ECG signal feature (e.g. features 208, 210,
and/or 212) with representative features for each of the
possible states may yield a prediction (e.g. a probability) that
the ECG signal frame corresponds with that state.

[0041] Generally, the emission distribution parameters
(e.g. representative features) may be obtained from a train-
ing set. For example, a population of ECG signals from
known rhythms may be analyzed and the distribution param-
eters associated with each rhythm may be derived and stored
as statistical data. The statistical data may be used in later
classifying obtained ECG signals. Recall also the represen-
tative features used for comparison may change depending
on whether chest compression is being performed during the
frame.
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[0042] A hidden Markov model generally also models
probabilistically how the rhythm states change dynamically
(e.g. over time). This model may be provided in some
examples using the assumption that the state sequence is a
first-order Markov chain. Transitions from a rhythm state at
a given time to all possible states at the next discrete time are
governed by transition probabilities.

[0043] FIG. 3 is a schematic illustration of transition
probabilities between rhythm states in accordance with
examples described herein. FIG. 3 depicts a state diagram
300. The state diagram 300 includes an asystole state 302, an
organized rhythm state 304, and a shockable rhythm state
306. The probabilities of transitions between states are
shown with arrows in FIG. 3. In the example of FIG. 3, ifa
current frame is an asystole state 302, a probability the next
frame will also be an asystole state is 97 percent, the
probability the next frame will be organized rhythm state
304 is 2 percent, and the probability the next frame will be
shockable rhythm state 306 is 1 percent. If a current frame
is organized rhythm state 304, the probability the next frame
will be the organized rhythm state 304 is 99 percent, the
probability the next frame will be the asystole state 302 is
0.3 percent, and the probability the next frame will be the
shockable rhythm state 306 is 1 percent (note some rounding
approximations in these state transitions for example pur-
poses). If a current frame is shockable rhythm state 306, the
probability the next frame will be shockable rhythm state
306 is 99.8 percent, the probability the next frame will be
asystole state 302 is 0.1 percent and the probability the next
frame will be organized rhythm state 304 is 0.2 percent.
[0044] In this manner, a hidden Markov model will pro-
vide a number of possible states (e.g. asystole, shockable
rhythm, organized rhythm) and for each state, provide a
probability that the next state will be each of the possible
states. The state transition probabilities may be determined
from a training set. For example, ECG signals from known
rhythms may be analyzed as to state transitions and the
overall state transition probabilities from the analyzed ECG
signals from known rhythms may be stored and used for
classification of later obtained ECG signals. The state tran-
sition probabilities may be stored as statistical data usable in
classifying ECG signals.

[0045] Another component of a hidden Markov model is
a distribution of initial states, which may also be referred to
as the initial state distribution. The initial state is the state of
the first frame of the observed ECG signal in some
examples. The hidden Markov model may specify a prob-
ability that the initial state is each of the possible states—e.g.
a probability the initial state is the asystole state, a prob-
ability the initial state is the organized rhythm state, and a
probability the initial state is the shockable rhythm state. The
distribution of initial states may also be determined empiri-
cally from a training set and stored as statistical data usable
in classifying ECG signals.

[0046] Accordingly, hidden Markov models described
herein may include state definitions which correlate hidden
states with features from ECG signals (see, e.g., FIG. 2).
Correlations between representative features and states may
be stored as statistical data. Hidden Markov models
described herein may additionally or instead include state
transition probabilities describing a statistical probability of
transition from one certain state to another (see, e.g. FIG. 3).
State transition probabilities may be stored as statistical
data. Hidden Markov models described herein may addi-
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tionally or instead include a distribution of initial states. The
distribution of initial states may be stored as statistical data.
The statistical data may be used to dynamically classify
obtained ECG signals.

