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ABSTRACT

A system and method for analyzing a subject health condi-
tion based on an input signal comprising subject heartbeat
data recorded from the subject over a time period. Using the
subject heartbeat data, a sympathetic activity index value in
a sympathetic activity index (SAI) determined, where the
SAI represents an influence, on a mean heart rate of the
subject, of sympathetic nerve activity (SNA) of the subject.
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SYSTEM AND METHOD FOR
SYMPATHETIC AND PARASYMPATHETIC
ACTIVITY MONITORING BY HEARTBEAT

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is based on, claims priority to, and
incorporates herein by reference in their entirety, U.S. Appli-
cation Ser. No. 62/204,406, filed Aug. 12, 2015, and entitled
“Multifunctional Clinical/Mobile Monitor Based on Heart-
beat Autonomic Qutflow Assessment (Autonomon
SAIPAI)” and U.S. Application Ser. No. 62/260,834, filed
Nov. 30, 2015, and entitled “Sympathetic and Parasympa-
thetic Activity Monitoring by Heartbeat.”

BACKGROUND

[0002] Algorithms for processing heartbeat variations,
such as heart rate variability (HRV), have been of growing
importance for developing real-time applications able to use
simple, noninvasive sensors to monitor cardiovascular
health, emotional or physiological states, quality of sleep,
exercise performance, and the like. Such applications can
collect data in clinical settings, as well as in non-clinical
settings when the heartbeat can be acquired using single-
channel miniature devices, smartphones, or wearable tech-
nology. In this regard, only rudimentary concepts and very
simple computational algorithms associated with HRV have
been used for clinical monitoring, and the few mobile
applications for non-clinical settings provide only very
imprecise, unreliable assessments of stress levels, sleep
quality, or recovery from athletic activity. In both cases, the
main reason for such failure can be attributed to the fact that
current autonomic measures have very high inter-individual
variability. Such measures do not provide meaningful mark-
ers that are valid for group analysis and are tailored to the
individual at the same time.

[0003] Cardiovascular control is directed primarily at
maintaining arterial blood pressure (ABP) in the face of
changes in peripheral blood flow demand. A key role is taken
by the autonomic nervous system (ANS), through the sym-
pathetic and parasympathetic (vagus) branches. Since these
nerves effect on the sinus node in the heart, autonomic
outflow is reflected on intantaneous heartbeat variations.
Heart rate (HR), commonly measured by detecting R-waves
from the electrocardiogram (ECG), is modulated by cen-
trally mediated autonomic reflexes to control ABP. HRV is
the variation of HR about its mean, and is an important
marker of cardiovascular regulation by the ANS. Due to
inability of the cardiac response to sympathetic drive at high
frequencies (HF) of 0.15-0.4 Hz, the HRV respiratory-
associated oscillations (i.e., respiratory sinus arrhythmia
(RSA)) are mediated via the vagus nerve, with further
evidence of central coupling of respiratory drive to cardiac
vagal motor neurons. Slower ABP and HR oscillations (low
frequencies (LF) of 0.04-0.15 Hz) may reflect either a
central oscillator model or, more commonly, closed-loop
compensatory slow changes mediated by baroreceptors
(Baroreflex) mediated by both autonomic branches. This
“dual mediation” causes a significant overlap of sympathetic
and parasympathetic activity in the LF band. Conventional
spectral analysis of HRV is hindered by this overlap, and
does not accurately reflect the separate influences of the
sympathetic and parasympathetic branches of the ANS.
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[0004] The study of HRV has brought significant clinical
advances in the last decades, and measures of HRV are
popularly used in current research to diagnose diseases that
affect the ANS, follow their progression, and measure effi-
cacy of therapy. HRV analysis has also yielded important
insights into cardiovascular control assessment, character-
izing cardiovascular responses and causal relations among
cardiovascular and respiratory variables, with particular
attention to time-varying assessment, as well as measures of
RSA and Baroreflex. Furthermore, nonlinear and scale-
invariant characterizations of HRV have pointed at impor-
tant measures of cardiovascular control complexity and have
been of useful prognostic value in aging and disease. Despite
all these advances, HRV assessment has been lacking in
providing precise measures of autonomic activity that can
overcome the large inter-subject variability, with consequent
inaccurate instantaneous individual assessments. In addi-
tion, despite a few encouraging attempts, no methodology so
far has been able to provide a separate independent assess-
ment of vagal and sympathetic instantaneous dynamics that
can be (a) obtained exclusively from the heartbeat, (b)
universally applied to a wide range of subjects, and (c)
specifically tailored to the individual.

SUMMARY

[0005] The present disclosure provides devices and meth-
ods based on real-time assessment of independent vagal and
sympathetic dynamics from the heartbeat interval. Given a
heartbeat event, which can be detected from several sources
(i.e. Electrocardiogram, Ecocardiogram, Photopletimo-
graphic Pulse Signal, Video Camera Signal, Ballistogram,
Ultra Wideband Cardiogram etc.), the influence of the two
autonomic branches on heartbeat dynamics is tracked within
a sequential/feedback framework for constructing a tree-like
decisional structure. The framework is not only able to
provide a comprehensive autonomic instantaneous assess-
ment based on separate instantaneous estimates of sympa-
thetic activity and parasympathetic activity, but it also
provides specific novel instantaneous features associated
with a wide range of individual subject’s conditions as
dependent on his autonomic state. These features are appro-
priately combined within unique classification or stratifica-
tion procedures to implement an evaluation module suitable
to the subject’s conditions and the environment, including,
without limitation, modules for analysis during sleep, anes-
thesia, stress, emotional states, and exercise/sport, as well as
monitoring for alarm conditions (e.g., in an intensive care
unit (ICU) environment). The devices and associated
executable program instructions may require a user to sim-
ply provide an input signal containing the subject’s heart-
beat, and the devices return the estimates of sympathetic and
parasympathetic activity as output.

[0006] In accordance with one aspect of the disclosure, a
computing device is provided that includes an input device
interface configured to receive an input signal comprising
subject heartbeat data recorded from a subject, a processor
in signal communication with the input device interface, and
memory storing program instructions. The processor
executes the program instructions to determine a set of
heartbeat events from the subject heartbeat data, the heart-
beat events including a plurality of past R-R intervals and
generate a first model of a mean heart rate of the subject. The
first model includes a modeling function that includes a
time-varying zero-order autoregressive coefficient and a
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sympathetic component representing an influence on the
mean heart rate of the subject’s sympathetic nerve activity.
The sympathetic component includes a first sum, computed
at a first frequency, of a time-varying first-order autoregres-
sive coeflicient multiplying a Laguerre expansion of the
plurality of past R-R intervals. The modeling function
further includes a parasympathetic component representing
an influence on the mean heart rate of the subject’s para-
sympathetic nerve activity. The parasympathetic component
includes a second sum, computed at a second frequency, of
the first-order autoregressive coeflicient multiplying the
Laguerre expansion. The first model further includes a
modeling structure including a first function of the first-
order autoregressive coeflicient within the sympathetic com-
ponent, and a second function of the first-order autoregres-
sive coeflicient within the parasympathetic component. The
processor is further programmed to calculate a plurality of
recursive parameter estimations of the first function to
generate a first time-varying estimation of the modeling
structure, calculate a plurality of recursive parameter esti-
mations of the second function to generate a second time-
varying estimation of the modeling structure, and determine
a first multiple regression of the first function to generate a
first disentangling coefficient. The processor is further pro-
grammed to determine a second multiple regression of the
second function to generate a second disentangling coefli-
cient, determine a sympathetic activity index value in a
sympathetic activity index (SAI) defined by a SAI function
that includes the first disentangling coeflicient and the first
time-varying estimation of the modeling structure, and
determine a parasympathetic activity index value in a para-
sympathetic activity index (PAI) defined by a PAI function
that includes the second disentangling coefficient and the
second time-varying estimation of the modeling structure.

[0007] In accordance with one aspect of the disclosure, a
computing device is provided that includes an interface
configured to receive an input signal comprising subject
heartbeat data recorded from a subject over a period of time,
a processor in signal communication with the interface, and
memory storing program instructions. The processor
executes the program instructions to determine, from the
subject heartbeat data, a sympathetic activity index value in
a SAIL The SAl represents an influence, on a mean heart rate
of the subject, of sympathetic nerve activity (SNA) of the
subject, the SNA occurring during the time period.

[0008] In accordance with one aspect of the disclosure, a
method is provided that obtains a set of heartbeat events
including a plurality of past R-R intervals and generates a
first model of a mean heart rate from the set of heartbeat
events. The first model has a sympathetic component rep-
resenting an influence of sympathetic nerve activity on the
mean heart rate, where the sympathetic component has a
time-varying first autoregressive coeflicient and a Laguerre
expansion of the plurality of past R-R intervals. The first
model is also comprised of a parasympathetic component
that represents an influence of sympathetic nerve activity on
the mean heart rate. The parasympathetic component has a
time-varying second autoregressive coeflicient and the
Laguerre expansion. The first model also has a modeling
structure that includes a first function of the first autoregres-
sive coeflicient and a second function of the second autore-
gressive coeflicient. Based on the first function, a sympa-
thetic activity index value is determined in a sympathetic
activity index (SAI). Based on the second function, a
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parasympathetic activity index value is determined in a
parasympathetic activity index (PAI).

[0009] In accordance with another aspect of the disclo-
sure, a system is provided for monitoring a condition of a
patient. The system has an input configured to receive a
signal indicative of a heartbeat of a subject, and a processor
in communication with the input to receive the signal. The
system is configured to analyze the signal to identify an
autononiic state of the subject by evaluating sympathetic and
parasympathetic activity of the subject. Additionally, the
system uses a predetermined model and the autonomic state
to generate an index of dynamics of two autonomic
branches, and generate a report of a current condition of the
subject based on the index.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] FIG. 1 is a diagram of a device implementing an
embodiment of a sympathetic and parasympathetic activity
monitoring system in accordance with the present disclo-
sure.

