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TABLE, PATIENT AND ECG CHARACTERISTICS
BY QUINTILES OF ENTROPYXy

gl 42 43 {4 @5 PVALUE
i

G TEIG W10 578130 6124108 617114 §12127 0.006
MALE, % 90 e 788 159 74 03
AFRICAN-AMERICAY, % %2 406 M1 N2 324 o0
HISTORY OFPARXYSOMALAF % 135 135 165 204 365 <0001
SHOKER, % g5 606 700 712 70h 02
HYPERTENSION, % 56 453 581 688 706 <0001
HYPERLIPIDEMIA, % 7m0 M1 58 &6 0

DIABETES MELLITES, % B3 W4 W0 W7 W1 04
SCIEWICCRDIONYOPATAY % 468 476 618 612 629 <000
BODY MASS INDEX, kg/m 00134 3030676 2930618 2995634 3196715 04
MEAN ARTERIAL PRESSURE, mrlg 9104144 902+149 910:141 9142137 909124 10
SPIRIN, % 90 @8 &1 6] 614 08
BETA BLOCKER, % 96 W0 85 W6 912 03
ACE INAIBTIOR OR ARE, % B4 82 900 &1 &1 07
NOENSTERONE ANTAGONIST % 251 287 71 159 M1 0]

STATIN, % 55 51 W6 T AT 0
ANTIARRTHYTHAIC, % I 65 94 106 135 of
L0OP DIURETICS, % 6 624 629 64 67 10
NYHA CLASS, 5§ WA M7 N2 W4 07
NYAA CLASS, I VY R YRR AR YA Y
NYHA CLASS, E 04 F1 o W4 46 418 09
EJECTIONS ERACTION, % 2 0:660 24594 2136583 26573 M55 09
N, mé/L 138.952.95 139 043,31 126.9¢3.06 128 3+4.04 138 8:3.01 02
K, mig/L 120:086 431047 418:040 420043 4156043 0.03
o 23100 N80 D590 2074133 B.0:126 03
G /il 121408 126102 1.12:038 120:045 118056 04
hCRP, g/ §78:102 723:102 901134 9504143 11.4:168 0.009
ProBP. mo/L $47:110 370:683 380:317 3576326 348314 0
SHPS PREDICTED 5.4R MORTAUITY, %38.9170 19.9+187 199:176 326:202 3250186 02
HEART RATE bpm 726136 7214154 711119 TLSeI36 Tarelid 02
PIC % 13220 19234 30:57 26:39  41shf <001
ORSD, ms 130.5:39.6 118.45307 1253353 1201287 11906267 0.07
HIFQRSD, ms 12814322117 3:334126.3:37.2 117 3:295 11772303 0.1
RIS, Y 317:304 3534308 309:717 2555220 29.7:834 07
LASAD, ms 188:35 444315 553375 502:319 514e336 0]

ST INTERVAL, s 086.754.8 290.7+41.2 294.1 457 6 290.855.6 2925368 0.3
T VARIANCE oe? 700:105 966+147 114154 1012385 2325712 <0.001
SDAN, ms 103308 4794500 5416441 5895627 827811 <0001
{FAF, RATIO 150:1.89 1596279 1565155 204283 1516226 0.
o, ms 4716588 433 5454.5 442.0:66.6 433.0056.5 46,8731 0,002
T ms 16252401 458 5410 464.3:48.4 453.8:45.7 4647415 0.3
TR RE CHREIE 051:07) 146sD10 D40:018 038014 0352010
aml 1'0850.60 -0.91£0.53 09740 58 -0.67<0.66 -0.49+0.72 <0 001
ENTROPYX, 174020 215097 2482010 285012 349:033 0

VALUES ARE WEAR 2503 OR PERCENT, STATISTICAL COMPARISONS

Ve, ALIVE: pe0.05, "px0.001, *px0 00001, F6. 1
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TABLE, PATIENT AND E(G
CHARACTERISEICS BY EVENTS

APPROFRIATE SHOCK  ALL-CAUSE ALIYE TOTAL COHARY

ORSCD (N=148) MORTAUTY (29%) (M3} {842)
AGE, YEARS 615127° 634110 5842124 80.2:12.5
MALE, % 19.7 76.67 9.6 121
AFRTCAR-AMERICAR, % 'AAN M4 38 3.6
HISTORY OF PAROXYSMAL AF, % 134 g 164 0.3
SMOKER % 14.3* 146" 63.7 87.6
HYPERTENSION % 5417 62.2 582 59.6
HYPERLIPIDEMIA, % 439 46.8 43.6 448
DIABETES MELLITHS, % 40.5 428 7.1 ya
ISCHEMIC CARDIOMYOPATHY % M7 80.2 33.6 559
BODY MASS INDEX, kg/m 30.126.2 194262 30595 30.1+8.5
MEAN ARTERIAL PRESSURE, mmilg  B8J+137°  B8.42134° 921414 ] §0.9:14.0
ASPIRIN, % 66.9 0.2 850 869
BETA BLOCKER, % 85.8 88.6 9.2 90.3
ACE INHIBITOR OR ARB, % 8.5 86.6 8.6 439
ALDENSTERONE ANTAGONIS, % 18.9 25 4.5 M7
STATIN, % 1.6 1.6 8.2 0.7
ANTIARRTHYTHMIC, % 147 124" 6.8 88
LOOP DIURETICS, % 388 86.9 6.1 83.2
WYHA (LSS, | 23.6 19.1 19.7 19.3
NYHA (LASS, 1 39.2 B4 429 4.1
NYRA (LSS, I 32 45.8 374 484
EIECTIONS FRACTION, % 20.9:6.48 20.8:6.05 217586 2141594
Na, mEg/L 1383393 138443467 13902297 13882325
K, mig/t 4.21+0.44 419:044° 472:0.43 421043
BUN, mg/dL 2018260 720017-307  1801524]  19.0{15-26]
{, mgﬁﬁ 1000912 LHGS14T  LOf0S1d)  13{09-13]
hsCRP, g/mL 8125131 &0[2514) 340144851 441411
ProBNP, mg/L 18019431 321537 116350 Z15(1748]
SHPS PREDECTED 5-YR MORTALITY, % 33.6+187  39.3:19% 25.8+155 30.6+18.4
HEART RATE, bpm f17:154 740158 [AREIRR 734:141
PV, % 3544 31407 2.3+4.1 26441
QR3D, ms 1231332 148323 1018:343  1229:335
HIFQRSD, ms 1232:345 1234335 1206:327  1217:330
RMS40, uV PLEEYUN 234208 35.2:64.0 3071525
LASA0, ms 5444383 54.4£35.8 47.3:319 4994336
STINTERVAL, ms 189.5:588  290.6:564 2909517  290.8:33.3
1T VARTANCE, ms? 1512169 15.2:194 1342248 14.0:23.1
SDNN, ms N7=617 63947248 52.6+48.0 56.6+58.2
LEHF, RATIO 16218 15:18 [REFE: 1.6+2.3
7, ms 4404575 437.0:595 4344x644 43544627
e, ms 4633502 46854477  4577:406  4608:437
(T-HEAR RATE (OHEREN(E 0.408+0.167  0.411:0178 04350192 0427:0187
Qv D76:072 073068 -08620.63 0.82:0.63
ENTROPYXg 28120677 272:087" 144+0.58 2.54:0.63