[0047] Because a hidden Markov model is a full proba-
bilistic model, Bayes’ rule can be used to find the probability
of any particular rhythm sequence S={St, t=1, . . ., T},
where St is the rhythm state at time t and T is the number of
frames within the segment. The sequence prior probability
P(S) is the probability of the sequence given the initial state
distribution P(S0) and the transition probability matrix
P(StISt-1). The sequence prior probability P(S) does not
rely on any ECG data, and may be given as follows:

T
P(s) = PSo)| | PSi 1 Si-1):
t=1

[0048] Accordingly, without any information from the
obtained ECG signal, the probability of any possible
sequence may be given by P(S) based on stored statistical
data. The probability of the sequence P(S) may be calculated
using the equation above, recognizing that the probability of
the sequence is the probability of the initial state multiplied
by the probabilities of each subsequent state transition for
the sequence. In some examples, the sequence prior prob-
abilities P(S) may be stored as statistical data usable in
classifying obtained ECG signals.

[0049] The sequence likelihood P(XIS) is the sampling
probability of the ECG data, which includes the sequence of
vectors X={Xt, t=1, . .., T}, where Xt is the vector of ECG
features at time t. The sequence likelihood is calculated
using the emission distribution P(XtISt) for each state St of
the sequence as follows:

P(X1S)=TL,« FP(IS,),

[0050] While the vector X has been described as a vector
of ECG features, in some examples, the ECG data may
include additional information. Information which may also
be included in the vector may include, but is not limited to,
accelerometer data, impedance signal data (e.g. impedance
between electrodes used to obtain the ECG signal), GPS
data, or combinations thereof.

[0051] For example, the sequence likelihood may repre-
sent the likelihood of the features in the obtained ECG signal
given a possible sequence. The sequence likelihood is given
by a product of the probabilities the extracted features in
each frame correspond to the state allotted that frame in the
sequence being reviewed.

[0052] Accordingly, two metrics may be available for each
sequence of frames. Looking at all possible sequences for
that sequence of frames, each sequence may have a sequence
prior probability based only on statistical data without use of
information (e.g. features) from the ECG signal itself. Each
sequence may also have a sequence likelihood calculated
using only information (e.g. features) from the ECG signal
and without use of information relating to the statistical
likelihood of the sequence.

[0053] Bayes’ rule combines the sequence prior probabil-
ity and sequence likelihood to calculate the sequence pos-
terior probability P(SIX), which is the probability of the
sequence given the obtained ECG signal, as follows:
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P, X)  PX|S)P(S)

PEIX= 25 = P

[0054] P(X) is the sum of the joint probabilities P(S,X)
over all possible sequences, as follows:

PRAZ, PXIS)P(S),

[0055] The method sequence classification is the sequence
with the highest posterior probability. For example, methods
described herein may calculate a sequence posterior prob-
ability for each possible sequence for a given plurality of
frames of obtained ECG signal. Example methods may
select the sequence having the highest sequence posterior
probability as the correct sequence and may classify the
frames of the obtained ECG signal as belonging to the
corresponding states specified by the correct sequence.
Because the number of possible sequences increases expo-
nentially with the number of frames within an ECG segment,
the Viterbi algorithm (a dynamic programming algorithm)
may be used to efficiently search for it.

[0056] For example. consider a 24-second segment of
ventricular fibrillation during CPR. The segment may
include six signal frames, each lasting four seconds. With
three possible thythm states for each frame, there are 3° or
729 possible rhythm sequences. The true sequence, {shock-
able-shockable-shockable-shockable-shockable-shock-
able}, is one possible sequence, and based on the transition
probabilities for this example, its prior probability is 0.33.
The sequence likelihood is calculated from Xt and St for
each of the six frames and the emission distribution, and,
from Bayes’ rule, the posterior probability of this sequence
is determined to be 0.98.

[0057] Itis to be understood that although specific hidden
Markov models and parameters are described herein, gen-
erally any hidden Markov model may be used. Application
of a hidden Markov model generally allows for classification
of a given frame of ECG data to be influenced by the
classification of all frames of the ECG data, and in this
manner, may improve classification accuracy. For example,
a hidden Markov model generally may assume a geometric
distribution for the sojourn time. Hidden Markov models
described herein may include a hidden semi-Markov model
where the transition probabilities and sojourn time are
related.