[0011] FIG. 2 is a diagram of an embodiment of a refer-
ence modeling module operating on a reference heartbeat
dataset in accordance with the present disclosure.

[0012] FIG. 3 is a diagram of a system configured to
implement the data acquisition, processing, and storage
methods of the present disclosure.

[0013] FIG. 4 is a diagram of a device configured to
implement the systems and methods of the present disclo-
sure.

[0014] FIG. 5 is a graph representing experimental results
of the system of FIG. 1 processing heartbeat data of a
representative subject of the experiment.

[0015] FIG. 6 is a graph representing experimental results
of the system of FIG. 1 processing heartbeat data of all
subjects of the experiment illustrated in FIG. 5.

[0016] FIG. 7 is a graph representing exemplary experi-
mental results of the system of FIG. 1 processing heartbeat
data of subjects undergoing a physical activity assessment.

DETAILED DESCRIPTION

[0017] The following discussion is presented to enable a
person skilled in the art to make and use embodiments of the
invention. Various modifications to the illustrated embodi-
ments will be readily apparent to those skilled in the art, and
the generic principles herein can be applied to other embodi-
ments and applications without departing from embodi-
ments of the invention. Thus, embodiments of the invention
are not intended to be limited to embodiments shown, but
are to be accorded the widest scope consistent with the
principles and features disclosed herein. The following
detailed description is to be read with reference to the
figures. The figures depict selected embodiments and are not
intended to limit the scope of embodiments of the invention.
Skilled artisans will recognize the examples provided herein
have many useful alternatives and fall within the scope of
embodiments of the invention.

[0018] The following description refers to elements or
features being “connected” or “coupled” together. As used
herein, unless expressly stated otherwise, “connected”
means that one element/feature is directly or indirectly
connected to another element/feature, and not necessarily
mechanically. Likewise, unless expressly stated otherwise,
“coupled” means that one element/feature is directly or
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indirectly coupled to another element/feature, and not nec-
essarily mechanically, such as when elements or features are
embodied in program code. Thus, although the figures depict
example arrangements of processing elements, additional
intervening elements, devices, features, components, or
code may be present in an actual embodiment.

[0019] The invention may be described herein in terms of
functional and/or logical block components and various
processing steps. It should be appreciated that such block
components may be realized by any number of hardware,
software, and/or firmware components configured to per-
form the specified functions. For example, an embodiment
may employ various integrated circuit components, e.g.,
memory elements, digital signal processing elements, logic
elements, diodes, look-up tables, etc., which may carry out
a variety of functions under the control of one or more
microprocessors or other control devices. Other embodi-
ments may employ program code, or code in combination
with other circuit components.

[0020] In accordance with the practices of persons skilled
in the art of computer programming, the present disclosure
may be described herein with reference to symbolic repre-
sentations of operations that may be performed by various
computing components, modules, or devices. Such opera-
tions may be referred to as being computer-executed, com-
puterized, software-implemented, or computer-imple-
mented. It will be appreciated that operations that can be
symbolically represented include the manipulation by the
various microprocessor devices of electrical signals repre-
senting data bits at memory locations in the system memory,
as well as other processing of signals. The memory locations
where data bits are maintained are physical locations that
have particular electrical, magnetic, optical, or organic prop-
erties corresponding to the data bits.

[0021] As non-limiting examples unless specifically indi-
cated, any database or data store described herein may
comprise a local database, online database, desktop data-
base, server-side database, relational database, hierarchical
database, network database, object database, object-rela-
tional database, associative database, concept-oriented data-
base, entity-attribute-value database, multi-dimensional
database, semi-structured database, star schema database,
XML database, file, collection of files, spreadsheet, or other
means of data storage located on a computer, client, server,
or any other storage device known in the art or developed in
the future. File systems for file or database storage may be
any file system, including without limitation disk or shared
disk, flash, tape, database, transactional, and network file
systems, using UNIX, Linux, Mac OS X, Windows FAT or
NTFS, FreeBSD, or any other operating system.

[0022] The various aspects of the invention will be
described in connection with configuring systems and
devices to detect and classify sympathetic and parasympa-
thetic activity from heartbeat data. That is because the
features and advantages that arise due to the invention are
well suited to this purpose. However, it should be appreci-
ated that the invention is applicable to other procedures and
to achieve other objectives as well.

[0023] The systems and methods disclosed herein over-
come the drawbacks of known approaches to assessing the
influence of the ANS on the subject’s heartbeat. In particu-
lar, the systems and methods disentangle the influences of
the sympathetic branch and the parasympathetic branch by
classifying heartbeat events according to two novel indices:
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the instantaneous sympathetic autonomic index (SAI) and
the parasympathetic autonomic index (PAI). These indices,
described in detail below, provide separate assessments of
the time-varying ANS synergic functions by associating
proper combinations of orthonormal Laguerre functions.
Such functions may be defined within the heartbeat point-
process continuous model, or other modeling techniques
such as Kalman filtering, Recursive Least Squares, and
Window-based estimation.

[0024] Physiological Background and State of the Art
[0025] The novelty and advantages of the present systems
and methods are best understood based on the following
description and related literature pertaining to the ANS, its
influence on heartbeat, and previous studies and methodol-
ogy.

[0026] The human body can be understood as a complex
multifeedback physiological system in which spontaneous
fluctuations are regulated by the ANS. Fither the sympa-
thetic or the parasympathetic system is providing some
nervous input to a given tissue at all times. Typically, these
two systems have opposing effects on a given tissue (though
not all tissues are innervated by nerves of both systems).
Either the systems carry sensory (afferent) signals to the
brain and spinal cord, or they carry efferent signals from the
brain to the target organs. Increasing or decreasing the
frequency of the spike trains in the associated neurons of the
active system may enhance or inhibit the tissue activity,
consequently increasing or decreasing HR. Analysis of HRV
may therefore reflect the beat-to-beat regulation of the ANS.
[0027] The most widely used methodology to characterize
ANS activity is based on a frequency-domain analysis of the
HRV. The HRV spectrum has been divided into three main
spectral bands: Very Low Frequency (VLF), Low Frequency
(LF) and High Frequency (HF). The VLF band is usually
<0.05 Hz and it is almost never considered as ANS marker
because it is more related to thermal regulation. The LF
rhythm (centered in 0.1 Hz) is mainly due to the arterial
baroreceptor modulation. It is in fact dramatically affected
by the presence of vasomotor noise, which is amplified by
the resonance in the baroreflex loop, placed around 0.1 Hz.
Current literature suggests that the LF component of the
power spectrum is strongly affected by the sympathetic
system. A change in the sympathetic gains, in fact, causes a
dramatic alteration in this component of the spectrum,
leaving the other components almost unchanged.

[0028] The HF component (>0.15 Hz), also called the
respiratory component, is determined by two concurrent
mechanisms. The first is the effect of systemic arterial
pressure (SAP) changes mediated by the baroreflex. SAP
exhibits respiratory fluctuations caused by intrathoracic and
abdominal pressure changes (mechanical effect) and by the
lung stretch receptor reflex working on resistance (neuro-
genic effect). The fluctuations systematically stimulate the
baroreflex at the respiratory period. At this frequency, how-
ever, the baroreflex works entirely through its strong and fast
vagal component. whereas the sympathetic component is
almost completely damped out because of its low-pass
filtering dynamic.

[0029] The second mechanism, showing the direct effect
of the lung stretch receptor reflex on heart period, is also
mediated by the vagus. A common viewpoint is that the HF
peak can be considered as an index of vagal activity.
However, the HF peak is modulated by all factors affecting
the input to baroreflex and the lung stretch reflex, such as the
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depth and frequency of breathing, venous compliances in the
thoracic and abdominal cavity, posture changes, etc. Further,
the HF peak depends strongly on the sensitivity of the
cardiac pacemaker to efferent activity. Hence, in different
subjects and/or under different breathing conditions, the HF
spectral component may be largely different even in the
presence of an equivalent vagal gain.

[0030] Responsive to the ambiguity between the LF and
HF indices, one approach to analyzing the HRV spectrum
proposed the ratio of the LF power to the HF power of HR
variability as an index of sympatho-vagal balance. Despite
commonly accepted definitions of the frequency bands,
several pharmacological studies (e.g., selective autonomic
blockade) confirmed that components above 0.15 Hz are due
to vagal activity only. However, a strong contribution of the
HF power modulation is due to the modulation of HR due to
respiratory activity (RSA). Besides, changes below 0.15 Hz
are mediated by both cardiac vagal and sympathetic nerves.
In addition, changes in the LF power of HR variability could
also reflect ABP fluctuations, which may cause HR fluctua-
tions through the baroreflex. Clearly, the components of
ANS influence attributable to sympathetic and parasympa-
thetic activity remained entangled.

[0031] Several more sophisticated methods have been
recently proposed to improve the ANS characterization. One
method is to quantify the ANS activity using a blind source
separation technique of HR and ABP variability, as well as
HR and QT waves interval variability. Another method
introduced a principal dynamic mode analysis of HR vari-
ability to separately characterize the sympathetic and the
parasympathetic activity. More recently, another method
derived ANS indices based on a multisignal analysis of the
R-R variability by processing the HR, ABP, and the instan-
taneous lung volume.