VALUES ARE WEAN 50, TEDIAN (1R) OR PERCENT, STATISTICAL COMPARISONS
VS, ALIVE: "5x0.05, “x0.001, *px0.00001. FIG. 12



US 2018/0344192 A1

Dec. 6,2018 Sheet 13 of 15

Patent Application Publication

ADHDAdS - 1

0t LR 30
i i i

Al
i

£] 91

STHO0W GIONVHNT ONY ISVE HIIMIIE SIAUND (308] DULSTHIDVEVHI 9NIIVIIM0 BAIDIY 40 HOSTEVIWD)

S rdouIng + 3578 —
TI00W 15V8 - - -

4t R
H 1
— 04
~ &
\\ e
J - g
ol
7/ =
i =
~ 94
- &8
g1

ATVIOW 3SRV 3

MDD - L

0l 80 50
H i i

1A
{

Uy A4ONINT + 358 —
1360w 3158 - - -

ALIALLISNSS

0l

{35 80 3D0HS JIVIB408ddY 'V

STG0OW GIINYHNT QNY 35v8 NIIMIIE SIAUND 208 40 NOSTIVIWOD



Patent Application Publication

ek
sid

—— FRACTION NON-REM SLEEP
-~ - FRACTION AWAKE

Dec. 6,2018 Sheet 14 of 15  US 2018/0344192 A1

FRACTION REM SLEEP - |




Patent Application Publication  Dec. 6,2018 Sheet 15 of 15 US 2018/0344192 A1l

— QVLIOG - kX

F

-~ i
SO S
~
[—

—- @RRr2 - -~ MEAN COK

0 | ) 3 £ 05 67
045 . (MR — MEANCOH  — EaX] T
040 - 19
035 -
(.30 - 8
025 - M
020 - 6
015 4 , ; ’ ; ; : 1.5

0 | 7 3 4 5 6 7

TIHE (HOURS)



US 2018/0344192 Al

SYSTEM AND METHOD FOR RISK
STRATIFICATION BASED ON DYNAMIC
NONLINEAR ANALYSIS AND COMPARISON
OF CARDIAC REPOLARIZATION WITH
OTHER PHYSIOLOGICAL SIGNALS

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a Continuation of U.S. patent
application Ser. No. 14/400,409, filed Nov. 11, 2014, which
is a 35 U.S.C. § 371 U.S. national entry of International
Application PCT/US2013/040751, having an international
filing date of May 13, 2013, which claims the benefit of U.S.
Provisional Application No. 61/646,830, filed May 11,2012,
and U.S. Provisional Patent Application No. 61/703,698
filed on Sep. 20, 2012, the content of each of the aforemen-
tioned applications is herein incorporated by reference in
their entirety.

GOVERNMENT SPONSORSHIP

[0002] This invention was made with government support
under grant number HL.091062, awarded by the National
Institutes of Health. The government has certain rights in the
invention.

FIELD OF THE INVENTION

[0003] The present invention relates generally to cardiol-
ogy. More particularly, the present invention relates to the
dynamic nonlinear analyses of cardiac rhythm and of time-
varying physiological signals to predict morbidity and mor-
tality.

BACKGROUND OF THE INVENTION

[0004] Electrocardiograms (ECGs) have long been studied
in order to analyze cardiac function and predict health,
disease and mortality. In many cases, linear deterministic
methods in the time and frequency domains are used to
analyze the information from the electrocardiogram. One
such linear method, is referred to as heart rate variability
(HRV). In time domain analyses, a range of normal values
for HRV analyzed in the time domain, frequency domain and
geometrically are established based on 24-hour ambulatory
recordings. Similar metrics, particularly in the time domain,
are not universally accepted for short-term recording so
stratification of continuous data can be used.

[0005] In contrast to time domain analyses, that do little to
account for irregularities, the irregularity in the time-
sampled intervals of electrocardiographic ventricular acti-
vation (RR) and repolarization (QT) have been accounted
for in frequency domain analyses in order to calculate an
estimate of the power spectrum density (PSD). Because the
typical PSD estimators implicitly assume equidistant sam-
pling, they cannot be directly applied to the RR and QT
interval time series because it is their variability that the
method is trying to quantify. Therefore, the interval time
series is first converted to a time series with equidistant
sampling using, for example, a cubic spline interpolation
method to avoid generating additional harmonic compo-
nents in the spectrum. Other methods for equidistant sam-
pling conversion include interpolation based on weighted
average of recent intervals and the Lomb periodogram.
[0006] The typical methods employed for PSD estimation
include the fast Fourier transform (FFT) and autoregressive

Dec. 6, 2018

(AR) models. In the FFT method, spectrum powers are
calculated by integrating the spectrum over the frequency
bands. In contrast, the parametric AR method models the
time series as a linear combination of complex harmonic
functions, which include pure sinusoids and real exponen-
tials as special cases, and fits a function of frequency with
a predefined number of poles (frequencies of infinite den-
sity) to the spectrum. The AR method asserts that the
position and shape of a spectral peak is determined by the
corresponding complex frequency and that the height of the
spectral peak contains little information about the complex
amplitude of the complex harmonic functions. In the AR
method, the spectrum is divided into components and the
band powers are obtained as powers of these components.
[0007] There are several fundamental limitations to all
forms of frequency domain analyses. Nonstationarity in time
series severely limits the range of frequencies that can be
studied by all methods of frequency-domain analyses. Fre-
quency-domain analyses, while retaining some information
relating to ordering of observations, conceal details of
interactions between mechanisms (e.g., respiration-medi-
ated change in heart rate may stimulate other mechanisms).
Heart rates have self-similar fluctuations, affected not only
by the most recent value but also by much more remote
events, or in other words, a “memory” effect. In time series,
these phenomena may be quantified as a repetitive pattern of
fluctuation, but in the frequency domain, it may be indis-
tinguishable from uncorrelated fluctuations. Although AR
models may provide better resolution in shorter time series
than FFT analysis, they include assumptions about model
complexity, contingency of negative components in spectral
factorization and discard information in the input time series
(i.e., reduced degrees of freedom).

[0008] Nonlinear dynamic analyses are an alternate
approach for understanding the complexity of biological
systems. By definition, a nonlinear system has an output that
is simply “not linear,” i.e., any information that fails criteria
for linearity®, output proportional to input and superposition,
behavior predicted by dissecting out individual input-output
relationships of sub-components.

[0009] Virtually all biological signals demonstrate nonlin-
ear properties. A simple common example is nonstationarity
(e.g., drift in heart rate or blood pressure during sleep-wake
cycles). Although a variety of stationarity tests provide
useful measures, some arbitrary criteria are needed to judge
stationarity and as such, important information on patho-
logical states and natural physiological processes contained
within these nonstationary properties are lost, as illustrated
in FIGS. 1A-1C°. FIG. 1A illustrates fractal temporal pro-
cesses of a healthy RR interval time series; FIG. 1B illus-
trates wavelet analysis of healthy RR time seties of >1500
beats (x-axis is time, y-axis is wavelet scale (5 to 300 secs);
FIG. 1C illustrates the wavelet amplitudes.