[0058] In examples described herein, the hidden states of
hidden Markov models may be defined by cardiac rhythm.
In some examples, other definitions of the hidden states may
be used. For example, the hidden states could be defined by
cardiac rhythm and the presence or absence of chest com-
pressions; under this classification scheme, asystole in the
presence of chest compressions and asystole in the absence
of chest compressions would be different states, for
example. Moreover, while the cardiac rhythm was classified
as asystole, an organized rhythm or a shockable rhythm in
the above example, other cardiac rhythm classifications may
be used in other examples. While analysis of ECG signals
has been described for classification, example methods
described herein may be applicable to other physiologic
signal data and in settings other than critical illness and
resuscitation.

[0059] Ahidden Markov model may be used to accurately
identify the most likely sequence for a plurality of frames of
ECG data. For some therapeutic decisions, however, the
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primary interest will be the state of a particular frame, most
commonly the current frame, and not the sequence as a
whole. Referring back to FIG. 2, in block 108, a hidden
Markov model may be applied to the features from the ECG
signal to calculate the forward probability of a current frame
having a particular state, and the probability of the current
frame having the particular state is based on features from
the current and previous frames of the ECG signal.

[0060] In this manner, a frame may be classified as a
certain rhythm when the forward probability indicates the
frame be so classified. Methods described herein may further
act on classifications of a current frame. For example, when
a frame is classified as a shockable rhythm (e.g. when a
probability the current frame corresponds with a shockable
rhythm meets or exceeds a threshold probability), an indi-
cation may be provided to shock a patient (e.g. using a visual
display and/or audible alert).

[0061] In block 110, a probability associated with a pre-
vious frame may be updated based on temporally later
frames of the ECG signal. Specifically, the smoothed prob-
ability of a particular frame may be calculated with the
hidden Markov model using features from the frame of
interest, the preceding frames, and the succeeding frames of
the ECG signal. The classification of a frame may be based
upon these smoothed probabilities, and the updated classi-
fication may or may not correspond with the manner in
which the frame was previously classified. Similarly, on
classifying a sequence of frames as corresponding with a
certain sequence, the entire sequence may be updated in
accordance with that selection of sequence. In this manner,
classified states of earlier frames may change based on
newly analyzed, temporally later, frames in an ECG signal.
[0062] Examples described herein may include medical
equipment, such as defibrillators, that may analyze ECG
signals to classify rhythms and may provide indications
regarding how to act on those classifications—e.g. when to
shock a patient.

[0063] Recall with respect of FIG. 2 that application of a
hidden Markov model to an ECG signal may vary in
accordance with whether chest compressions are being
performed. For example, performance of chest compres-
sions during a frame may change the reference features to
which the ECG features are compared in evaluating
sequence likelihood. Alternatively or in addition, hidden
Markov models may have different states for each cardiac
rhythm (or certain cardiac rhythms) with and without chest
compression.

[0064] The presence of chest compressions may be deter-
mined based on analysis of an impedance signal between
two electrodes coupled to a chest of a patient. In some
examples, the same electrodes used to provide the ECG
signal may provide the impedance signal. Hidden Markov
models may be used to classify impedance signals as chest
compression/no chest compression.

[0065] Chest compressions are a primary component of
cardiopulmonary resuscitation (CPR), and the quality of
their delivery affects survival following sudden cardiac
arrest. Measurement of chest compression quality, e.g. rate
and length of pauses, may allow for improving the delivery
of CPR. Force sensors accurately measure chest compres-
sion metrics, but cost and complexity have limited their
adoption. In contrast, during cardiac arrest resuscitation,
cardiac defibrillators with monitor pads attached to the torso
are universally employed. Because the electrical impedance
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between pads varies with chest compressions, it can be used
to derive chest compression metrics. However, the relation-
ship between impedance and force varies across patients and
providers, and other sources of chest wall movement can
generate artifact in the impedance signal. Therefore, there is
a need for signal processing methods to accurately derive
chest compression metrics from the impedance signal.
[0066] Other methods in existence claim to provide vari-
ous chest compression metrics based on an electrical imped-
ance signal. However, previous methods have not been
based on hidden Markov models, which is a class of
statistical models used for sequential data and therefore
allows for the integration of continuous information during
the course of resuscitation.