[0032]

[0033] The present model may efficiently identify and
differentiate the sympathetic and the parasympathetic activ-
ity, even in an instantaneous way, based on the use of the
Laguerre functions (ak.a. Laguerre polynomials), which
may be applied within a point process framework. The
employment of the point process statistics, in fact, would
provide several advantages. From the event-related structure
of the R-waves, the point-process approach provides instan-
taneous estimates of heart rate variance and R-R interval
variance to accompany instantaneous estimates of heart rate
and mean R-R interval. In addition, the present methods
assess the model goodness-of-fit, i.e., how well a given
model describes the observed R-R interval series as part of
its standard analysis framework. A physiologically reason-
able history-dependent inverse Gaussian (HDIG) probability
function may be used to estimate the time-varying param-
eters of the model, such as with a local maximum likelihood
algorithm. The system may model the mean of the HDIG as
a simple linear autoregressive (AR) function of the previous
R-R intervals. A crucial role in the sympathetic and para-
sympathetic identification is given by Laguerre expansion of
the AR kernels, as described further below. Alternatively, the
HDIG can be replaced with a simple history-dependent
Gaussian distribution, a history-dependent log-normal dis-
tribution or any other suitable probability distribution. Not-
withstanding the advantages of the point-process frame-
work, simpler alternative methods can be used in

Present Methodology
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applications where the simplicity and/or efficiency of imple-
mentation outweighs the increased accuracy of the point-
process framework.

[0034] Referring to FIG. 1, a device 100 performing the
present analytical methods may receive an input signal 102
containing typical recorded heartbeat data of a subject. The
device 100 may process the input signal through three main
stages, which may be defined by modules containing the
program instructions for performing the analysis: an acqui-
sition and detection module 104 may identify one or more
sets of heartbeat events (e.g.. R-waves in an ECG) in the
input signal; an index calculation module 106 may deter-
mine the sympathetic and parasympathetic activity levels in
the heartbeat events; and, an autonomic assessment module
108 may evaluate the activity levels for indicators of certain
conditions, which indicators may be augmented with clas-
sification modules that are specific to particular applications
or conditions. The present methods yield important moni-
toring and detection improvements in each of these three
stages.

[0035] The acquisition and detection module 104 may
include a subject modeling module 114 and a reference
modeling module 116. The subject modeling module may
mode] the mean heart rate in the input signal 102 as a
function of linear derivative terms of past R-R intervals,
along with the Laguerre expansion thereof in a point-process
framework. It will be understood that the below exemplary
equations constitute a combination of the Laguerre func-
tions; in other embodiments, the Laguerre functions may be
nonlinearly combined and assigned selectively to each of the
two branches. Compared with nonlinear transformations,
such linear transformations may ease computational cost and
simplify implementation of the systems and methods dis-
closed herein in portable or wearable devices, which have
limited computational power and/or battery life.

[0036] Given a set of heartbeat events of the subject (e.g.,
the set {u}. j=1 to J, of R-waves from an ECG), let
RR=u,-u,_ >0 denote the i R-R interval, or equivalently,
the wait time until the next R-wave event. The subject
modeling module 114 may model the mean heart rate L,(t,
H &), with respect to the separate influence of the
sympathetic and parasympathetic systems, using the mod-
eling equation:

Psymp Pparsymp

et o, £0) = RRgy 4000+ > @i 0L@+ > 1 0l
R J=Psymp+1

Sympathetic T Parasympathetic

where j=N(t) denotes the index of the previous R-wave
event that occurred before time t, &(t) is the vector of the
time-varying parameters, H; =, RR,RR , ..., RR .
1), and the Laguerre expansion of the R-R intervals, in both
the sympathetic component and the parasympathetic com-

ponent of the modeling equation, is determined by:

Ni)
i = Z ¢j(”)(RRN(1)7n - RRN(rHA)’
n=1
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with the i”-order discrete time orthonormal Laguerre func-
tion ¢,(n) determined by:

where (n20) and « is the discrete-time Laguerre parameter.

[0037] The coefficients g, and {g,(i)} correspond to the
time-varying zero- and first-order autoregressive (AR) coef-
ficients, respectively. This model of the mean heart rate can
be interpreted as a discrete AR series with long-term
memory. The corresponding AR model with long-term
memory becomes:

#e(t, Mo, €)= RRg 70+ Y 3G D[RRy, ~RRg )
i=1

where 7, and {y,(i, )} represent the AR coefficients defined
for each time sample as

Yo =40

,
NIGEDW ARG

m=0

[0038] In some embodiments, the subject modeling mod-
ule 114 may receive the base functions attributed to either
the sympathetic or the parasympathetic activity from the
reference modeling module 116. The reference modeling
module 116 may receive or obtain (i.e., from device 100
memory) a reference heartbeat dataset 110 containing ref-
erence mean heart rate data that corresponds to the above
modeling equation. This reference heartbeat dataset 110 may
establish the combinations and structures of the sympathetic
and parasympathetic base functions for a set of candidate
models. The reference heartbeat data may be pre-modeled,
such that the reference heartbeat dataset 110 may be “uni-
versally” applied to any potential subject. Alternatively, the
reference heartbeat data may be modeled by the reference
modeling module 116 in order to calibrate the system for
processing the subject’s input signal. The subject modeling
module 114 and reference modeling module 116 may
exchange data for purposes of comparing the subject heart-
beat events to the candidate models and determining the
best-matching base functions. A match establishes the mod-
eling structure of the coeflicient g, for the sympathetic and
parasympathetic base functions, notated as (g, g,,). In an
exemplary approach to matching the frequency response of
the Laguerre filters with the frequency response of the
sympathetic and the parasympathetic systems, the sympa-
thetic and parasympathetic summary ranges may be set to
Pgmp=1 and Pp,,s. ., =8 These numbers are the result of
physiological and theoretical considerations. The sympa-
thetic nervous system, in fact, has slow-varying dynamics
whose upper frequency band limit is 0.15 Hz. Accordingly,
Laguerre bases 1, should be limited to j=0" and j=1*" orders.
On the other hand, the parasympathetic nervous system has
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varying dynamics whose upper frequency band limit is 0.45
Hz. Accordingly, Laguerre bases 1, should be limited to j=8*
order.

[0039] Whether the SAI and PAI indices are embedded in
a point-process framework, the mean heart rate can be
defined in an instantanous fashion, and the system may
obtain instantaneous R-R estimates at a very fine timescale
(e.g., millisecond scale) that requires no interpolation
between the arrival times of two beats.

[0040] FIG. 2 illustrates the reference modeling module
116 in further detail. Once the modeling structure (g, g,,,)
is determined, the reference modeling module 116 may use
the modeling structure to evaluate a four-stage model of the
reference heartbeat dataset 110 and produce the actual
values of g, and g, . In particular, the reference heartbeat
dataset 110 may include, for each candidate model, data
subsets including total autonomic modulation data 210,
sympathetic activity only data 212, and parasympathetic
activity only data 214. Fach data subset may include refer-
ence data obtained from a subject, which may be the actual
subject to be monitored or may be a reference subject or set
of subjects (e.g., one or more non-smoking adults of similar
age and weight and with no history of cardiopulmonary
disease), in one or both of a supine position and in a standing
position. The reference data collection process may mirror
the testing of the subject being monitored; examples are
given below for obtaining the data (e.g., via one or more
ECG leads) while moving the subject between supine and
standing states and administering autonomic blocking
agents.

[0041] The four-stage model may include a sympathetic
data modeler 220 and a parasympathetic data modeler 222.
The sympathetic data modeler 220 may process the total
autonomic modulation data 210 and the sympathetic activity
only data 212 together, producing the value(s) of g,.. The
parasympathetic data modeler 222 may process the total
autonomic modulation data 210 and the parasympathetic
activity only data 214 together, producing the value(s) of
g;,- In some embodiments, estimates of g,,, and g, may be
obtained through maximum local log-likelihood procedures.
For example, a Newton-Raphson procedure may be used to
maximize the local log-likelihood function. Because there is
significant overlap between adjacent local likelihood inter-
vals in time, the Newton-Raphson procedure may be initi-
ated at time t with the previous local maximum-likelihood
estimate at time t-A, where A defines the time interval shift
to compute the next parameter update.

[0042] The results of the sympathetic data modeler 220
and the parasympathetic data modeler 222 may be delivered
to one or more multiple regression modelers 230, 232. In one
embodiment, a multiple regression modeler may operate on
both g,, and g,,,, but in the illustrated embodiment g, is
delivered to a first multiple regression modeler 230 and g, ,
is delivered to a second multiple regression modeler 232.
The multiple regression modelers 230, 232 may produce the
disentangling coeflicients W,, ¥, by minimizing the least
square error between the actual regression output and the
reference function associated to the sympathetic/parasym-
pathetic nervous system (i.e., the relevant increase/decrease
of activity while in upright position after tilt). In one
embodiment, the disentangling coeflicients W, ¥, may be
vectors or arrays having a plurality of elements. The number
and values of the elements for each coefficient may be
determined from analysis of an instant data set, such as the
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subject data or reference data, or may be predetermined from
earlier analysis of other datasets. Advantageously, these
parameters may be selected to provide the most favorable
discrimination accuracy of autonomic states and disentan-
gling of sympathetic and parasympathetic components.
[0043] In a particular embodiment, the coefficient W, may
have three elements:

P ={aga,a}
and the coefficient W, may have eight elements:
lpp:{bmbl,b2»b3»b45b55b55b7}

These numbers represent the weighted sum of Laguerre
representation of the heartbeat data under investigation. This
combination may be performed with fewer or more ele-
ments, while preserving the time and frequency domain
properties of the output. In a physiological parallelism, these
coeflicients model the way the parasympathetic and sympa-
thetic activities are mapped in the R-R variability, noninva-
sively detected through acquisition methods described
above. Potentially optimal sets of values for the elements of
the coeflicients is given below in the described experimental
results (see Tables I-VI). Other vector dimensions and
element values may also be suitable, or even superior, to the
exemplary values depending on the characteristics and needs
of the subject and the parameters of the system’s operation.
[0044] Within such embodiments, the inventors have
envisaged different coeflicient values or modification of the
SAI/PAI definition of elements, when dealing with estimates
to be performed in any case of pathological subjects, or
healthy subjects of any age (premature newborns, newborns,
infants, teenagers, adults, elderly). They also have envisaged
different novel (NEW(i)) criteria to handle information from
the blockade/tilt procedure, and estimate W and W, based on
the main principles that: (a) parasympathetic suppression (or
sympathetic activation/prevalence during tilt)—>sympathetic
regressors; and (b) sympathetic suppression (or parasympa-
thetic activation/prevalence during tilt)—>parasympathetic
regressors. Those criteria are:

[0045] NEW(0): W, and W, are obtained through pet-
sonalized regression analysis. An exemplary subject’s
recording while in autonomic blockade/rest-tilt condi-
tion is used to obtain personalized coeflicient values.
These values may be used to perform SAI/PAI esti-
mates of using that specific subject data.

