US009008762B2

(12) United States Patent

(10) Patent No.:
US 9,008,762 B2
(45) Date of Patent:
Apr. 14, 2015

Brockway et al.
(54) METHOD AND APPARATUS FOR

(52) U.S. CI.

IDENTIFYING CARDIAC RISK

CPC ................. A61B 5/0452 (2013.01); A61B 7/00

(71) Applicant: VivaQuant LLC, St. Paul, MN (US)

(2013.01); A61B 5/0006 (2013.01); A61B
5/0245 (2013.01); A61B 5/04017 (2013.01);
A61B 5/04087 (2013.01); G06F 17/14

(72) Inventors: Brian
MarinaBrockwav.
Brockway,St.St.Paul.
Paul,MNMN(US(US);

wº º .U1);
º% º
.U1);

rian Brockway, St. Paul, MN (US)

73) Assignee: Vi

(73) Assignee: VivaQuan
-

(*) Notice:

G06F 19/3431 (2013.01); A61B 5/7253

t LLC, St. Paul, MN (US

-

, St. Paul, MN (US)

-

-

-

-

None

Subject to any disclaimer, the term of this

patent is extended or adjusted under 35

- .-

(56)

References Cited

(21) Appl. No.: 14/305,927
31, 21.

|U.S. PATENT DOCUMENTS
5,090,418 A

Jun. 16, 2014
Prior Publication Data

|US 2014/029672.6 A1

-

See application file for complete search history.

U.S.C. 154(b) by 0 days.

(22) Filed:
(65)

(2013.01)

(58) Field of Classification Search

2/1992 Squires et al.

5,521,851 A

Oct. 2, 2014

5/1996 Wei et al.
(Continued)

FOREIGN PATENT DOCUMENTS
WO

Related U.S. Application Data
(63) Continuation-in-part of application No. 14/230,439,
filed on Mar. 31, 2014, which is a continuation of

2013/043157 A2

3/2013

OTHER PUBLICATIONS
G.-J. Jang, T.-W. Lee and Y-H Oh, “Single-Channel Signal Separa
tion Using Time-Domain Basis Functions.” IEEE Signal Processing

application No. 13/668,898, filed on Nov. 5, 2012, now

Letters, vol. 10, No. 6, pp. 168-171 (Jun. 2003).

Pat. No. 8,688,202, which is a continuation-in-part of

(Continued)

application No. PCT/US2011/052371, filed on Sep.

-

20, 2011, and a continuation-in-part of application No.
12/938,995,

Primary Examiner – Brian T Gedeon
(74) Attorney, Agent, or Firm – Crawford Maunu PLLC

(Continued)

(57)

ABSTRACT

A cardiac-based metric is computed based upon characteris
tics of a subject’s cardiac function. In accordance with one or

(51) Int. Cl.
A6 HB 5/04
A6 HB 5/0452
A6 IB 7/00
A6 HB 5/06)
A6 HB 5/0245

(2006.01)
(2006.01)
(2006.01)
(2006.01)
(2006.01)

more embodiments, the end of a mechanical systole is iden
tified for each of a plurality of cardiac cycles of a subject,
based upon an acoustical vibration associated with closure of
an aortic valve during the cardiac cycle. The end of an elec
trical systole of an electrocardiogram (ECG) signal for each

A6 HB 5/0408
G06F H 7/14
G{}6K 9/00

(2006 oi)
(2006. 01)

cardiac cycle is also identified. A cardiac-based metric is
computed, based upon a time difference between the end of

(2006 oi)

the electrical systole and the end of the mechanical systole,

H03H H 7/02

(2006. 01)

for the respective cardiac cycles.

G06F H 9/00

(2011.01)

20 Claims, 19 Drawing Sheets
* - ?º
-----

--3 #}

r
Mechanical
* systole dº?e
---

^.

;
:
:

---

*

r

:

...)