[0010] It is quite common for the output of nonlinearly
coupled control systems to generate behaviors that defy
explanation based on conventional linear models. Charac-
teristic behaviors of nonlinear systems include self-sus-
tained, periodic waves (e.g., ventricular tachycardia), abrupt
changes in output (e.g., sudden onset of ventricular fibril-
lation) and, possibly, chaos.

[0011] On the other hand, nonlinear systems that appear to
be very different in their specific details may exhibit certain
common output patterns, a characteristic referred to as
universality. Moreover, outputs may change in a sudden,
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discontinuous fashion (e.g., bifurcation), often resulting
from a very small change in one of the control modules. For
example, the same system may produce a wildly irregular
output that becomes highly periodic or vice versa, e.g.,
electrical alternans, ST-T wave alternans preceding ventricu-
lar fibrillation, pulsus alternans during congestive heart
failure.

[0012] Prior studies have used various nonlinear measures
of RR interval complexity, including Poincaré plot, various
forms of entropy analysis, and detrended fluctuation analysis
to provide insight into heart rate regulatory mechanisms and
prediction of adverse events. The following sections
describe the ECG analysis strategies employed in the Hop-
kins PROSe study of patients with an implantable cardio-
verter-defibrillator (ICD) (clinical trial registration #
NCT00733590) and in the Sleep Heart Health study, includ-
ing novel nonlinear strategies for quantifying the dynamics
of QT interval time series and for nonlinearly comparing the
QT interval time series with the RR interval time series and
other time-varying physiological signals.

[0013] The Poincaré plot is a graphical representation of
the correlation between successive RR intervals, i.e. plot of
RR,,,, as a function of RR,. The significance of this plot is
that it is the two-dimensional reconstructed phase space, i.e.,
the projection of the system attractor that describes the
dynamics of the time series. Because an essential feature of
this analysis method is the shape of the plot, prior studies
have parameterized the shape to fit an ellipse oriented
according to the line-of-identity, e.g., for a first order plot,
RR,=RR,,,. A cigar-shaped plot along the principal diago-
nal (x=y) would reveal high autocorrelation within the time
series and a circular plot would reveal periodicity, e.g., the
Poincaré plot of a sine wave or a pendulum is a circle.
Because Poincaré plots are based on linear statistics®, they
do not capture the nonlinear temporal dynamics of the time
series.

[0014] Detrended fluctuation analysis (DFA) is a nonlin-
ear strategy employed in prior studies for gaining insight
into temporal dynamics and for mortality risk prediction by
measuring correlations within the RR time series. Typically,
the correlations are divided into short-term (a,, range
4=n<16) and long-term (c,, range 16<n<64) fluctuation
[0<0<0.5 indicates a large value is followed by a small value
and vice versa, 0.5<a<1.0 indicates a large value is likely to
be followed by a large value]. An a value of 0.5, 1.0, >1.0,
or >1.5 indicates white noise, 1/f noise, different kinds of
noise, or brown noise (integral of white noise), respectively.

[0015] Classical information theory, founded by Claude
Shannon has been widely utilized for the study of nonlinear
signals. Related to thermodynamic entropy, the information
entropy can be calculated for any probability distribution
(i.e,, occurrence of an event that had a probability of
occurring out of the space of possible events). The infor-
mation entropy quantifies the amount of information needed
to define the detailed microscopic state of a system, given its
macroscopic description, and can be converted into its
thermodynamic counterpart based on the Boltzmann distri-
bution. Recent experimental evidence supports this method
of conversion.

[0016] Shannon entropy (ShanEn) measures information
as the decrease of uncertainty at a receiver (or physiological
process). ShanEn of the line length distribution is defined as
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lmax
ShanEn = Z oy

bnin

[0017] where n, is the number of length 1 lines such that
Ny
=
X Ve
[0018] From a chemical thermodynamics perspective, the

reduced AG would be equal to the minimum number of
yes/no questions (using log,) that needed to be answered in
order to fully specify the microscopic state, given the
macroscopic state. An increase in Shannon entropy indicates
loss of information.

[0019] For clinical application to short and noisy time
series, another measure “approximate entropy” (ApEn) was
developed based on the Kolmogorov entropy, which is the
rate of generation of new information. ApEn examines time
series for similar epochs such that the presence of more
frequent and more similar epochs, i.e., a high degree of
regularity, lead to lower ApEn values.

[0020] A related method but much more accurate than
ShanEn or ApEn is Sample entropy (SampEn), which unlike
ApEn, does not count self-matches of templates, does not
employ a template-wise strategy for calculating probability
and is more reliable for shorter time series. SampEn is the
conditional probability that that two short templates of
length m that match within a tolerance r (where r=0.2x
standard deviation of the signal) will continue to match at
the next point m+1.

[0021] SampEn is calculated by first forming a set of
vectors u; of length m

U~RR,RR;, 1, -« Ry ), j=1,2, . . . N-mit1

[0022] where m represents the embedding dimension and
N is the number of measured RR intervals. The distance
between these vectors is defined as the maximum absolute
difference between the corresponding elements

d(u,)=max[|RR,, ,~RR;|[n=0, . . . ,m-1]
[0023] For each u,, the relative number of vectors w, for
which d(u,, u)sr is calculated as

_ mumber of [uy | du;, uy) <]

OE T iz

[0024] with values of C(r) ranging between 0 and 1.
Average of C(r) yields

1 N-m+1
C"(r) = c?
) N-m+1 — 7o)
and
Cm+1(r)

SampEn(m, r, N) = -In o
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[0025] Although the development of SampEn was a major
advancement in application of information theory to heart
rate dynamics, SampEn has a few significant limitations.
What is the optimal value of m? How does one pick r? The
usual suggestion is that m should be 1 or 2, noting that there
are more template matches and thus less bias for m=1, but
that m=2 reveals more of the dynamics of the data. The
convention has been that m=2 and r=0.2xstandard deviation
of the epoch, and these criteria were set on empirical
grounds.

[0026] The coeflicient of sample entropy (COSEn), an
optimized form of the SampEn measure, was originally
designed and developed at the University of Virginia using
m=1 for the specific purpose of discriminating atrial fibril-
lation from normal sinus rhythm (NSR) from surface ECGs
at all heart rates using very short time series of RR intervals,
ie., about 12 heart beats. As with ApEn and SampEn,
smaller values of COSEn indicate a greater likelihood that
similar patterns of RR fluctuation will be followed by
additional similar measurements. If the time series is highly
irregular, the occurrence of similar patterns will not be
predictive for the following RR fluctuations and the COSEn
value will be relatively large.