[0067] Example methods described herein calculate vari-
ous chest compression quality metrics from the impedance
signal. Example methods may employ hidden Markov mod-
els, modeling the impedance signal using a sequence of
“hidden states” at discrete times. The “hidden” states and
interval between discrete observations may differ among
implemented hidden Markov models, which may allow for
the derivation of different chest compression metrics.
[0068] Some example hidden Markov models may be
provided to detect whether or not chest compressions are
being performed during a given frame or other interval of
impedance signal data. Detection of whether chest compres-
sions are being performed would allow for the calculation of
chest compression fraction and detection of pauses in chest
compressions. Moreover, the detection of chest compression
may affect the hidden Markov models and/or the features
used to implement hidden Markov models for classifying
cardiac rthythms in ECG signals. The possible hidden states
in hidden Markov models used to classify chest compres-
sion/no chest compression may be (1) chest compressions
present and (2) chest compressions absent. The states may
be defined at two second intervals. In some examples, the
states may be defined at other intervals, including 1, 2, 3, 4,
5,6, 7,8, 9, or 10 second intervals. In some examples, the
intervals are equal to the frame duration described above
with reference to classifying ECG signals. The model may
account for temporal dependence by assuming that the
sequence of hidden states forms a homogeneous first-order
Markov chain. Within each two-second interval, impedance
features may be extracted from the impedance signal. Con-
ditionally on the hidden states, emission distributions may
be defined of these impedance features using training data in
which the true states have been identified using a force
signal, for example. Transition probabilities between pos-
sible states may be estimated using the available training
data. The transition probabilities may be constant or depen-
dent upon factors such as the similarity of the impedance
features at adjacent times.

[0069] For any test impedance signal of arbitrary length,
the sequence of states with the highest posterior probability
may be identified using a dynamic programming algorithm
known as the Viterbi algorithm. The Viterbi sequence
defines the intervals of chest compressions and the intervals
of absent chest compressions. For any particular frame, the
forward and smoothed probabilities of each state (chest
compressions present or chest compressions absent) may be
derived from the hidden Markov model, and these prob-
abilities may be used to provide feedback to rescuers.
[0070] Some example hidden Markov models may be
provided to identify individual chest compressions as well as
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the compression and relaxation phases within each com-
pression, given that chest compressions are being pet-
formed. Chest compression rate and duty cycle may be
derived from this information. The possible hidden states are
“compression phase,” “relaxation phase” and “neutral” and
are defined at 0.05 second intervals. Other intervals may be
used such as 0.1, 0.15, 0.2, or other intervals. Impedance
features at each discrete time may be obtained. Maximum
likelihood estimates of the hidden Markov model parameters
(e.g. initial distribution of states, emission distributions, and
transition probabilities) may be estimated by applying the
Expectation-Maximization algorithm to training data. A
hidden Markov model may implicitly assume a geometric
distribution for the sojourn time in each state, but in this
method, a different distribution for the sojourn time (e.g.,
Poisson distribution) may be modeled explicitly.

[0071] For any test impedance signal during CPR, the
Viterbi algorithm may be used to find the sequence of states
with the highest posterior probability. The Viterbi sequence
may define the compression phase and relaxation phase of
each individual chest compression.

[0072] Example methods described herein may be applied
to an impedance signal in real-time, e.g., as the signal is
collected, in order to guide clinical care. Chest compression
quality metrics could be communicated to the provider using
a variety of formats, audio prompts or visual displays.
[0073] Methods may be applied to an impedance signal in
a retrospective or post-hoc manner in order to review the
events of a resuscitation. This type of review could occur
contemporaneously during a resuscitation, such as during
the transfer of care from one provider to another. Case
review with the impedance signal annotated using this
method would also be useful at a later time for quality
improvement, research, or educational purposes.