§§§ {c

?ºcessor
2-126

2-------------------N

---

`--

Electical systole
?été:Or,

S-'

|

{

:

^—--"

US 9,008,762 B2
Page 3
(56)

References Cited
OTHER PUBLICATIONS

X. Li, X. Yao, J. Fox, and J. Jefferys, “Interaction Dynamics of
Neuronal Oscillations Analysed Using Wavelet Transforms,” Journal
of Neuroscience Methods 160, pp. 178-185 (2007).
R Schimpf, Ch Antzelevitch, D Haghi, C Giustetto, A Pizzuti, F
Gaita, Ch Veltmann, Ch Wolper(and M Borggrefe. Electromechani
cal coupling in patients with the short QT syndrome. Further insights
into the mechanoelectrical hypothesis of the U wave. Heart Rhythm.
Feb. 2008; 5(2): 241–245.
Sarkar S, Ritscher D, Mehra R. A detector for a chronic implantable
atrial tachyarrhythmia monitor. IEEE Trans Biomed Eng. Mar.
2008:55(3):1219–24.
M. Malik, K. Hnatkova, T. Novotny, G Schmidt Subject-specific
profiles of QT/RR hysteresis. Am J Physiol Heart Circ Physiol
295:H2356-H2363, 2008.

Akturk, A. and Goldsman, N. (2008) “Electron transport and full
band electron phonon interactions in graphene” J. of Applied Physics
103.

S. Paredes, T. Rocha, P. de Carvalho, and J. Henriques, “Atrial Activ
ity Detection through a Sparse Decomposition Technique,” vol. 2, pp.
358-362, 2008 International Conference on BioMedical Engineering
and Informatics, 2008.
R. Sameni, C. Jutten and M. Shamsollahi, “Multichannel Electrocar

diogram Decomposition Using Periodic Component Analysis.” IEEE
Transactions on Biomedical Engineering, vol. 55, No. 8, pp. 1935
1940 (Aug. 2008).
O. Adeyemi, et al., “QA interval as an indirect measure of cardiac
contractility in the conscious telemeterised rat: Model optimisation
and evaluation,” Journal of Pharmacological and Toxicological
Methods. 60, pp. 159-166 (2009).
H. Li, R. Li, F. Wang. Multiresolution Subband Blind Source Sepa
ration: Models and Methods. Journal of Computers, vol. 4, No. 7
(2009), 681-688.
Afonso, VX.; Tompkins, W.J.; Detecting ventricular fibrillation.
IEEE Engineering in Medicine and Biology Magazine, vol. 14 ,
Issue: 2, pp. 152-159.

M. Brockway and R Hamlin, “Evaluation of an algorithm for highly
automated measurements of QT interval,” Journal of Pharmacologi
cal and Toxicological Methods, vol. 64, pp. 16-24 (2011).
http://www.physionet.org/physiobank/database/#ecg.
http://www.physionetorg/physiobank/database/mitdb/.
Tsalaile, etal. “BlindSource Extraction of Heart Sound Signals From
Lung Sound Recordings Exploiting Periodicity of the Heart Sound.”
ICASSP 2008 IEEE, p. 461–464.
Jungwirth B, Mackensen GB, Blobner M, Neff F, Reichart B, Kochs
EF, Nollert G: Neurologic outcome after cardiopulmonary bypass
with deep hypothermic circulatory arrest in rats: description of a new
model. JThorac Cardiovasc Surg 2006, 131:805-812.
B. Widrow, et al., “Adaptive noise cancelling; principles and appli
cations.” IEEE Proc., vol. 63, No. 12, pp. 1692-1716, Dec. 1975.
H. Boudoulas, YH. Sohn, W. O'Neill, R. Brown, AM. Weissler. The

QT greater that QS2 syndrome: a new mortality risk indicator in
coronary artery disease. American Journal of Cardiology, vol. 50 (6)
pp. 1229-1235 (1982).
G. Moody, W. Muldrow, and R. Mark, “A noise stress test for
arrhythmia detectors.” Computers in Cardiology, pp. 381-384
(1984).
K. R. Rao and P. Yip, “Discrete Cosine Transform: Algorithms,
Advantages, Applications.” San Diego, CA; Academic (1990).
J. Woods. Subband Coding, Kluwer Academic Press (1990).
K. Ball, L. Sirovich, and L. Keefe, “Dynamical Eigenfunction
Decomposition of Turbulent Channel Flow.” International Journal for
Numerical Methods in Fluids, vol. 12, Issue 6, pp. 585-604 (Apr.
1991).
NV Thakor and YS Zhu, “Applications of adaptive filtering to ECG
analysis: noise cancellation.” IEEE Transactions on Biomedical
Engineering, vol. 38, No. 8, pp. 785-794 (Aug. 1991).
S. Mallat and W. L.-Hwang, “Singularity Detection and Processing
with Wavelets.” IEEE Transactions on Information Technology (38),
pp. 617-643 (1992).
S. Mallatand S. Zhong, “Characterization of Signals from Multiscale
Edges.” IEEE Trans. Pattern Anal. Mach. Intell. 14, 7 (Jul 1992).
Vaidyanathan, Multirate Systems and Filter Banks, Prentice Hall,