[0046] NEW(1): W, and W, are obtained through pet-
sonalized regression analysis. More than one exem-
plary subject’s recordings while in autonomic block-
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ade/rest-tilt conditions are used to obtain personalized
coeflicient values. These values may be used to perform
SAI/PAI estimates of using that specific subject data.

[0047] NEW(2): ¥, and W, are obtained through regres-
sion analysis performed on a training set. Recordings
from a number of subjects, monitored while performing
several rest-tilt tests (e.g., stand up tests, and a slow-
tilting test, and a fast-tilting test), are used to obtain
coeflicient values. These values may be used to perform
SAI/PA] estimates on data gathered from a new subject
who does not belong to the training set.

[0048] NEW(3): W, and W, are obtained through regres-
sion analysis performed on a training set. Recordings
from a number of subjects, monitored while performing
one specific rest-tilt test (e.g., a stand up test, or a
slow-tilting test, or a fast-tilting test), are used to obtain
coeflicient values. These values may be used to perform
SAI/PA] estimates on data gathered from a new subject
who does not belong to the training set.

[0049] NEW(4): W and W, are obtained through regres-
sion analysis performed on a training set. Recordings
from a number of subjects, monitored while undegoing
autonomic blockade procedure and concomitant tilt
tests, are used to obtain coefficient values. Data from
parasympathetic suppression are used to estimate sym-
pathetic regressors, i.e., to be used for the SAI index.
Data from sympathetic suppression are used to estimate
parasympathetic regressors, i.e., to be used for the PAI
index. These values may be used to perform SAI/PAI
estimates on data gathered from a new subject who
does not belong to the training set. Of note, the param-
eters obtained with this strategy are the current point of
reference for the modules described below.

[0050] An extensive study of a proposed embodiment has
been performed in order to provide coeflicient reference
values, with resulting choice of reference mean and associ-
ated standard deviation for the coefficients as follows:

W,={39.2343,10.1963,-5.9242}; and

W,~{28.4875,17.3627,5.8798,12.0628,5.6408,7.
0664,-5.6779};
with the following standard deviation:

std(W,)={17,10,6.1}; and

std(W,)={11.5,8.5,8,7.3,6.84.9,5.2,5.9}.

Specific coeflicients, used to obtain results in Table [, 11, and
11T of this document, are listed in the tables “SYMPA-
THETIC COEFFICIENT” and “PARASYMPATHETIC
COEFFICIENT” below.

SYMPATHETIC COEFFICIENT

a4 a a
NEW(0): 13.4670 9.5615 -5.4347
NEW(1): 10.4879 -0.0964 3.8631
NEW(2): 12.7621 12.3300 -0.8704
NEW(3): 46.4851 27.5524 -12.4655
NEW(4): 39.2343 10.1963 -5.9242
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-continued
PARASYMPATHETIC COEFFICIENT
b b, b, by by by be b,
NEW(0):  6.6066 ~-1.5879 50206 43343 34950 1.0075 3.0551  0.6538
NEW(1):  6.8147 -3.6488 37703 4.2896 -47193 -3.2025 4.8458  2.2086
NEW(2): 6.2444  -7.6437 32773 19761 29275 0.7848 -0.7313 4.5324
NEW(3): 26,7460 -20.3547 219453 19.6561 -9.8526 -9.6707 8.0036 -10.2943
NEW(4): 284875 -17.3627 58798 12.0628 5.6408 -7.0664 -5.6779 -3.9474
[0051] The model parametric structure allows for appro- iteration using any suitable signal processing method. For

priate insertion of parameters according to the chosen esti-
mation technique; thus, the model-defined parameters can be
updated in real-time using any suitable recursive parameter
estimation technique. The heartbeat detection and correction
method is very flexible and allows for consideration of any
kind of signal containing information about the heartbeat.
Thus, the systems and methods may use any heart rate
source (e.g., photoplethysmography, ECG, cameras), not
limited to cardiac ventricular electrical activity (i.e., ECG),
to separate sympathetic nervous activity (SNA) and para-
sympathetic nervous activity (PNA). Advantageously, the
implemented routines are able to recognize missing, spuri-
ous, misdetected, and irregular heartbeats with remarkable
accuracy even in scenarios that require discerning very small
time resolution errors, such as at millisecond scales. The
correction procedure provides accurate estimates of the
replacement time of an unobserved beat, with an error below
15 ms, outperforming other existing methods of estimating
the time of missing beats.

[0052] In an exemplary application, the detection and
correction method may provide data to an arrythmia alarm.
Only a small number of devices are available with modules
providing lethal and nonlethal arrhythmia alarms; these are
based on multi-lead ECG morphological features, and thus
are very sensitive to ECG noise. An alarm system imple-
menting the present methods may identify or predict an
arrhythmia based on only the time distance within beats,
independently from relevant sources of ECG noise. Thus,
the alarm system may process an ECG signal with improved
efficiency and accuracy, and may be configured to process
any other type of signal carrying heart beat event informa-
tion (e.g., photopletimographic pulse signal, video camera
signal, ballistogram, ultra wideband cardiogram, and the
like).

[0053] Referring again to FIG. 1, the point-process frame-
work of the acquisition and beat detection module 104 is
able to obtain the mean instantaneous heart rate signal from
the input signal, as well as instantancous time and fre-
quency-domain HRV characterization. In addition, the
framework may output the corresponding modeling struc-
ture (g,,, g,,) and the disentangling coeflicients W, W, to
the index calculation module 106. The index calculation
module 106 may process the received data to produce
corresponding values in a Sympathetic Activity Index (SAI)
and a Parasympathetic Activity Index (PAI).

[0054] The index calculation module 106 may include a
time-varying estimation module 140 and a SAI-PAI genera-
tion module 142. The time-varying estimation module 140
may perform an iterative estimation along a period of time
of the novel SAI-PAI indices by generating, from the values
of g, and g, , output by the acquisition and beat detection
module 104, time-varying values of g, and g, at each

example, a simple Kalman filtering method can be used to
track the SAI-PAI dynamics (i.e., the values of g, and g, )
at each heartbeat, or an instantaneous estimation (i.e., at
each moment in time) can be performed using the point-
process modeling. Traditional recursive least-square and
window-based signal processing methods can also be
applied.

[0055] The time-varying values of g, and g, and the
disentangling coeflicients W,, W, may be received by the
SAI-PAI generation module 142 and combined to yield the
SAI and PAI indices for the subject input signal 102. The
SAI and PAI may be expressed, in one embodiment, in the
following matrix form:

N

SAIL H, 60) = Vs, + ) Woya1(j= 1,0
=
M

PAIE, H,, £0) =Wpy + 3 Wp g1 (j+ (ps+ 1), 1)
=

with N,=p +1 and N,=p —(p,+1), and ¥, and W, corre-
sponding to the j” coeflicient of the above-described W, and
W, vectors. The SAT and PAI may be calculated for each
interval in the time period, for a subset of the intervals, or for
the entire time period, as is suitable for the desired assess-
ment.

[0056] The SAIand PAI provide, in a mathematical frame-
work, specific and effective (at least for identification and
assessment) markers associated with the independent
dynamics of the two autonomic branches. Moreover, the SAI
and PAI can be obtained exclusively from the heartbeat,
universally applied to a wide range of subjects, and specifi-
cally tailored to the subject. The system combines a set of
orthonormal filters, represented by the Laguerre polynomi-
als, in a unique fashion to provide appropriate and separate
frequency responses for sympathetic and parasympathetic
cardiac tone. The parameters of each combination of sym-
pathetic and parasympathetic base functions may be identi-
fied by obtaining the reference heartbeat data from reference
patients under separate sympathetic and parasympathetic
blockades. This data is processed using the above equations
and modelers, which construct an underlying probabilistic
model able to indicate with precision the degree of prob-
ability of having the next heartbeat at each moment in time
given the previously observed heartbeats. The flexibility of
the system is improved by using a combinatorial formula
that is based on time-varying coeflicients which can be
identified with any of several suitable identification systems.
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[0057] In particular, the SAT and PAI may be generated
from a procedure for tuning the combination parameters by
appropriately fitting the mathematical model to specific
datasets where either one of the two autonomic branches is
blocked. Additionally, the SAT and PAT may be determined
from pre-stored decisional thresholds that are applied to all
subjects, and have been demonstrated to work on a wide
range of experimental recordings, with high robustness to
noise and ability to cope with inter-subject variability.
Finally, since the SAI-PAI model may be defined in real-
time and is updated recursively, the system may process
decisional trees in real-time using only short-time past
information, and then can finalize the outcome within at
maximum three beats in the future. The system may be used
for processing any heartbeat interval series and consequent
application for any kind of HRV analysis.

[0058] The SAI and PAI values may be delivered to the
autonomic assessment module 108, which may specifically
or comprehensively assess the sympathetic and parasympa-
thetic activity levels indicated by the SAI and PAI values.
The framework has also been proved successful in signifi-
cantly reducing inter-subject variability. These results have
been confirmed by applying and comparing the present
approach on hundreds of healthy and unhealthy subjects in
different physiological and environmental settings. Specific
assessments may be assessments of the SAI and PAI values
in light of particular applications that seek to detect activity
of a certain nature. Six exemplary application modules are
described herein, and are not intended to be limiting. The
empirical performance of the six designed modules provide
compelling evidence for application of the system in a wide
range of clinical and non-clinical fields. One or more of the
modules may be implemented on a suitable device that is
otherwise configured to perform the present processes.