[0074] FIG. 4 is a schematic illustration of a CPR scenario
arranged in accordance with examples described herein.
FIG. 4 illustrates a responder 420 performing CPR on a
patient 440 that is connected to an automated external
defibrillator (AED) 410. In this scenario, the patient 440
may be exhibiting signs of cardiac arrest. The responder 420
may be a person that is trained in proper CPR techniques. In
this example, the patient 440 may have two electrodes 404
and 406 applied to his/her chest. The two electrodes 404 and
406 may be attached to the skin of the patient 440 at
conventional locations, such as one electrode 404 applied
under the right collar bone and the other electrode 406
applied to left lower chest. The two electrodes 404 and 406
may be coupled to the AED 410 via a cable.

[0075] The AED 410 may obtain an ECG signal from the
patient 440 via the two electrodes 404 and 406, including
while the responder 420 is performing CPR. The AED 410
may analyze the ECG signal to classify the ECG rhythm of
the patient 440 as shockable or non-shockable (or asystole in
some examples). Other classifications may be used in other
examples. Responsive to the classification of a shockable
rhythm, the AED 410 may apply high-voltage (e.g. 1,200-
1.800 volts) shocks, and/or may provide an audio and/or
visual indication that shocks are recommended. While the
AED is connected to the two electrodes 404 and 406 to
detect the ECG signal, the responder 420 may perform CPR
by applying downward forces or compressions to the ster-
num of the patient 440. In some instances, CPR may also
include the responder 420 blowing air into the mouth or nose
of the patient 440 by mouth-to-mouth or mouth-to-nose
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breathing. Analysis of the ECG signal may be dependent on
whether chest compressions are being administered to the
patient 440. That is, analysis of the ECG signal may be
different when chest compressions are being administered
than when no chest compressions are being administered.
Thus, the AED 410 may further analyze an impedance signal
between the electrodes 404 and 406 over time to provide a
chest compression/no chest compression classification asso-
ciated with the patient 440. In some examples, the AED 410
may prompt the responder 420 to stop chest compressions to
allow for a shock to be administered to the patient 440.

[0076] The AED 410 may include hardware, software,
firmware, or combinations thereof which are configured to
classify ECG rhythms using hidden Markov models in
accordance with examples described herein. For example,
the hardware, software, firmware, or combinations thereof
may receive an ECG signal from the electrodes and apply
the hidden Markov model to the ECG signal and provide a
probability the ECG is indicative of a shockable rhythm.
Generally, the hardware, software, firmware, or combina-
tions thereof may be configured to implement the methods
described herein with reference to FIGS. 1-3. Additionally
or instead, the AED 410 may include hardware, software,
firmware, or combinations thereof which are configured to
determine whether chest compressions are being adminis-
tered to the patient 440 based on analysis of an impedance
signal between the electrodes 404 and 406 over time. This
information may be used to assist in analysis of the ECG
signal, or to provide reminders to the responder 420 to
administer CPR. In analyzing an ECG signal, chest com-
pressions during CPR may introduce artifacts into the ECG
signal, which may mask or obscure the underlying ECG
rhythm, making classification of an ECG rhythm of the
patient 420 difficult with others methods in existence, and
thus the AED 410 may apply signal processing techniques to
the impedance signal to determine whether chest compres-
sions are being administered. The analysis may include
utilizing hidden Markov models.

[0077] The hardware, software, firmware, or combinations
thereof may be implemented, for example, using one or
more processing unit(s) (e.g. processor(s)) and one or more
computer readable mediums (e.g. memory) encoded with
instructions, which when executed, cause the at least one
processing unit(s) to perform the described actions. In some
examples, the hardware, software, firmware, or combina-
tions thereof may be implemented using custom ASIC or
other circuitry configured to perform the described func-
tions. In some examples, the hardware, software, firmware,
or combinations thereof may be implemented using firm-
ware configured to perform the described functions.