Dash S, Chon KH, Lu S, Raeder EA. Automatic real time detection of

1993.

atrial fibrillation. Ann Biomed Eng. Sep. 2009:37 (9): 1701-9. Epub

Y. Pati, R. Rezaiifar and P. Krishnaprasad, “Orthogonal Matching
Pursuit: Recursive Function Approximation With Applications to
Wavelet Decomposition,” in Asilomar Conference on Signals, Sys
tems and Computers, vol. 1, pp. 40-44 (Nov. 1993).
S. Mallat and Z, Zhang, “Matching Pursuits with Time-Frequency
Dictionaries.” IEEE TSP(41), No. 12, pp. 3397-3415 (Dec. 1993).
P. Comon, “Independent component analysis, a new concept?,” Sig
nal Process. Special Issue on Higher Order Statistics, vol. 36, No. 3,
pp. 287-314 (Apr. 1994).
Donoho, D.L., I.M. Johnstone (1994), “Ideal spatial adaptation by
wavelet shrinkage,” Biometrika, vol. 81, pp. 425-455.
YXu, J. Weaver, D. Healy, Jr. and J. Lu, “Wavelet Transform Domain
Filters: A Spatially Selective Noise Filtration Technique.” IEEE
Transactions on Image Processing, vol. 3, No. 6, pp. 747-758 (1994).
D. L. Donoho, “Denoising by Soft-Thresholding.” IEEE Trans, on
Inf. Theory, vol. 41, No. 3, pp. 613-627 (May 1995).
A.Bell and T. Sejnowski, “An Information-Maximization Approach
to Blind Separation and Blind Deconvolution.”Neural Computation,
7:1129-1159. (1995).
M. Haugland and T. Sinkjaer, “Cutaneous Whole Nerve Recordings
Used for Correction of Footdrop in Hemiplegic Man.” IEEE Trans
actions on Rehabilitation Engineering, vol. 3, No. 4. pp. 207-317
(Dec. 1995).
V. Afonso, W. W. Tompkins, T. Nguyen, K. Michler and S. Luo,
“Comparing Stress ECG Enhancement Algorithms.” IEEE Engineer
ing in Medicine and Biology, pp. 37-44 (May/Jun. 1996).

Jun. 17, 2009.

M. Hassan, J. Terrien, B. Karlsson, and C. Marque, “Spatial Analysis
of Uterine Emg Signals: Evidence of Increased in Synchronization
With Term,” Conf Proc IEEE Eng Med Biol Soc, vol. 1, pp. 6296
6299 (Sep. 2009).
R. Yang, Y. Qin, C. Li, G. Zhu, Z. Lin Wang, “Converting
Biomechanical Energy into Electricity by a Muscle-Movement
Driven Nanogenerator,” Nano Letters, vol. 9, No. 3, pp. 1201-1205
(2009).
J. Piccini, et al, Predictors of sudden cardiac death change with time
after myocardial infarction: results from the Valiant trial. European
Heart Journal (2009).
J. Lipponen, M. Tarvainen, T. Laitinen, T. Lyyra-Laitinen, and P.A.
Karjalainen, “Principal Component Regression Approach for Esti
mation of Ventricular Repolarization Characteristics.” IEEE Trans
Biomed Eng., vol. 57, No. 5, pp. 1062–1069 (2010).
S. Hadei, M. Iotfizad. A family of adaptive filter algorithms in noise
cancellation for speech enhancement. International Journal of Com
puter and Electrical Engineering, vol.2, No. 2, Apr. 2010, 1793-8163.
Allen, M., Tung, V., Kaner, R. (2010) “Honey Carbon: A Review of
Graphene” Chem. Rev. 110:132-145.
Attila S. Farkas, et. al. Biomarkers and endogenous determinants of
dofetilide-induced torsades de pointes in O. 1-adrenoceptor-stimu
lated, anaesthetized rabbits. British Journal of Pharmacology, vol.
161, Issue 7, pp. 1477-1495, Dec. 2010.
HJ van der Linde, B Van Deuren, Y Somers, B Loenders, R Thwart
and DJ Gallacher, The Electro-Mechanical window: a risk marker for

Torsade de Pointes in a canine model of drug induced arrhythmias,
British Journal of Pharmacology (2010) 161 1444-1454.
Daubechies I., etal. Synchrosqueezed wavelet transforms: an empiri
cal mode decomposition-like tool. Applied and Computational Har
monic Analysis, vol. 30, Issue 2, Mar. 2011, pp. 243-261.