[0027] Using the same parameters [i.e., length of template
or embedding dimension (m)=1], COSEn was subsequently
optimized for analysis of intracardiac electrograms (EGMs)
and validated in the Johns Hopkins PROSe-ICD study,
requiring only 9 RR intervals before ICD shock to accu-
rately distinguish atrial fibrillation from lethal ventricular
arrhythmias and outperforming representative discrimina-
tion algorithms used in contemporary ICDs for therapy
(DeMazumder et al. Circulation Arrhythmia and Electro-
physiology, in press).

[0028] Because nonlinear metrics have better discrimina-
tion ability than other conventional methods and time-
varying physiological signals such as the cardiac rhythm
have been shown to reflect health and disease, it would
therefore be advantageous to provide a more accurate
method for nonlinearly quantifying the dynamics of the RR,
QT and other time-varying physiological signals for predic-
tion of health and mortality.

SUMMARY OF THE INVENTION

[0029] The foregoing needs are met, to a great extent, by
the present invention, wherein in one aspect a method of
nonlinearly determining health and mortality includes
obtaining a ventricular repolarization interval (QT) time
series from a subject for a temporal interval and obtaining a
ventricular activation interval (RR) time series from the
subject for the same temporal interval. The method includes
first, calculating entropy in the QT time series over the
temporal interval to determine health and mortality. The
method also includes calculating additional entropy values
over the same temporal interval for the RR and other
time-varying physiological signals such as the temperature,
blood pressure, respiration, saturation of peripheral oxygen,
intracardiac pressures and electroencephalogram time
series. Additionally, the method includes comparing the first
QT entropy with the entropy values of the other physiologi-
cal signals to determine health and mortality.

[0030] The absolute baseline entropy value provides infor-
mation regarding health and mortality risk. Moreover, rela-
tive changes in entropy over a subject’s follow up period
provide dynamic information regarding health and mortality
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risk. The determination of health and mortality can then be
used to create a treatment plan for the subject. The comput-
ing device can also include a comparison of the first QT
entropy with the other entropies to determine health and
mortality using the equations listed below.

[0031] The general form of the equation for calculating the
entropy from the time series of a physiological signal (Y) is:

EntropyXy(m, N, n, R) = (Equation 1)

Ciry)

+In(2 X ry)
Cplry) y

EntropyX,, = |-In

where the embedding dimension or template length (m)=z3,
the number of sampled intervals per bin of the time series
(N) 1s 220, the sufficient number of matches n=(N+5), r is
the calculated tolerance for a given N that satisfies the
specified n but without perfect matches, R represents the
specified precision of the data from which the initial value
of the tolerance r is designated for subsequent iterative
calculations, C;™(ry) represents the total number of matches
within r of length m in the Y time series, C,*'(r,) repre-
sents the total number of matches within r of length m+1 in
the Y time series, and EntropyX, represents the entropy of
the time series of another physiological signal such as the
QT, RR, temperature, blood pressure, respiration, intracar-
diac pressures, saturation of peripheral oxygen or electro-
encephalogram time series.

[0032] The value of r is an important factor for determin-
ing the underlying dynamics of a segment of intervals. If r
is too small (i.e., smaller than the typical noise amplitude),
then a group of m intervals that are similar shall fail to
match. However, if r is too large, there will be a loss in
discriminating power simply because the group of intervals
will look similar to one another given sufficiently lax match-
ing conditions. The ideal condition would be to vary r with
the scale of signal noise such that r is as small as possible for
searching for order in the dynamics while ensuring the
number of matches remains large enough to ensure precise
statistics. This is analogous to varying the bin widths of a
histogram to optimally describe its distribution. Therefore,
the calculation of equation 1 requires the following addi-
tional steps.

[0033] First, the iterative calculation of the tolerance (r)
for each bin of time series data (N) is determined by first
calculating the initial value of r by the equation:

r=Rx[k+0.5] (Equaticn 2)

where k=N+R (k is rounded to next lowest integer) and the
value of R is specified based on resolution of the time series
data, e.g., values of R typically range between 1 and 5 for
routine surface ECG measurements, values of R are typi-
cally =1 for intracardiac EGM recordings, and values of R
may be =5 for noisy or interpolated ECG data.

[0034] For each iteration of Cj’"“(r), r is allowed to vary
such that a sufficient number of matches [denoted by
n=(N+5)] are found, albeit without using larger values of r
than necessary for confident entropy estimation.

[0035] For example, if the value of r is too small to find
sufficient matches, i.e., C"*'(r)<n, then

k=k+x (Equaticn 3)
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for calculation of a new value for r using equation 2 where
X is a constant positive integer that is specified at the onset
of the analysis based on the precision and scale of the
acquired signal (e.g., x=0.5 for the typical RR time series),
followed by reiteration of Cj"”l(r).

[0036] However, if the value of r is too large, i.e., C"*!
(r)=C™, then

RRmax - RRmirL
R

. (Equation 4)

for calculation of a new value for r using equation 2,
followed by reiteration of Cj'"“(r). When C"™*!(r)=n and
C™'(r) C", then the negative natural logarithm of the
calculated conditional probability [ie., C™'(r)=C™()]
divided by the matching region area (2xr), i.e., -In [{C™*"
(©)=+C" (1)} +(2x0)]==In {C™* (1)+C™(r)} +In(2xr), is defined
as EntropyX, for a single physiological signal (i.e.,
EntropyX ,=0).

[0037] For example, when the entropy of the QT interval
is not compared to that of another signal, i.e., EntropyX =0,
the equation for calculating the entropy of the QT interval
time series is:

c’é’;l (ro) (Equation 5)

Corlror)

EmropyXQT(m, N,n, R) =|-In +1n(2 X rgr)

Similarly, when the entropy of the RR interval is not
compared to another signal, the equation for calculating the
entropy of the RR interval time series is:

Crttlror) (Bquation 6)

Cirlror)

EntropyXpp(m, N, n, R) =|-In +1n(2 X rgg)

As with ApEn and SampEn, smaller values of EntropyX.,
indicate a greater likelihood that similar patterns of mea-
surements will be followed by additional similar measure-
ments. If the time series is highly irregular, the occurrence
of similar patterns will not be predictive for the following
measurements and the EntropyX,. value will be relatively
large.

[0038] For comparing the degree of dissimilarity in the
dynamics of two time series, o. and Y, each consisting of N
number of intervals:

EntropyX,y,(ma, my, ¥a, ry, N, 0, Ra, Ry) = (Equation 7)

™ (ry) ™ (ry)
Cn(ry) Cmiry)

~In +1n(2% )| = |-In +1In(2%ry)

EntropyX,y,(Ma, My, Fa, ry, N, 0, Ra, Ry) = (Equation 8)
) O o)
Cn(rg) Cn(ry)

+1n[ry +r5]

For nonlinear comparison of the dynamics of the Y time
series consisting of N number of intervals with the dynamics
of the time series of another physiological signal (o) also
consisting of N number of intervals, each time series is first
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normalized over its respective range of values and then,
Cy(ry) 1s defined as the total number of matches in the Y
time series within r,, of templates formed in the o time series
within r,, of length m, C,,"**(ry) is defined as the total
number of matches in the Y time series within r,of templates
formed in the o time series within r, of length m+1,
C.y (r,) is defined as the total number of matches in the o
time series within r,, of templates formed in the Y time series
within r, of length m, and C_,”**(r,,) is defined as the total
number of matches in the o time series within r, of
templates formed in the Y time series within r, of length
m+1.