[0078] The methods disclosed herein may be implemented
using hardware, software, firmware, or combinations
thereof. For example, a field-programmable gate array
(FPGA) device, an application-specific integrated circuit
(ASIC), a processing unit such as a central processing unit
(CPU), a digital signal processor (DSP), a controller, another
hardware device, a firmware device, or any combination
thereof may be used. As an example, the methods may be
implemented by a computing system using, for example, one
or more processing units that may execute instructions for
performing the method that may be encoded on a computer
readable medium. The processing units may be implemented
using, e.g. processors or other circuitry capable of process-
ing (e.g. one or more controllers or other circuitry). The
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computer readable medium may be transitory or non-tran-
sitory and may be implemented, for example, using any
suitable electronic memory, including but not limited to,
system memory, flash memory, solid state drives, hard disk
drives, etc. One or more processing units and computer
readable mediums encoding executable instructions may be
used to implement all or portions of ECG classification
systems, defibrillators, and/or ECG classification systems
described herein.

[0079] In some embodiments, the hardware, software,
firmware, or combinations thereof may implement other or
different decision making methodologies. While the above
describes a determination of whether chest compressions are
being administered in an AED 410, the determination may
be performed in other devices, such as an implantable
defibrillator or an ECG monitor in a hospital setting that
constantly or periodically monitors ECG signals via elec-
trodes for evaluations over time or during a medical event.
[0080] While AED 410 is described as an automatic
external defibrillator, which is generally designed for small
physical size, light weight, and relatively simple user inter-
face capable of being operated by personnel without high
training levels, in other embodiments, the AED 410 may
additionally or alternatively include other defibrillators, such
as a manual defibrillator, an implantable defibrillator, a
paramedic defibrillator, and/or a clinical defibrillator. Gen-
erally, paramedic or clinical defibrillators may be carried by
an emergency medical service (EMS) responder, and tend to
be larger, heavier, and have a more complex user interface
capable of supporting a larger number of manual monitoring
and analysis functions.

[0081] FIG.5 is a schematic block diagram of defibrillator
arranged according to examples described herein. The defi-
brillator system 502 may include a pair of electrodes 504 and
506 coupled to a defibrillator 510. The defibrillator 510 may
be used to implement the AED 410 of FIG. 4.

[0082] The defibrillator 510 may include an FCG detec-
tion circuit 520 coupled to the pair of electrodes 504 and
506. The pair of electrodes 504 and 506 may be connected
across the chest of a patient, such as the patient 440 of FIG.
4. The ECG detection circuit 420 may detect an ECG signal
using the pair of electrodes 504 and 506. The ECG detection
circuit 520 may provide the ECG signal to the controller
540. Additionally or instead, the defibrillator 510 may
include an impedance detection circuit (which may be
implemented also using the ECG detection circuit 520 an/or
may be a separate detection circuit). The impedance detec-
tion circuit may detect an impedance between the electrode
504 and 506. The impedance detection circuit may provide
the impedance to the controller 540.

[0083] The controller 540 may include an ECG analyzer
542 which may be implemented using hardware, software,
firmware, or combinations thereof. The ECG analyzer 542
may utilize hidden Markov models to classify ECG signals
as described herein. For example, the ECG analyzer may be
used to implement the methods described with reference to
FIGS. 1-3. The ECG analyzer 542 may additionally or
instead determine whether chest compressions are being
administered based on the impedance between the elec-
trodes. The ECG analyzer 542 may provide a chest com-
pression/no chest compression classification of the imped-
ance signal to the controller 540. The controller 540 may
analyze the ECG signal using a process that may be selected
based the chest compression/no chest compression classifi-
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cation. The controller 540 may classify the ECG rhythm of
the ECG signal of the patient as shockable, non-shockable,
and/or asystole. If a shockable rhythm is detected (e.g., in
combination with determination of a treatment regimen that
indicates immediate defibrillation shock), the controller 540
may send a signal to high voltage (HV) shock circuit 530 to
charge in preparation for delivering a shock. The AED 510
may include a user interface 550 that provides an indication
to the controller 540 and/or to a user to administer the shock
responsive to a user input. The user interface 550 may also
provide an indication to the responder to begin or resume
provision of CPR responsive to a signal from the controller
540 indicating that no CPR is detected by the ECG analyzer
542. The AED 510 may further include a memory 560 that
is configured to store statistical data used for the classifica-
tion by the ECG analyzer 542. For example, the statistical
data may include statistical data relating to one or more
hidden Markov models for classification of ECG signals
and/or impedance signals. For example, the statistical data
may include probabilities, initial state distributions, state
transition probabilities, and/or other parameters relating to
hidden Markov models, some or all of which may be derived
from training sets.