[0059] In one embodiment, a statistical comparator mod-
ule 158 may include program instructions and associated
data for performing a statistical comparison of the SAT and
PAI values to existing standard measures such as the LF, HF
and LF/HF powers. Such a statistical comparison is dem-
onstrated in the experiment described below, and indicates
enhancements (in some instance by a factor of 2!) of the
statistical power of the SAI and PAI values when compared
with standard measures. The statistical comparator module
158 may additionally train itself or the system at large to
identify signatures of autonomic dysfunction in the patient
by comparing SAI and PAI values to previous SAI and PAI
values and/or current or previous standard measures that
have known signatures.

[0060] In one embodiment, a clinical monitor module 160
may include program instructions and associated data for
online monitoring of heart rate variability indices, counting
of arrhythmic events, and cardiovascular instability. Addi-
tionally or alternatively, the clinical monitor module 160
may evaluate the instantaneous HRV indices to detect and
predict hypotensive episodes in cardiopathic subjects admit-
ted to a clinical setting (e.g., ICU). Additionally or alterna-
tively, the clinical monitor module 160 may use the HRV
indices to track drug effects on cardiovascular functioning,
such as during anesthesia, and to disentangle these effects
from the nociceptive autonomic component elicited from
painful stimuli occurring during surgical and non-surgical
procedures. The clinical monitor module 160 relies on the
separate sympathetic and parasympathetic assessment to
provide a more accurate dynamic signature of nociception,
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generally associated with specific dynamics of the sympa-
thetic autonomic branch. The module can be tested by
pursuing specific protocols where anesthetic drugs and pain-
ful stimuli are administered in controlled doses and at
different strengths.

[0061] In one embodiment, a sleep monitor module 162
may include program instructions and associated data for
monitoring heart rate and heartbeat events during sleep. The
sleep monitor module 162 may classify events and/or per-
form sleep scoring based on the generated HRV indices,
including a linear and/or nonlinear combination of the
SAI-PAI indices, and by feeding such features to supervised
or unsupervised learning algorithms. In the same fashion as
described in previous work of the inventors, the present
approach is able to identify fast dynamics that allow for
sleep characterization at higher time resolution than tradi-
tional methods and to track fast changes that indicate
transitions from deep to light sleep or wake, as well as onsets
of brief cardio respiratory arousals and transitions. Thanks to
the inclusion of the SAI and PAI indices, identification of
fast dynamics is expected to predict these transient phenom-
ena and provide an accurate classification, while also track-
ing autonomic changes and transitions between stages in an
on-line fashion. These features may provide a significant
improvement over previous similar approaches and a solid
base for building real-time sleep monitoring and bio-feed-
back devices.

[0062] In one embodiment, a stress monitor module 164
may include program instructions and associated data for
classifying heartbeat data according to states of arousal (i.e.,
relaxation and stress). The stress monitor module 164 may
apply suitable stress and/or relaxation protocols, such as
emotional elicitation and Strupp tests, to system-processed
data to determine a stress state or stress level of the subject,
both derived by feeding information from a linear and/or
nonlinear combination of the SAI-PAI indices (in addition to
any other discretional set of features) to supervised or
unsupervised learning algorithms. The stress monitor mod-
ule 164 thus operates in a similar fashion to the sleep
monitor module 162, in some embodiments using classifi-
cation procedures described in the inventors’ previous work
in order to define a univocal relationship between the
combinational values and specific sectors along the arousal
axis.

[0063] In one embodiment, a physical activity monitor
module 166 may include program instructions and associ-
ated data for evaluating heartbeat data collected during
exercise and/or recovery from exercise, and in different
cardiovascular conditions (e.g., cycling and car driving).
The physical activity monitor module may serve to evaluate
the subject’s exercise regime, which can be directly derived
from a linear and/or nonlinear combination of the SAI-PAI
indices. Indices corresponding to specific levels of exercise
and physiological states related to them can be derived by
feeding information from a linear and/or nonlinear combi-
nation of the SAI-PAI indices (in addition to any other
discretional set of features) to supervised or unsupervised
learning algorithms.

[0064] In one embodiment, an emotional state monitor
module 168 may include program instructions and associ-
ated data for classifying heartbeat data according to states of
emotion, based on states of arousal (i.e., relaxation and
stress) or valence (i.e. positive or negative). The emotional
state monitor module 168 may characterize and separate
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different emotional states in real-time during emotional
elicitation, such as during [APS tests. The emotional state
monitor module 168 may operate in a similar fashion to the
classification procedures described in the inventors’ previ-
ous work, in order to define a univocal relationship between
the combinational values and specific sectors of the valence-
arousal plane, or may be using other supervised or unsupet-
vised learning algorithms. In one embodiment, the emo-
tional state monitor module 168 may configure the
autonomic assessment module to classify the recorded data
in one of four states—happy, angry, relaxed, and sad—
selected according to the arousal-valence plane. The classi-
fication accuracy of the system is estimated to outperform
results obtained by previous systems using this classification
scheme, such as those previously described by the inventors,
let alone any other known system

[0065] As explained above, a computerized system may
implement the present invention. A computing device for the
system may be a standalone computer having a processor,
memory, network connection, and other computer resources
as needed to perform the present methods and implement the
present hardware and software devices. A computing device
may additionally or alternatively be a group of computers in
electronic communication with each other; the computers
may be controlled by the same or a different entity. Referring
to FIG. 3, a system 300 for performing the modeling,
estimation, and assessment methods described above may
include the computing device 302 and a plurality of modules
for performing one or more steps of the methods. The
modules may be hardware or software-based processing
modules located within the computing device 302, in close
physical vicinity to the computing device 302, or remote
from the computing device 302 and implemented as stand-
alone computer servers or as components of one or more
additional servers. The modules may individually or in
combination implement the heartbeat data processing mod-
ules described above (e.g., the acquisition and detection
module 104, the index calculation module 106, and the
autonomic assessment module 108 of FIG. 1). The modules
may include, without limitation: a user interface module 304
for providing input/output capabilities between the system
300 and a user; a data retrieval module 306 for obtaining the
input signal (e.g.. accessing or downloading a stored file
containing the input signal data, or accessing a data stream
produced by sensors of the system), obtaining or accessing
the reference heartbeat dataset(s), or performing other data
retrieval functions; a modeling module 308 containing one
or more data processing algorithms and performing heart-
beat acquisition and data modeling of the input signal
against the reference heartbeat dataset(s); an estimation
module 310 for generating the SAI and the PAI from the
modeled data; one or more assessment modules 312 for
analyzing the SAI and PAI comprehensively and/or with
respect to specific applications; and a communication mod-
ule 314 for communicating with other computing devices.

[0066] FIG. 4 illustrates a computing device 400 that can
perform the present heartbeat data analysis processes. The
computing device 400 includes at least one processor 402, a
network interface module 404, an input module 406, an
output module 408, and memory 410, all of which may
communicate with one another by way of a communication
bus. The computing device 400 may also include a power
supply 418, which may provide power to the various com-
ponents of the computing device 400.
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[0067] The processors 402 may include one or more
microprocessors specially configured to communicate with
the memory 410 to implement various software modules and
associated program instructions stored therein; such mod-
ules may include the acquisition and detection module 104,
the index calculation module 106, and the autonomic assess-
ment module 108. The memory 410 generally includes
RAM, ROV, flash memory, solid state memory, and/or other
persistent or non-transitory computer-readable storage
media. The modules 104-108 may be stored as program
instructions in memory. When executed by the processor(s)
402, the modules 104-108 may configure the processor(s)
402 to perform the ANS analysis processes described herein.
Execution of the modules 104-108 may configure or instruct
the processor(s) 402 to access and/or use other modules of
the computing device 400, including without limitation:
accessing the network interface module 404 or input module
406 to retrieve an input signal or reference heartbeat data;
accessing the network interface module 404 to send ana-
lyzed data to another device; and accessing the output
module 408 to display or otherwise transmit information to
a user of the computing device 400.

[0068] The network interface module 404 may provide the
computing device 400 with connectivity to one or more
networks 450, such as a LAN or a wide-area network. The
network interface module 404 may additionally or alterna-
tively enable peer-to-peer connectivity directly to other
devices, such as via Bluetooth or Wi-Fi Direct. The proces-
sor(s) 402 may send instructions and information to, and
receive instructions and information from, remote comput-
ing devices that also communicate via the network 450. In
some embodiments, the network interface module 404 com-
prises a wireless network interface that provides the com-
puting device 400 with connectivity over one or more
wireless networks.

[0069] The input module 406 may include one or more
input devices, such as a microphone, camera, or touch-
screen, and/or one or more interfaces to input devices
external to the device 400, such as a keyboard, a biosensor,
or a heartheat data acquisition device (e.g., ECG machine,
heart monitor). In some embodiments, the input module 406
may receive the input signal containing the heartbeat data of
a subject, and may deliver the input signal to the processor
(s) 402 or store the input signal in memory 410. The input
module 406 may include any suitable components for con-
verting analog (e.g., acoustic) and/or digital signals into data
that is readable by the processor(s) 402, such as piezoelectric
transducers, amplifiers, rectifiers, and other signal process-
ing devices.

[0070] The output module 408 may be an output device,
such as a display screen or a speaker, along with any
requisite electronic components for converting a signal of
the computing device 400 into a visual or acoustic signal; or,
the output module 408 may include interfaces to a display,
a speaker, a biometric monitoring system, or another device.
The output module 408 may output results of of the heart-
beat data analysis performed by the computing device 400,
and/or may output prompts for additional information
before, during, or after the analysis. The output module 408
may also output alerts related to the heartbeat data and/or
status messages (e.g., errors, completion status) related to
the processing.