"™ (rp) Equation 9

Cn(ry)

EntropyX,y;(mq, my, ro, ry, N, i, Re, Ry) = —In

C™1(ry) (Equation 10)
CM(re)

EntropyX,ys(ma, my, ra, ry, N, 1, Ro, Ry) = -In

EntropyX,ys(ma, my, ra, ¥y, N, 1, Re, (Equation 11)

[ C’"“(ry)] [ ™ (ra)
_ln —|=

Rv) =
v Cn(ra) Cmiry)

} =1nry +rq]

[0039] The treatment plan created can include monitoring
the subject’s cardiac rhythms and other time-varying physi-
ological signals, including but not limited to the QT interval,
RR interval, temperature, blood pressure, respiration, satu-
ration of peripheral oxygen, intracardiac pressures, and
electroencephalogram. The subject can further be one
selected from the group consisting of humans, primates,
dogs, guinea pigs, rabbits, horses, cats, fruit flies and other
organisms.

BRIEF DESCRIPTION OF THE DRAWINGS

[0040] The accompanying drawings provide visual repre-
sentations, which will be used to more fully describe the
representative embodiments disclosed herein and can be
used by those skilled in the art to better understand them and
their inherent advantages. In these drawings, like reference
numerals identify corresponding elements and:

[0041] FIG. 1A illustrates fractal temporal processes of a
healthy RR interval time series according to an embodiment
of the present invention; FIG. 1B illustrates wavelet analysis
of healthy RR time series of >1500 beats (x-axis is time,
y-axis is wavelet scale (5 to 300 secs) according to an
embodiment of the present invention; FIG. 1C illustrates the
wavelet amplitudes according to an embodiment of the
present invention.

[0042] FIGS. 2, 3, and 4 illustrate a time series of RR and
QT intervals for heart failure patients alive after 37, 56, 88
months, respectively, of follow up, according to an embodi-
ment of the present invention. For each figure, the time
series in the top panel was divided into ten bins, each bin
consisting of 30 consecutive intervals, and the first two bins
are shown in the middle panel; the bottom panel shows a
phase plot for the RR and QT interval time series and
corresponding plots of the mutual information and total
correlation between the RR and QT time series, according to
an embodiment of the present invention.

[0043] FIGS. 5 and 6 illustrate a time series of RR and QT
for patients who died from septic shock after 84 and 53
months of follow-up, respectively according to an embodi-
ment of the present invention. For each figure, the time
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series in the top panel was divided into ten bins, each bin
consisting of 30 consecutive intervals, and the first two bins
are shown in the middle panel; the bottom panel shows a
phase plot for the RR and QT interval time series and
corresponding plots of the mutual information and total
correlation between the RR and QT time series, according to
an embodiment of the present invention.

[0044] FIG. 7 illustrates a three dimensional plot of the
adjusted hazard ratios of EntropyX,, (also referred to as
EntropyX, or EnX,)) in heart failure patients (N=851) for
association with sudden cardiac death (N=149) as a function
of the embedding dimension (m) and the number of intervals
in each bin or bin width (w); the peak hazard ratio occurred
at around m=4 and w=40 according to an embodiment of the
present invention. After normalization of all continuous
variables, the hazard ratios of EntropyX, was adjusted for
demographics (age at implant, gender, race), medical history
(history of paroxysmal atrial fibrillation, smoking, hyper-
tension, diabetes mellitus, ischemic cardiomyopathy), clini-
cal exam (body mass index, NYHA class, mean arterial
pressure), prescribed medications (aspirin, beta blocker,
ACE inhibitor and/or ARB, aldosterone antagonist, statin,
antiarrhythmics, loop diuretics), laboratory results (Na, K,
BUN), biomarkers (hsCRP, proBNP), left ventricular ejec-
tion fraction, and linear ECG analyses (heart rate, percent
premature ventricular contractions, heart rate variability,
heart rate frequency domain analysis of LF:HF ratio, QT-
heart rate coherence, and QT variability index), according to
an embodiment of the present invention. From these sensi-
tivity analyses in heart failure patients, the optimal m, N, n
and R were determined to 4, 40, §, and 1, respectively,
according to an embodiment of the present invention.

[0045] FIG. 8 Effect of EntropyX,,, (also referred to as
EntropyX,, or EnX,,) by quintiles on incrementally adjusted
proportional hazards ratio in models 1-4 in the Johns Hop-
kins PROSe ICD study, according to an embodiment of the
present invention.

[0046] FIG. 9 Multivariate-adjusted hazard ratios from
EntropyX - (also referred 1o as EntropyX, or EnX,) in the
Johns Hopkins PROSe ICD study for association with
sudden cardiac death and all-cause mortality, according to an
embodiment of the present invention.

[0047] FIG. 10 Table of risk prediction improvement with
EntropyX ;. (also referred to as EntropyX,, or EnX,) in the
Johns Hopkins PROSe ICD study, according to an embodi-
ment of the present invention.

[0048] FIG. 11 Table of patient and ECG characteristics by
quintiles of EntropyX,,, (also referred to as EntropyX, or
EnX,) in the Johns Hopkins PROSe ICD study, according to
an embodiment of the present invention.

[0049] FIG. 12 Table of patient and ECG characteristics
by events in the Johns Hopkins PROSe ICD study, according
to an embodiment of the present invention.

[0050] FIG. 13 Comparison of receiver operating charac-
teristic (ROC) curves between base and enhanced models in
the Johns Hopkins PROSe ICD study, according to an
embodiment of the present invention.

[0051] FIG. 14 Plots of stages of sleep, heart rate vari-
ability (SDNN_msec), EntropyX 5 (also referred to as RR
entropy), frequency domain analyses of low frequency
power (LFPow), high frequency power (HFPow) and per-
cent low frequency power (% LF) in the Sleep Heart Health
Study. according to an embodiment of the present invention.
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[0052] FIG. 15 Plots of QT wvariability index (QTVI),
EntropyX ;- (also refetred to as EntropyX,, or EnX,), Bazett
heart rate corrected QT interval (QTc), QT:RR correlation
coeflicient (QTRR r2), mean QT:RR coherence, and Entro-
pyXzzor (also referred to as EntropyX,; or EnX,) in the
Sleep Heart Health Study, according to an embodiment of
the present invention.

DETAILED DESCRIPTION

[0053] The presently disclosed subject matter now will be
described more fully hereinafter with reference to the
accompanying Drawings, in which some, but not all
embodiments of the inventions are shown. Like numbers
refer to like elements throughout. The presently disclosed
subject matter may be embodied in many different forms and
should not be construed as limited to the embodiments set
forth herein,; rather, these embodiments are provided so that
this disclosure will satisfy applicable legal requirements.
Indeed, many modifications and other embodiments of the
presently disclosed subject matter set forth herein will come
to mind to one skilled in the art to which the presently
disclosed subject matter pertains having the benefit of the
teachings presented in the foregoing descriptions and the
associated Drawings. Therefore, it is to be understood that
the presently disclosed subject matter is not to be limited to
the specific embodiments disclosed and that modifications
and other embodiments are intended to be included within
the scope of the appended claims.