[0084] In operation, the pair of electrodes 504 and 506
may be attached to a patient experiencing a medical event,
such as cardiac arrest. The ECG detection circuit 520 and/or
the impedance detection circuit may provide an ECG signal
and/or impedance signal across the pair of electrodes 504
and 506 to continuously monitor the ECG signal and/or
impedance between the pair of electrodes 504 and 506,
including while the patient is receiving CPR or other medi-
cal care. The ECG detection circuit 520 may provide the
ECG and/or impedance signal(s) to the controller 540. The
BCG analyzer within the controller 540 may apply hidden
Markov models to the ECG and/or impedance signals. The
BCG analyzer 542 may further classify rhythms in the ECG
signal (e.g. provide percentages indicative of states for
frames of the ECG signal as described herein). The ECG
analyzer 542 may provide an indication as to whether chest
compressions are being administered to the controller 540.
The controller 540 may analyze an ECG signal of the patient
received via the pair of electrodes 504 and 506 to classify the
ECG rhythm of the patient as shockable or non-shockable or
asystole. An example of a shockable rhythm may include
ventricular fibrillation. Examples of non-shockable rhythms
may include asystole (e.g., flatline or state of no cardiac
electrical activity), organized cardiac activity (e.g., normal
sinus rhythm), or pulseless electrical activity (e.g., electrical
signals indicate heart rhythm, but no pulse is produced). The
process used in the analysis of the ECG signal may be based
on whether chest compressions are being administered or
not. If a shockable classification is determined, the controller
540 may send a command to the HV shock circuit 530 to
begin charging. Responsive to an input at the user interface
550, the HV shock circuit 530 may release the high voltage
to the electrodes 504 and 506 to administer a shock to a
patient.

[0085] Insome examples, systems may be provided which
may analyze ECG signals that may be stored (e.g. previously
observed ECG signals). This may be useful, for example, in
a clinical or research setting where a researcher or practi-
tioner desires to classify ECG signals previously obtained
from a patient. Accordingly, computing systems may be
provided (such as computers including, but not limited to,
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servers, laptops, desktops, mobile devices) that include at
least one non-transitory computer readable medium encoded
with instructions that, when executed, cause at least one
processing unit to perform actions that implement ECG
signal classification techniques described herein, such as
those described with reference to FIGS. 1-3. For example,
the instructions may include instructions to analyze a plu-
rality of frames of ECG data and to calculate the forward and
smooth probabilities of each frame of ECG data. The
respective forward probabilities may indicate whether each
frame of the ECG data reflects a particular cardiac rhythm
state. The smooth probabilities include information from the
plurality of frames occurring later in time and generally, at
least one will differ from the forward probabilities. As
described herein, the executable instructions may include
executable instructions for evaluating a probability that the
frames of ECG data correspond to a particular sequence of
states. A sequence having a highest probability may be
selected as a correct sequence, and each frame classified in
accordance with the correct sequence.

[0086] The executable instructions may include instruc-
tions for analyzing a plurality of frames of ECG data using
a hidden Markov model. Each of the plurality of frames
analyzed may correspond to a portion of ECG data repre-
senting at least two seconds of time. In some examples, the
respective probabilities are updated based on overall prob-
abilities of the plurality of frames having a sequence of
cardiac rhythm classifications.

[0087] In some examples, analyzing the plurality of
frames of ECG data including comparing features from the
frames of ECG data with representative features, the repre-
sentative features for each frame selected based on whether
chest compression was occurring during the frame.

[0088] From the foregoing it will be appreciated that,
although specific embodiments of the invention have been
described herein for purposes of illustration, various modi-
fications may be made without deviating from the spirit and
scope of the invention.