[0071] One or more additional input devices such as light
sensors, position sensors, biometric sensors (e.g., ECG
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leads), image capture devices, or the like may be provided
with the computing device 400. Such additional input
devices are not shown in FIG. 4 so as not to obscure the
principles of the present disclosure. In some embodiments,
an additional input device may detect the occurrence or
non-occurrence of a condition. Information pertaining to
such conditions may be provided to the processor 402 to
determine whether one or more components of the comput-
ing device 400 should be activated or deactivated. In one
embodiment, the additional input device includes an image
capture device configured with facial recognition capabili-
ties.

[0072] The systems and methods of the present disclosure
may be implemented in hardware and software components
of any suitable device, as described above. In one example,
the device may be a heartbeat acquisition device including
hardware and software that cooperate to obtain an input
signal that is a recording of a subject heartbeat. Further, the
heartbeat acquisition device may be combined with sensors
and other hardware and software components for acquiring
other signals, such as in a comprehensive biometric acqui-
sition system. Hardware modules of the heartbeat acquisi-
tion device may include or be integrated with real-time
signal acquisition devices (i.e ECG, pulse oximetry, plethis-
mography devices, cameras), and may further include a
module for vital signs monitors and alarm systems for
clinical and/or non-clinical settings. To the extent the present
system is implemented with program instructions, the pro-
gram instructions may include, or be configured to interface
with, software that operates the real-time signal acquisition
devices.

[0073] In another example, the device may be a user
device, such as a desktop computer, a mobile device (e.g.,
smartphone), or a wearable smart device (e.g., smart watch,
bracelet, biosensor-enabled clothing or bandages). Alterna-
tively, the device 100 may be one or more servers with
which the user device communicates via wired or wireless
network connection. Altematively, the device 100 may
include mutiple interconnected devices that cooperate to
perform the methods. For example, the acquisition and
detection module 104 and the index calculation module 106
may be installed on or operable by a server, and the
autonomic assessment module 108 may be installed on or
operable by a user device connected to the server and
configured to obtain the SAI and PAI, and potentially other
data, from the server. The user device may store or access
one or more executable applications for assessing the SAI
and PAI, such as a sleep scoring application, a stress or
exercise tracking application, an emotion identification
application, and the like. In another example, the input
signal may be acquired by an acquisition device and trans-
mitted to a server, the server may perform the modeling and
estimation functions to produce the SAI and PAI, and the
server may transmit the SAI and PAI to a user device.

[0074] In another example, the systems and methods may
be embodied in a distributable (e.g., on physical media or via
download) computer program product, which may be
installed on a suitable device, as described above, and may
configure the device to perform comprehensive automatic
analysis of autonomic heartbeat dynamics. The product may,
in some embodiments, be used for validation or other
analysis of any diagnosis or study pertaining to heart rate
and heart rate variability. The product may include program
instructions implementing or interfacing with any of the
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modules described above. Each or all of these modules may
either be linked to acquisition modules within a monitoring
device (i.e., for real-time analysis and visualization), or they
may operate on previously recorded data stored on the
device or in a data store accessible by the device.

[0075] This written description uses examples to disclose
the invention, including the best mode, and also to enable
any person skilled in the art to practice the invention,
including making and using any devices or systems and
performing any incorporated methods. The patentable scope
of the invention is defined by the claims and may include
other examples that occur to those skilled in the art. Such
other examples are intended to be within the scope of the
claims if they have structural elements that do not differ
from the literal language of the claims, or if they include
equivalent structural elements with insubstantial differences
from the literal languages of the claims.

[0076] Finally, it is expressly contemplated that any of the
processes or steps described herein may be combined,
eliminated, or reordered. Accordingly, this description is
meant to be taken only by way of example, and not to
otherwise limit the scope of this invention.

Examples and Experimental Data

[0077] The SAI and PAL as definitions of ANS activity,
were compared with the current frequency-based methods in
an example study of ECG recordings from 10 healthy
subjects during a tilt-table experiment and a selective auto-
nomic blockade. With appropriate choices of the model
regressors, this approach can be used to investigate the
response characteristics of various ANS sub-systems. In
particular, the tilt-table protocol and selective autonomic
blockage each have a high presence of non-linearity and
non-stationarity in the RR time series. Results from ten RR
series recorded during the tilt-table protocol and blockade
showed that the proposed methodology, differently than the
traditional spectral parameters, appropriately distinguishes
changes in the separate ANS branches.

[0078] In the tilt-table study, the subjects were five men
and five women: age (mean SD) 28.7(1.2) yr, height 172.8
(4.0) cm and weight 70.6(4.5) kg. A subject was first placed
horizontally in a supine position, with restraints used to
secure her at the waist, arms, and hands. The subject was
then tilted from the horizontal to the vertical position and
returned to the horizontal position. Each subject performed
six tilt sessions remaining in each tilt state for 3 min. The
protocol lasted 55-75 min (3,300-4,500 s). A single-lead
ECG was continuously recorded for each subject during the
study, and the R-R intervals were extracted using a curve
length-based QRS detection algorithm.

[0079] Inthe selective autonomic blockade study, fourteen
male nonsmoking adult volunteers (ages 19-38 yr, median
21 yr) participated. No subject had a history of cardiopul-
monary disease. One lead of a surface ECG was recorded.
Subjects were instructed to initiate a breath with each tone
of a series of auditory cues. The sequence of tones was
generated by a computer and recorded on cassette tape for
playback during each experiment. The tones were evenly
spaced in time at a preset rate of 12 breaths/min to allow the
subject to find a comfortable depth of inspiration. Then the
program switched to a mode in which the tones were spaced
at irregular intervals, but with the same mean rate of 12
breaths/min. Starting from a supine position, the subject was
moved to the standing position, and after a minimum of 5
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min for hemodynamic equilibration, the calibration proce-
dure and breathing protocol were repeated. These condi-
tions, before any autonomic blockade, are the supine and
standing control states, which would comprise the total
autonomic modulation data of one candidate in the reference
heartbeat dataset described above.

[0080] The subject was then returned to the supine posi-
tion and given either atropine (0.03 mg/kg, n=7) or propra-
nolol (0.2 mg/kg, n=7). After 10 min for equilibration, the
above breathing protocol was repeated with the subject
supine and then standing. The recorded data in each position
would comprise the sympathetic activity only data or the
parasympathetic activity only data, depending on the block-
ade received, of the corresponding candidate in the reference
heartbeat dataset described above. The subject was again
returned to the supine position and given the other auto-
nomic blocking agent. The supine and standing breathing
protocols were repeated under double blockade for all 14
subjects. Because HR control is primarily via the vagus in
normal supine humans, the above protocol allowed for an
investigation of pure parasympathetic modulation of HR
when subjects were in the supine position after propranolol.
Further, as sympathetic outflow increases from very low
levels when the position is changed from supine to standing,
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pure sympathetic modulation could be investigated when
subjects were in the standing position after atropine.
[0081] The following five tables contain the experimental
results of processing the collected data with the system of
FIGS. 1 and 2, including a comprehensive assessment of the
data by the autonomic assessment module. FIG. 5 illustrates
the computed results, for a representative subject of the
tilt-table protocol, of the SAI and PAI measured over time,
compared with the HF and LF statistical power measure-
ments, the sympatho-vagal balance measurements, and the
LF-HF ratio measurements obtained by known analysis
methods from the experimental data. FIG. 6 illustrates the
computed results (mean and confidence interval) of the same
parameters as those of FIG. 5, but for all subjects, which
were supine from 0 to 300 secs and upright from 300 to 900
secs in the graph. Expected estimates of sympathetic activity
and sympatho-vagal balance during a supine-to-upright (tilt-
ing) protocol should show a significant increase during the
upright position with respect to the acquisition in supine
position. This is due to the increased sympathetic activity
occurring during the tilting procedure. FIG. 6 clearly shows
how the Sympathetic activity index (SAI) and the sympatho-
vagal balance estimates (SAI/PAI) follow such physiologi-
cal dynamics, while classical power LF and LF/HF ratio do
not.

TABLE 1

RESULTS FROM THE REST - STAND UP EXPERIMENTAL DATA SET

Statistical Index Model Rest Stand-Up P-Value AUC
Jizg(mS) ARpp 906.17 £ 116.21  774.48 = 80.41  0.015907 0.743945
ARLpp 914.94 £ 122.70  773.46 + 80.67  0.011924 0.754325
AR 910.94 £ 123.08 781.92 £55.96  0.013141 0.750865
ORR 41 (ms) ARpp 19.69 £9.37 15.84 £ 5.06 0.406973  0.587891
ARLpp 19.72 £9.37 16.57 £ 4.89 0.521672  0.568359
AR 47.48 £ 18.59 48.65 £ 16.42  0.998264 0.498162
Sympathetic Activity LF(ARpp) 328.54 £260.34 410.03 £305.24 0.986259 0.503460
LF(ARLpp)  569.52 +347.75 581.42 + 42277 0942562 0.509191
LF(AR) 349.86 £331.22  514.13 £ 50635 0.947366 0.508170
NEW(0) 8.78 £1.21 12.55 £ 0.87 0.000078  0.933333
NEW(1) 8.52 £2.08 12.83 £ 0.34 0.000155  1.000000
NEW(2) 9.14 £ 0.87 10.11 = 1.17 0.027497  0.723183
NEW(3) 33.05 £5.59 43.56 £ 5.15 0.000256  0.875000
NEW(4) 33.70 £2.25 37.78 £ 1.98 0.000256  0.875000
Parasympathetic Activity HF(ARpp) 179.39 £149.43  76.13 £51.63  0.125312  0.655709
HF(ARLpp)  194.05 £159.26 12044 £ 65.97  0.221391  0.624567
HF(AR) 23417 £150.02  121.52 £ 71.68  0.088179 0.673010
NEW(0) 10.83 =1.01 7.16 £ 1.97 0.001805  0.842857
NEW(1) 1137 £ 0.84 8.93 £ 1.56 0.028127  0.828125
NEW(2) 11.42 = 1.09 10.00 = 0.38 0.002437  0.80622
NEW(3) 38.39 £3.20 32.03 £3.74 0.002631  0.808824
NEW(4) 3523 £345 30.74 = 3.06 0.007283  0.775735
Sympatho-Vagal Balance ARpp 1.37 £0.78 2.58 £ 241 0.221391  0.624567
ARLpp 1.64 +1.09 2.77 £2.07 0.279809  0.612132
AR 0.87 £0.66 0.89 £ 0.89 0.597419  0.553922
NEW(0) 0.86 £0.30 1.49 + 0.17 0.002463  0.826667
NEW(1) 0.81 £0.19 1.35 £ 0.29 0.001088  0.953125
NEW(2) 0.80 = 0.14 1.12 £ 011 0.000650  0.844291
NEW(3) 0.83 £0.18 1.38 £ 0.23 0.000014  0.937716
NEW(4) 095 £0.13 1.21 £0.10 0.000020  0.937500
RMSSD (ms) 26.28 £9.78 19.46 = 4.41 0.144596  0.650735
NN50 {count) 17.00 = 16.00 5.00 £ 5.00 0.049265  0.698962
pNN50 (%) 5.98 +£5.89 2.18 £2.18 0.098656  0.665033
HRV_ tri_ind 8.10 £ 1.71 7.61 +2.01 0.605398  0.553633
TINN (ms) 147.50 £40.00  185.00 £ 25.00  0.563922 0.560662