[0054] In accordance with an aspect of the present inven-
tion, a device and a method allows for the nonlinear assess-
ment of health and mortality. In order to nonlinearly deter-
mine health and mortality, a ventricular repolarization
interval (QT) time series from a subject is obtained for a
temporal interval and a ventricular activation interval (RR)
time series is obtained from the subject for the same tem-
poral interval. The method includes first, calculating entropy
in the QT time series over the temporal interval to determine
health and mortality. The method also includes calculating
additional entropy values over the same temporal interval
for the RR and other time-varying physiological signals such
as the temperature, blood pressure, respiration, saturation of
peripheral oxygen, intracardiac pressures and electroen-
cephalogram time series. Additionally, the method includes
comparing the first QT entropy with the entropy values of
the other physiological signals to determine health and
mortality.

[0055] The present invention uses a calculation referred to
herein as EntropyX, in order to nonlinearly determine health
and mortality. EntropyX accounts for the dynamics of car-
diac repolarization, i.e., the QT interval time series, accounts
for the dynamics of ventricular activation, i.e., the RR
interval time series, and accounts for the dynamics of other
time-varying physiological signals. Further optimization to
account for the degree of coupling and shared information
between QT and other time-varying physiological signals
including RR intervals has led to the development of several
variants of EntropyX (i.e., equations 1-11) as well as com-
parisons between the different time series based on mutual
information, total correlation and Kullback-Leibler diver-
gence (also known as relative entropy) and cross entropy
using varying degrees of tolerance for matching. For the
latter, templates from the time series of one physiological
signal are matched to the time series of another physiologi-
cal signal, and vice versa.
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[0056] The variant of EntropyX involving mutual infor-
mation nonlinearly quantifies the range of the probability
density function (i.e., reduction in uncertainty) of the QT
interval time series based on knowledge of the RR interval
time series. Examples of various degrees of coupling infor-
mation are shown in FIGS. 2-6.

[0057] EntropyX is conceptually simple, computationally
straightforward and easily applicable in implantable devices,
ambulatory settings and telemetry monitors. Novel features
of EntropyX include nonlinear quantification of the dynam-
ics of cardiac repolarization while ensuring confident prob-
ability estimates and interpreting quadratic entropy rate as a
measure of Gaussian white noise, nonlinear quantification of
the dynamics of cardiac repolarization in relation to the
dynamics of other time varying physiological signals (e.g.,
accounting for hysteresis independent of any phase varying
relationships between QT and RR intervals), and quantify-
ing the degree of coupling and shared information between
cardiac repolarization, ventricular activation and other
physiological signals.

[0058] Unlike prior strategies such as SampEn or ApEn,
EntropyX 1is insensitive to both the degree of tolerance
allowed for matching templates and to the presence of
outlying points. Unlike ApEn, frequency domain measures
or geometric measures such as Poincaré plots, EntropyX is
accurate in short time series. EntropyX is distinct from
COSEn in the following ways:

[0059] 1. EntropyX was optimized specifically for pre-
dicting mortality risk whereas COSEn was designed
specifically for detection of atrial fibrillation

[0060] 2. EntropyX uses a higher embedding dimension
or template length (m)=3 whereas COSEn is defined
using m=1

[0061] 3. COSEn was optimized to use very short
records of RR intervals (i.e., N<12 intervals), but
EntropyX was optimized for analysis of a higher num-
ber of sampled intervals (i.e., N=20 intervals)

[0062] 4. Whereas COSEn is normalized for the match-
ing volume [i.e., for tolerance r and template length m,
the matching volume is (2xr)™], but EntropyX is nor-
malized for the matching area, i.e., (2xr).

[0063] 5. Whereas the calculation of COSEn requires
normalizing of the sample entropy for the heart rate,
EntropyX does not require this normalization and func-
tions independent of the heart rate information.

[0064] 6. Whereas COSEn was designed specifically for
analysis of RR intervals, EntropyX is not limited to
analysis of the RR intervals and was optimized for
quantifying the dynamics of the QT interval, respira-
tion, blood pressure, temperature, intracardiac pres-
sures, saturation of peripheral oxygen, and electroen-
cephalogram time series.

[0065] Merely by way of example and not intended to be
considered limiting, to illustrate how the algorithm works,
suppose that for FIGS. 2-6, the sequence of 30 interval
samples (i.e., N=30) for the RR and QT intervals shown in
the two bins of the middle panel, of average quality record-
ing at adequate sampling rate (i.e., R=1), the minimum
number of matches is designated as n=15, and the template,
m=3. The error bars represent the tolerance r.

[0066] In FIG. 2, the bin on the left of the middle panel,
the number of matches in the QT interval at m=3 is 230 and
at m=4 is 204, and the optimal value of r for n=15 is 2.5
msec. Thus, using equation 5,
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1204 In(2%x2.5
—nm+ n(2x2.5)

= —In(0.89) + In(5)

EntropyXor =
=173
Similarly, using equation 6,

1 s +In(2x12.5
n111 n( 5)

= _In(0.84) + In(25)

EntropyXpp =

=340

and using equation 7,

EntropyXgzor=EntropyXgg—EntropyX,,=3.40-1.
73=1.67

In the bin on the right of the middle panel, the number of
matches in the QT interval at m=3 is 173 and at m=4 is 197,
and the optimal value of r for n=15 is 2.5 msec. Thus,

173
EntropyXor = [_ln19_7 + ln(2><2.5)]

= —In(0.88) +1n(5)
=174

114
EntropyXpg = —lnﬁ +1n(2x 12.5)]

= —In(0.76) + In(25)
=349

EntropyXggor) = EntropyXgg — EntropyXyr
=349-1.74
=175

In FIG. 3, the bin on the left of the middle panel, the number
of matches in the QT interval at m=3 is 44 and at m=4 is 67,
and the optimal value of r for n=15 is 2.5 msec. Thus,

a4
EntropyXyr = [—lna + 1n(2><2.5)]

= —1n(0.66) +In(3)
=203

177
EntropyXp, = —lnz‘—39 +In(2x7.5)

= ~1n(0.85) + In(15)
=287

EntropyXgror) = EntropyXgg — EntropyX,r
=2.87-2.03
=0.84

In the bin on the right of the middle panel, the number of
matches in the QT interval at m=3 is 332 and at m=4 is 336,
and the optimal value of r for n=15 is 2.5 msec. Thus,
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332
EntropyXpr = —ln% + 1n(2><2.5)]
= —In(0.99) + In(5)
=1.62

164
EntropyXpg = —lnﬁ +1n(2x7.5)

= —1n(0.83) + In(15)
=289

EntropyXRRQT1 = EntropyX g, — EntropyX
=2.89-1.62
=127

In FIG. 4, the bin on the left of the middle panel, the number
of matches in the QT interval at m=3 is 69 and at m=4 is 88,
and the optimal value of r for n=15 is 2.5 msec. Thus,

69
EntropyXyr = —ln@ + 1n(2><2.5)]

= —1n(0.78) + In(3)
=185

295
EntropyXp, = —Inﬁ +1n(2x7.5)
= =In(0.98) + In(15)

=273

EntropyXggor) = EntropyXgg — EntropyX,yr
=273-1.85
=0.88

In the bin on the right of the middle panel, the number of
matches in the QT interval at m=3 is 199 and at m=4 is 225,
and the optimal value of r for n=15 is 2.5 msec. Thus,

—In— 2%2.
1n225+1n( x2.5)

= —In(0.88) + In(3)
=173

199
EntropyXyr = ]

1n244 In(2%7.5
- m+n(x.)