What is claimed is:

1. A method comprising:

obtaining an electrocardiogram (ECG) signal,;

extracting features from the ECG signal;

applying a hidden Markov model to the features from the

ECG signal to calculate a probability of a current frame
having a particular state, wherein the probability of the
current frame having the particular state is based on
probabilities previous frames of the ECG signal had
certain states.

2. The method of claim 1. further comprising updating the
probabilities at least one of the previous frames had the
certain states based on the current frame of the ECG signal.

3. The method of claim 1 wherein each of the frames
corresponds with ECG signal data collected over a time
period at least two seconds.

4. The method of claim 1 further comprising detecting
chest compression occurring during the current frame, and
comparing the features with representative features based on
the chest compression being detected.

5. The method of claim 4, wherein the representative
features comprise a first set of features if the chest com-
pression is detected and a second, different, set of features if
the chest compression is not detected.

6. The method of claim 4, wherein detecting chest com-
pression comprises receiving an impedance signal between
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electrodes used to provide the ECG signal, and calculating
a probability that chest compression is occurring by apply-
ing another hidden Markov model to the impedance signal.

7. The method of claim 1, further comprising providing an
indication to shock a patient when a probability the current
frame corresponds with a shockable rhythm meets or
exceeds a threshold probability.

8. The method of claim 1 wherein applying the hidden
Markov model comprises combining a sequence prior prob-
ability and a sequence likelihood to generate a sequence
posterior probability.

9. The method of claim 8, further comprising accessing
the sequence prior probability from electronic storage,
wherein the sequence prior probability is based on a training
set.

10. The method of claim 9, further comprising calculating
the sequence likelihood using an emission distribution for
each state of a sequence of frames.

11. A defibrillator comprising:

electrodes configured for application to a chest of a

patient;

memory configured to store statistical data relating to a

hidden Markov model;

hardware, software, firmware, or a combination thereof

configured to receive an ECG signal from the elec-
trodes and apply the hidden Markov model to the ECG
signal and provide a probability the ECG is indicative
of a shockable rhythm; and

a display configured to provide an indication to shock the

patient when the probability exceeds a threshold.

12. The defibrillator of claim 1, wherein the hardware,
software, firmware, or combination thereof is configured to
apply the hidden Markov model in part by comparing
features extracted from the ECG signal to representative
features, wherein the representative features are selected
based on whether compressions are being performed on the
patient.

13. The defibrillator of claim 12, whetrein the hardware,
software, firmware, or combination thereof is further con-
figured to receiving an impedance signal from the electrodes
and apply another hidden Markov model to the impedance
signal and provide another probability the impedance signal
is indicative of compressions being performed on the
patient.

14. The defibrillator of claim 13, wherein the memory is
further configured to store statistical data relating to a hidden
Markov model.

15. The defibrillator of claim 11, wherein the statistical
data is developed from a training set.

16. At least one non-transitory computer readable medium
encoded with instructions, that, when executed, cause at
least one processing unit to perform actions comprising:

analyze a plurality of frames of ECG data;
update respective probabilities for each of the plurality of
frames of ECG data, wherein the respective probabili-
ties indicate whether each frame of the ECG data
reflects a particular cardiac rhythm classification and

wherein at least one of the respective probabilities is
updated based on ECG data from one of the plurality of
frames occurring later in time.

17. The at least one non-transitory computer readable
medium of claim 16, wherein said analyze a plurality of
frames comprises using a hidden Markov model.



US 2017/0312171 Al

18. The at least one non-transitory computer readable
medium of claim 16, wherein each of the plurality of frames
corresponds to a portion of ECG data representing at least
two seconds of time.

19. The at least one non-transitory computer readable
medium of claim 16, wherein the respective probabilities are
updated based on overall probabilities of the plurality of
frames having a sequence of cardiac rhythm classifications.

20. The at least one non-transitory computer readable
medium of claim 16, wherein said analyze a plurality of
frames of ECG data comprises compare features from the
frames of ECG data with representative features, the repre-
sentative features for each frame selected based on whether
chest compression was occurring during the frame.
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