P-values are obtained from the rank-sum test between the Rest and Tilt.
NEW(0): regression with subjective values for the first condition

NEW(1): regression with subjective values for 3 conditions (standup-slow-fast)

NEW(2): regression with general values, i.¢. mean of all for 3 conditions (standup-slow-fast)

NEW(3): regression with general values, i.e. mean of all subj from rest-tilt control blockade dataset

NEW(4): regression with general values, i.c. mean of all subj from suppression blockade (parasympathetic suppression —
sympathetic regressors % sympathetic suppression — parasympathetic regressors)
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TABLE 1I
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RESULTS FROM THE REST - SLOW TILT-TABLE EXPERIMENTAL DATA SET

Statistical Index Model Rest Titl-Table Slow  P-Value AUC
Jipe(ms) ARpp 87525 + 73.14  765.03 = 58.91 0.000512 0.831025
ARLpp 877.80 £ 72.50  764.79 + 56.81 0.000412 0.836565
AR 879.59 £ 75.09  772.82 + 46.10 0.001063 0.794312
OrRyup (ms) ARpp 2151 = 6.07 15.13 + 4.95 0.057883 (0.678947
ARLpp 2229 £5.92 15.11 + 4.62 0.057883 (0.678947
AR 5257 £17.69 62.80 + 16.30 0.843425 (0.479532
Sympathetic Activity LF(ARpp) 417.76 + 240.68  332.88 + 162.72  0.438254 (.422840
LF(ARLpp) 64832 £ 33485 31744 + 83.32 0.086005 0.333333
LF(AR) 465.03 + 241.99 39437 = 310.24  0.661443 (.457064
NEW(0) 818 + 1.50 11.14 + 1.48 0.000965 (0.850000
NEW(1) 922 +£0.80 10.00 = 1.16 0.032808 (.754545
NEW(2) 9.26 £ 0.36 10.52 £ 0.72 0.000970 (0.814404
NEW(3) 3078 £ 5.19 35.54 545 0.011087 (.742382
NEW(4) 3279 £2.26 35.05 £ 2.13 0.012048 (0.739612
Parasympathetic Activity HF(ARpp) 23559 £166.53  88.15 + 68.42 0.046554  0.692982
HF(ARLpp) 25541 + 15339 104.23 = 43.75 0.027886  0.716049
HF(AR) 263.67 = 141.88  150.51 = 74.30 0.030001 0.690038
NEW(0) 11.96 = 2.00 7.27 + 2.58 0.000177 0.890625
NEW(1) 14.09 = 0.41 9.13 + 2,40 0.001355 0.918182
NEW(2) 11.66 * 0.93 10.25 + 0.65 0.000708 0.822715
NEW(3) 39.14 = 2.67 36.02 = 1.01 0.066003 0.678363
NEW(4) 35.03 £ 1.83 33.59 * 1.56 0.132882 (.648148
Sympatho-Vagal Balance ARpp 1.03 +0.74 2.73 £ 1.64 0.209343  0.620499
ARLpp 1.23 = 0.66 225+ 1.12 0.289193  0.604938
AR 0.66 + 0.23 1.21 £ 0.68 0.168735 0.635802
NEW(0) 0.66 * 0.19 1.51 * 0.69 0.000189 0.902222
NEW(1) 0.63 + 0.09 1.18 £ 033 0.000376 0.963636
NEW(2) 0.82 + 0.12 0.95 + 0.07 0.004746  0.765789
NEW(3) 0.81 % 0.20 1.05 £ 0.21 0.007233 0.756233
NEW(4) 091 £ 0.14 1.03 = 0.08 0.008601 0.750693
RMSSD (ms) 3210 £ 12.56 19.68 + 4.52 <0.03 0.698830
NNS50 (count) 31.00 = 29.00 6.00 = 5.50 <0.02 0.728070
PNN30 (%) 10.20 = 9.47 1.74 £ 1.37 <0.02 0.727778
HRV__tri_ind 803 + 1.41 7.31 + 1.61 >0.03 0.660819
TINN (ms) 195.00 £ 70.00  150.00 + 45.00  >0.05 0.641274
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P-values are obtained from the rank-sum test between the Rest and Tilt.

NEW(0): regression with subjective values for the first condition

NEW(1): regression with subjective values for 3 conditions (standup-slow-fast)

NEW(2): regression with general values, i.e. mean of all for 3 conditions (standup-slow-fast)
NEW(3): regression with general values, i.e. mean of all subj from rest-tilt control blockade dataset

NEW(4): regression with general values, i.e. mean of all subj from suppression blockade (parasympathetic suppression —
sympathetic regressors % sympathetic suppression — parasympathetic regressors)

TABLE III

RESULTS FROM THE REST - FAST TILT-TABLE EXPERIMENTAL DATA SET

Statistical Index Model Rest Titl-Table Fast P-Value AUC
Lggr(ms) ARpp 881.03 £ 9455  776.18 £ 66.49  0.004627 0.770083
ARLpp 883.03 £ 95.78  774.62 £ 5446  0.005068 0.767313
AR 860.50 + 8048  777.18 £ 51.58  0.009375  0.751462
Orrovar) (MS) ARpp 21.68 + 8.02 16.33 £ 4.00 0.064190  (0.682099
ARLpp 2218 £ 8.31 16.92 £ 4.51 0.073844  (0.675926
AR 48.20 £ 9.40 46.00 £ 15.01  0.318951  (0.598763
Sympathetic Activity LF(ARpp) 47641 = 283.63  349.72 £ 203.75  (0.303830 (.398148
LF(ARLpp) 33851 £279.99 38429 + 244,51  0.149993  (.338025
LF(AR) 401.86 = 330.31  338.33 £ 278.42  (0.739734  (.533951
NEW(0) 10.14 £ 1.30 12.21 £ 143 0.002616  (0.836733
NEW(1) 951 £ 0.50 12.95 £ 2.07 0.013986  0.904762
NEW(2) 9.33 £ 0.50 10.70 £ 0.49 0.000136  (0.870370
NEW(3) 3370 £ 5.42 41.42 £ 3.33 0.002173  (0.792244
NEW(4) 3425 £2.22 37.31 £ 1.19 0.001183  (0.817901
Parasympathetic Activity HF(ARpp) 21490 £ 159.75  123.14 £ 79.59  0.103231  0.660494
HF(ARLpp) 24491 £169.36 13095 + 65.16  0.178741  0.632716
HF(AR) 296.05 £ 153.27  136.80 + 39.81  0.023688  (.722222
NEW(0) 10.77 £ 0.81 8.17 £ 1.90 0.001019  (0.867347
NEW(1) 11.539 +0.91 8.56 £ 1.48 0.002331  0.939184
NEW(2) 11.69 + 1.39 10.46 £ 0.67 0.027591  (0.713450
NEW(3) 39.13 £ 3.15 34.12 + 1.84 0.002259  (0.795322
NEW(4) 3612 + 1.63 30.89 + 1.05 0.000075  (0.899634
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TABLE III-continued
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RESULTS FROM THE REST - FAST TILT-TABLE EXPERIMENTAL DATA SET

P-Value AUC

Statistical Index Model Rest Titl-Table Fast
Sympatho-Vagal Balance ARpp 2.05 = 1.57 1.96 + 1.26
ARLpp 1.76 + 0.91 171 £ 1.18
AR 093 £ 0.46 1.51 £ 1.10
NEW(0) 0.83 £ 0.35 1.74 £ 047
NEW(1) 0.85 £ 0.18 1.57 £ 031
NEW(2) 0.84 £ 0.16 1.03 £ 0.07
NEW(3) 094 £ 0.22 1.25£0.13
NEW(4) 095 £ 0.13 1.23 £ 0.06
RMSSD (ms) 28.70 £ 11.32 18.10 + 3.60
NNS50 (count) 28.00 = 26.00 3.00 + 3.00
PNN30 (%) 6.54 + 6.18 1.14 £ 1.14
HRV__tri_ind 849 + 2.00 6.50 = 0.93
TINN (ms) 182,50 + 60.00  140.00 = 45.00

0.753865
0.936956
0.116943
0.000612
0.011072
0.000977
0.000704
0.000329
0.038235
0.002547
0.018120
0.062213
0.160440

0.532680
0.490741
0.656863
0.876190
0.897959
0.818713
0.827485
0.842105
0.703704
0.795666
0.735294
0.686275
0.640523

P-values are obtained from the rank-sum test between the Rest and Tilt.
NEW(0): regression with subjective values for the first condition
NEW(1): regression with subjective values for 3 conditions (standup-slow-fast)

NEW(2): regression with general values, i.e. mean of all for 3 conditions (standup-slow-fast)

NEW(3): regression with general values, i.c. mean of all subj from rest-tilt control blockade dataset
NEW(4): regression with general values, i.c. mean of all subj from suppression blockade (parasympathetic suppression —

sympathetic regressors % sympathetic suppression — parasympathetic regressors)

[0082] Additionally, the six application-specific modules
described above have been extensively tested to be applied
on (a) tilt studies in healthy subjects and subjects with
autonomic dysfunctions, demonstrating improvement of the
separate Sympatho-vagal assessment by the SAI/PAI signals
as compared with existing state-of-the-art methods; (b) data
recorded during anesthesia studies in ICU settings, demon-
strating the system’s eflicacy in clinical settings and pro-
viding important evidence of the potential usefulness of
including the application in recording and control devices
aimed at monitoring the patient’s stay in the hospital and
anesthesia procedures in the operating room; (c) sleep
studies, demonstrating improved classification power in
sleep scoring; (d) relaxation and stress elicitation protocols,
demonstrating improved instantaneous classification of
basic states of arousal; (d) emotional elicitation protocols,
demonstrating improved instantaneous classification of
basic emotional states; and (e) data during exercise and
recovery from exercise in healthy controls and subjects in
different cardiovascular conditions.