= —1n(0.91) + In(15)
=281

EntropyXg, =

EntropyXggor, = EntropyXgg — EntropyX,r
=281-1.73
=107

In FIG. 5, the bin on the left of the middle panel, the number
of matches in the QT interval at m=3 is 42 and at m=4 is 74,
and the optimal value of r for n=15 is 2.5 msec. Thus,
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42
EntropyXpr = —lnﬂ +1n(2 ><7.5)]
=-1n(0.57) +In(15)
=327

136
EntropyXpg = —lnm +1n(2x 12.5)]

= —1n(0.79) + In(25)
=346

EntropyX, RROTI = EntropyXge — EntropyX
=346-327
=0.19

In the bin on the right of the middle panel, the number of
matches in the QT interval at m=3 is 118 and at m=4 is 158,
and the optimal value of r for n=15 is 12.5 msec. Thus,

L “><125]
—nﬁ n(2 .5)

= —In(0.75) +1n(25)
=351

EntropyXyr =

30
EntropyXpg = —ln% + 1n(2><7.5)]
=-In(0.54) + In(15)
=333

EntropyXgror) = EntropyXgg — EntropyX,r
=3.33-351
=-0.18

In FIG. 6, the bin on the left of the middle panel, the number
of matches in the QT interval at m=3 is 108 and at m=4 is
137, and the optimal value of r for n=15 is 7.5 msec. Thus,

108
EntropyXpr = —lnm + ln(2><7.5)]

= —In(0.57) +1n(15)
=2.95

39
EntropyXgg = —lnﬁ +In(2x27.5)
= —In(0.66) + In(55)
=442

EntropyXgpor) = EntropyXgg — EntropyX,r
=442-295
=148

In the bin on the right of the middle panel, the number of
matches in the QT interval at m=3 is 134 and at m=4 is 166,
and the optimal value of r for n=15 is 7.5 msec. Thus,
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134
EntropyXpr = —ln% + 1n(2><7.5)]

= In(0.75) + In(15)
=29

35
EntropyXpg = —lng +1n(2 x27.5)

= —1n(0.54) + In(55)
=463

EntropyXggor, = EntropyXgg — EntropyX,r
=4.63-2.92
=170

[0067] In addition to the equations listed above for calcu-
lating EntropyX, at least one metric for health and mortality
selected from a group consisting of recurrence plot analyses,
correlation dimension, fractal complexity, cross correlation
and mutual information can also be used on the QT interval
time series and other time varying physiological signals. The
method can further include determining a treatment plan for
the subject using a result of the equation.

[0068] The correlation dimension measures the complex-
ity or “strangeness” of a time series, often referred to as a
type of fractal dimension, and provides information on the
minimum number of dynamic variables needed to model the
underlying system. The distance function of the correlation
dimension is defined as

n

[oE]

u;=

[ (D) — o (D]

1

The correlation dimension D, is defined by

D =lim Ii
20m) rggNlil:o log r

[0069] The value of D, can be approximated by the slope
from the linear part of the regression curve of log C"(r) and
log r. With increasing values of m (i.e., m=10), D, reaches
a finite saturating value.

[0070] The fractal complexity of a time series can also be
analyzed by the Recurrence plot, using vectors

U=RR,RR; - - - RR;y gy j=L2, . . . N=(m+1)0

[0071] where m is the embedding dimension and r is the
embedding lag. The vectors u; then represent the RR interval
time series as a ftrajectory in m dimensional space. A
recurrence plot is a symmetrical [N-(m+1)xt]x[N-(m+1)x
T] matrix of zeros and ones. The element in the j’th row and
k’th column of the RP matrix, i.e. RP(j, k)=1 if the point u,
on the trajectory is close to point u,.

L duj,m)=r

RP(j, k) ={

0 otherwise
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where d(u,u,) is the Buclidean distance and r is a fixed
threshold. The structure of the RP matrix usually shows
short line segments of ones parallel to the main diagonal.
[0072] The lengths of these diagonal lines describe the
duration of which the two points are close to each other, and
are directly related to the ratio of determinism or predict-
ability inherent to the system.

[0073] The recurrence rate quantifies the RP matrix by a
ratio of ones and zeroes in the RP matrix and calculated
using m=10, t=1, and r=ymxSD (where SD is the standard
deviation of the interval time series).

1 N-m+1
R te = — RP(j, k
ecurrence rate Nomal jkzzll (j, k)

[0074] Other RP measures include lengths of the diagonal
lines, using a threshold (1, =2) to exclude the diagonal lines
formed by tangential motion of the trajectory. The diver-
gence is the inverse of the maximum line length, and
correlates with the largest positive Lyapunov exponent.
[0075] Suppose that the states at times j and k are neigh-
bouring, i.e., RP(j, k)=1, and if the system behaves predict-
ably, similar situations will lead to a similar future, i.e. that
the probability for RP(j+1, k+1)=1 will be high.

[0076] For perfectly predictable systems (e.g., sine func-
tion), the diagonal lines will be infinitely long. In contrast,
stochastic systems will have a small probability for RP(j+1,
k+1)=1 and the RP will have only single points or short
lines. Chaotic systems will initially have exponentially
diverging neighbouring states. A faster divergence rate will
have a higher Lyapunov exponent and shorter diagonals.
[0077] It should be noted that the calculations discussed
above can be completed and the resultant metrics used to
assess a subject’s risk of mortality and morbidity. In this
context the subject can be a human or non-human subject.
Resultant metrics classified as being in a high risk group can
then be identified by a physician, nurse, technician, or other
patient care specialist, and the patient’s treatment protocol
can be adjusted accordingly. In many cases, the subject can
be monitored more closely in order to detect any potentially
life threatening episodes. Alternately, mitigating treatment
or medication can also be given to the patient.

[0078] Examples of individual patients tested and moni-
tored are included in FIGS. 2-6. Examples of summary
results are included in FIGS. 8-15. These examples are
included merely to illustrate the invention and are not meant
to be considered limiting. The above described invention can
be used in any way known to or conceivable by one of skill
in the art.

[0079] FIGS. 8-13 illustrate a summary of preliminary
results from heart failure patients in the Johns Hopkins
PROSe ICD study in which EntropyX,,, was calculated
from a 5 minute ECG collected at baseline. It should be
noted that EntropyX,,, is among the most accurate indica-
tors of mortality in the patients studied. EntropyX,; was
independently predictive of outcome above and beyond a
comprehensive set of conventional predictors. EntropyX ;-
had the same predictive value regardless of age, gender,
race, ischemic cardiomyopathy or nonischemic cardiomyo-
pathy, absence or presence of established risk factors and
MRI parameters, including ejection fraction, left ventricular
end diastolic pressure, and degree of fibrosis. This is the first
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report showing higher entropy of cardiac repolarization is
strongly and independently associated with SCD and all-
cause mortality.

[0080] FIGS. 14-15 illustrate a summary of preliminary
results from normal human subjects in the Sleep Heart
Health Study. The plots show continuous overnight moni-
toring results for stages of sleep, heart rate variability
(SDNN_msec), EntropyXgz (also referred to as RR
entropy), frequency domain analyses of low frequency
power (LFPow), high frequency power (HFPow) and per-
cent low frequency power (% LF). These results demon-
sirate that EntropyX s, EntropyXy,; and EntropyXgromn
measure physiological changes that are distinct from each
other and from conventional measures of variability. Fur-
thermore, the values of EntropyX - in these normal subjects
are significantly lower than those in heart failure patients in
the PROSe ICD study.

[0081] The many features and advantages of the invention
are apparent from the detailed specification, and thus, it is
intended by the appended claims to cover all such features
and advantages of the invention which fall within the true
spirit and scope of the invention. Further, since numerous
modifications and variations will readily occur to those
skilled in the art, it is not desired to limit the invention to the
exact construction and operation illustrated and described,
and accordingly, all suitable modifications and equivalents
may be resorted to, falling within the scope of the invention.

What is claimed is:

1. A method of nonlinearly determining health and mor-
tality for a subject comprising:

obtaining one or more series of time intervals of cardiac

repolarization (QT) for the subject;

calculating QT entropy for the subject using an EntropyX

dynamic nonlinear analysis method; and

producing an output to a medical care provider to predict

a patient’s clinical prognosis.

2. The method of claim 1 further comprising:

obtaining other time-varying physiological data from the

subject;

calculating the entropy for each physiological time series

for the subject using an EntropyX dynamic nonlinear
analysis method;

comparing the QT entropy with the entropies of the other

physiological time series; and

producing an output to a medical care provider to predict

a patient’s clinical prognosis.

3. The method of claim 2 wherein the time-varying
physiological data further comprises one chosen from a
group consisting of RR interval, temperature, blood pres-
sure, respiration, saturation of peripheral oxygen, intracar-
diac pressures and electroencephalogram.

4. The method of claim 2 further comprising simultane-
ously obtaining the time series of QT intervals, RR intervals
and other physiological data.

5. The method of claim 4 wherein the physiological data
are gathered using one selected from a group consisting of
surface electrocardiogram, telemetry monitor, intracardiac
EGM waveforms, or other electronic technology.

6. The method of claim 1 further comprising grouping the
series of intervals into a plurality of subsets of the series of
intervals wherein each subset consists of 20 or more inter-
vals.
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7. The method of claim 1 further comprising determining
numbers of matching intervals within each segment and
using a regression model to combine the numbers of match-
ing intervals.

8. The method of claim 1 further comprising, using
moment statistics as well as an additional method of non-
linear analysis including but not limited to recurrence plot
analyses, correlation dimension, fractal complexity, cross
entropy, mutual information and cross correlation.

9. The method of claim 1 further comprising averaging
entropy data from each of the plurality of the subsets of the
series of intervals.

10. The method of claim 2 further comprising calculating
absolute RR interval entropy.

11. The method of claim 1 further comprising calculating
absolute QT interval entropy.

12. The method of claim 2 further comprising calculating
absolute entropy values of other physiological signals.

13. The method of claim 2 further comprising calculating
a relative QT interval entropy based on comparison to the
corresponding entropy of another physiological signal (e.g.,
RR interval), and by matching the interval data from the
physiological signal to the QT interval data within the same
time series.

14. The method of claim 2 further comprising calculating
changes in relative QT interval entropy over a time scale
ranging from seconds to years.

15. The method of claim 1 further comprising calculating
changes in absolute QT entropy over a time scale ranging
from seconds to years.

16. The method of claim 2 further comprising calculating
changes in absolute EntropyXz, (also referred to as RR
entropy) over a time scale ranging from seconds to years.

17. The method of claim 2 further comprising calculating
changes in entropy of other physiological signals over a time
scale ranging from seconds to years.

18. The method of claim 2 further comprising calculating
EntropyX by comparing the relative QT interval entropy
with the relative entropy of another physiological signal
(e.g., RR interval) over a time scale ranging from seconds to
days.

19. The method of claim 1 further comprising calculating
changes in EntropyX over a time scale ranging from seconds
to years.

20. The method of claim 1 further comprising generating
a risk score based on one or more of the above results.

21. The method of claim 1 further comprising calculating
the entropy of the QT interval, entropy of the RR interval
and the entropies of other physiological signals with an
equation comprising one selected from the group consisting
of

ooy
EntropyXy(m, N, n, R) = EntropyX, —|-In— +In(2xry)|,
CYlry)
Cm+l(r )
QT VOT
EntropyX,r(m, N, 1, R) = |=In +In(2 X ro7)|, and
pyXpr( ) [ Chrtror) ( oT
s,
EntropyXge(m, N, n, R) = [—ln 'ff (ror) +1In(2 X rgg)|.
CRrlrgr)

22. The method of claim 2 further comprise nonlinearly
comparing the dynamics of two or more time series of
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different physiological data consisting of N number of
intervals with an equation comprising one selected from the
group consisting of:

EmropyXa“(ma, my, ra, ry, N, i, Ra, Ry) =

Cm+1 (ra)
C"(ra)

+In(2 Xrg) +1n(2 X ry)|,

~In

[ | " iry)
Rezon

EntropyX y,(Ma, my, ra, ry, N, n, Ra, Ry) =

") CMy)

_ — +1 .
Gl WGy Tl el

Cnﬂ(ra)
EntropyX,y3(mq, my, ¥a, 1y, N, n, Ry, Ry) ==In ,
C™(ry)
EntropyX, N, n, Ry, Ry) <)
L =ln——~,
Hiropy. ay4(maamYa Ya, ¥y, IV, 1, fg, Ry n ) ; an

EntropyXeys(mq, my, ra, 1y, N, i, Ro, Ry) =

[ C'"“(ry)} [ " (ra)
—In —|-In

) ) +1nfry +1r,].

23. The method of claim 1 wherein the subject further
comprising one selected from the group consisting of
humans, primates, dogs, horses, guinea pigs, cats, fruit flies,
and other organisms.

24. The method of claim 1 further comprising using one
selected from a group consisting of a computer, a computer
readable medium, a server, a processing device, a cellular
phone, and a tablet computing device.

#* #* * #* *
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