[0083] Table VI reports the results of an exemplary sleep
study using the system of FIGS. 1 and 2 and the sleep
monitor module to process heartbeat data collected during
sleep. Thirteen subjects were tested, with 30 second seg-
ments of heartbeat data being recorded throughout the eight
hours (average time) that the subjects slept. The sleep
monitor module configured the autonomic assessment mod-
ule to classify the recorded segments as occurring during a
rapid-eye-movement (REM) state or non-REM state. In this
exemplary pilot application, the classification accuracy of
the system outperforms known systems.

TABLE VI

SLEEP MONITORING ASSESSMENT RESULTS

Subject # Segments # Correct Accuracy (%)
Subject 1 730 616 84.4
Subject 2 886 675 76.2
Subject 3 960 791 824
Subject 4 958 763 79.6

TABLE VI-continued

SLEEP MONITORING ASSESSMENT RESULTS

Subject # Segments # Correct Accuracy (%)
Subject 5 618 487 78.8
Subject 6 901 770 85.5
Subject 7 960 814 84.8
Subject 8 886 665 75.0
Subject 9 568 471 84.0
Subject 10 796 633 79.5
Subject 11 723 600 83.0
Subject 12 709 562 79.3
Subject 13 917 755 82.3
[0084] FIG. 7 illustrates comparative results of an exem-

plary physical activity assessment using the system of FIGS.
1 and 2 and the physical activity monitor module to process
heartbeat data collected from 10 subjects during a period
(about 650 secs) of strenuous exercise. The black line
indicates the median value of the classic LF/HF index and
the SAI/PAI ratio. Confidence intervals are shown in gray.
Vertical lines indicate the end of three consecutive exercise
sessions at increasing loads. Note the significant improve-
ment in the estimation accuracy of the sympathetic activity
along the time period, accompanied by a consistent decrease
of inter-subject variability.
What is claimed is:
1. A computing device, comprising:
an input device interface configured to receive an input
signal comprising subject heartbeat data recorded from
a subject;
a processor in signal communication with the input device
interface; and
memory storing program instructions;
the processor executing the program instructions to:
determine a set of heartbeat events from the subject
heartbeat data, the heartbeat events including a plu-
rality of past R-R intervals;
generate a first model of a mean heart rate of the
subject, the first model comprising a modeling func-
tion that includes:
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a time-varying zero-order autoregressive coeflicient;
a sympathetic component representing an influence
on the mean heart rate of the subject’s sympathetic
nerve activity, the sympathetic component com-
prising a first sum, computed at a first frequency,
of a time-varying first-order autoregressive coef-
ficient multiplying a Laguerre expansion of the
plurality of past R-R intervals; and
a parasympathetic component representing an influ-
ence on the mean heart rate of the subject’s
parasympathetic nerve activity, the parasympa-
thetic component comprising a second sum, com-
puted at a second frequency, of the first-order
autoregressive  coefficient  multiplying  the
Laguerre expansion;
the first model further having a modeling structure includ-
ing a first function of the first-order autoregressive
coeflicient within the sympathetic component, and a
second function of the first-order autoregressive coef-
ficient within the parasympathetic component;
calculate a plurality of recursive parameter estimations
of the first function to generate a first time-varying
estimation of the modeling structure;
calculate a plurality of recursive parameter estimations
of the second function to generate a second time-
varying estimation of the modeling structure;
determine a first multiple regression of the first function
to generate a first disentangling coeflicient;
determine a second multiple regression of the second
function to generate a second disentangling coeffi-
cient;
determine a sympathetic activity index value in a
sympathetic activity index (SAI) defined by a SAI
function that includes the first disentangling coeffi-
cient and the first time-varying estimation of the
modeling structure; and
determine a parasympathetic activity index value in a
parasympathetic activity index (PAI) defined by a
PAT function that includes the second disentangling
coeflicient and the second time-varying estimation of
the modeling structure.

2. The computing device of claim 1, wherein the com-
puting device further executes the program instructions to
compare the set of heartbeat events to a second model
generated from a reference heartbeat dataset to generate the
zero-order autoregressive coeflicient and the first-order
autoregressive coeflicient.

3. The computing device of claim 2, wherein the reference
heartbeat dataset comprises total autonomic modulation
data, sympathetic activity only data, and parasympathetic
activity only data, and wherein the computing device further
executes the program instructions to generate the second
model.

4. The computing device of claim 1, wherein the com-
puting device further executes the program instructions to
determine an instantaneous estimate of an R-R mean value
without interpolation of the R-R mean value between a first
arrival time of a first heart beat and a second arrival time of
a second heart beat that arrives sequentially after the first
heart beat, the R-R mean value having a time scale mea-
surable in milliseconds.

5. The computing device of claim 1, wherein the com-
puting device further executes the program instructions to:
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determine that the SAT value or the PAI value corresponds

to a condition of the subject; and

perform an action that is indicated to be performed by the

computing device when the condition is present in the

subject.

6. A computing device, comprising:

an interface configured to receive an input signal com-

prising subject heartbeat data recorded from a subject

over a time petriod,

a processor in signal communication with the interface;

and

memory storing program instructions;

the processor executing the program instructions to deter-

mine, from the subject heartbeat data, a sympathetic

activity index value in a sympathetic activity index

(SAI), the SAI representing an influence, on a mean

heart rate of the subject, of sympathetic nerve activity

(SNA) of the subject, the SNA occurring during the

time period.

7. The computing device of claim 6, wherein the proces-
sor further executes the program instructions to determine,
from the subject heartbeat data, a parasympathetic activity
index value in a parasympathetic activity index (PAI), the
PAI representing an influence, on the mean heart rate of the
subject, of parasympathetic nerve activity (PNA) of the
subject, the PNA occurring during the time period.

8. A method, comprising:

obtaining a set of heartbeat events including a plurality of

past R-R intervals;

generating a first model of a mean heart rate from the set

of heartbeat events, the first model comprising:

a sympathetic component representing an influence of
sympathetic nerve activity on the mean heart rate,
the sympathetic component comprising a time-vary-
ing first autoregressive coeflicient and a Laguerre
expansion of the plurality of past R-R intervals;

a parasympathetic component representing an influence
of parasympathetic nerve activity on the mean heart
rate, the parasympathetic component comprising a
time-varying second autoregressive coefficient and
the Laguerre expansion; and

a modeling structure including a first function of the
first autoregressive coefficient and a second function
of the second autoregressive coeflicient;

determining a sympathetic activity index value in a sym-

pathetic activity index (SAI) that is based on the first
function; and

determining a parasympathetic activity index value in a

parasympathetic activity index (PAI) that is based on

the second function.

9. The method of claim 8, further comprising:

calculating a plurality of recursive parameter estimations

of the first function to generate a first time-varying
estimation of the modeling structure, the SAI being
based on the first time-varying estimation; and
calculating a plurality of recursive parameter estimations
of the second function to generate a second time-
varying estimation of the modeling structure, the PAI
being based on the second time-varying estimation.

10. The method of claim 8, further comprising determin-
ing at least one multiple regression of the modeling structure
to generate a first disentangling coefficient and a second
disentangling coeflicient, the SAI being further based on the
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first disentangling coefficient, and the PAI being further
based on the second disentangling coefficient.
11. A system for monitoring a condition of a patient
comprising:
an input configured to receive a signal indicative of a
heartbeat of a subject;
a processor in communication with the input to receive
the signal and configured to:
analyze the signal to identify an autonomic state of the
subject by evaluating sympathetic and parasympa-
thetic activity of the subject;
using a predetermined model and the autonomic state,
generate an index of dynamics of two autonomic
branches; and
generate a report of a current condition of the subject
based on the index.

12. The system of claim 11, wherein the predetermined
model includes a decisional tree structure.

Aug. 16,2018

13. The system of claim 11, wherein the input signal is
applied to a series of program modules to generate the
report.

14. The system of claim 13, further comprising a program
memory accessible by the processor and a first module
configured to cause the processor to determine a desired
matching base function for the input heartbeat using refer-
ence heartbeats stored in the program memory.

15. The system of claim 14, further comprising a second
module to cause the processor to perform a time-varying
estimation that calculates a sympathetic autonomic index
(SAI) and parasympathetic autonomic index (PAI) for a
selected time period.

16. The system of claim 15, further comprising a third
module to cause the processor to utilize the SAI and PAI to
detect a predetermined activity.

17. The system of claim 15, wherein the SAI and PAI
provide markers associated with the independent dynamics
of the two autonomic branches.

ok % k&
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