J. Francois Cardoso, “Infomax and Maximum Likelihood for

Source Separation.” IEEE Letters on Signal Processing, vol. 4, No. 4,
pp. 112-114 (Apr. 1997).
M. L. Hilton, “Wavelet and Wavelet Packets Compression of Elec
trocardiogram.” IEEE Transactions on Biomedical Engineering, vol.
44, No. 5, pp. 394-402 (May 1997).

US 9,008,762 B2
Page 4
(56)

References Cited
OTHER PUBLICATIONS

A. Hyvärinen, “New Approximations of Differential Entropy for
Independent Component Analysis and Projection Pursuit,” in
Advances in Neural Information Processing Systems, vol. 10, pp.
273-279, MIT Press. (1997).
W. Sweldens. The lifting scheme: A construction of second genera
tion wavelets. SIAM J. Math. Anal., 29(2):511-546, 1997.
American National Standard ANSI/AAMI EC57:1998, Testing and
Reporting Performance Results of Cardiac Rhythm and ST Segment
Measurement Algorithms.
Testing and reporting performance results of cardiac rhythm and
ST-segment measurement algorithms ANSI/AAMI EC57:1998.
L. Torres- Pereira, et al. “A Biotelemetric Heart Sound Monitoring
System,” in Proceedings of the 14th International Symposium on
Biotelemetry. Marburg, 1998.
A. Hyvärinen, “Fastand Robust Fixed-Point Algorithms for Indepen
dent Component Analysis.” IEEE Transactions on Neural Networks,
vol. 10, No. 3, pp. 626-634 (May 1999).
J.-F. Cardoso, “High-Order Contrasts for Independent Component
Analysis.” Neural Comput, vol. 11, No. 1, pp. 157-192 (1999).
S. Chen, D Donoho, and M. Saunders, “Atomic Decomposition by
Basis Pursuit.” SIAM J. Scientific Computing, vol. 20, No. 1, pp.
33-61 (1999).
Q. Pan, L. Zhang, G. Dai and H. Zhang, “Two Denoising Methods by
Wavelet Transform.” IEEE Trans, on SP vol. 47, No. 12, pp. 3401
3406 (Dec. 1999).
G. Michaud, Q. Li, X. Costeas, R. Stearns, M. Estes, and PJ Wang,
“Correlation waveform analysis to discriminate monomorphic
ventricular tachycardia from sinus rhythm using stored electrograms
from implantable defibrillators.” PACE. Aug. 1999; 22(8): 1146-51
(1999).
S. Mallat, “A Wavelet Tour of Signal Processing.” Academic Press,
1999.

Langley, P.; DiBernardo, D.; Murray, A.; Comparison of three mea
sures of QT dispersion. Computers in Cardiology 1999 pp. 69-72.
Goldberger AL et al. Physiolbank, Physio?oolkit, and PhysioMet:
components of a new research resource for complex physiologic
signals. Circulation 101(23); e215-e220, 2000 (Jun. 13).
Z. Lu, D. Kim, and W. Pearlman, “Wavelet Compression of ECG
Signals by the Set Partitioning in Hierarchical Trees Algorithm.”
IEEE Transactions on Biomedical Engineering, vol. 47, No. 7, pp.
849-856 (Jul. 2000).
M. Marcellin, M. gormish, A. Bilgin and M. Boleik, “An Overview of
JPEG-2000.” Proc. of IEEE Data Compression Conference, pp. 523
541 (2000).

L. K. Saul and J. B. Allen, “Periodic component analysis: An
eigenvalue method for representing periodic structure in speech,” in
NIPS, [Online], pp. 807-813 (2000). Available: http://www.cs.cmu.
edu/Groups/NIPS/00papers-pub-on-web/SaulAllen.pdf
C. Taswell, “The What, How, and Why of Wavelet Shrinkage Denois
ing.” Computing in Science and Engineering, vol. 2, No. 3, pp. 12-19
(2000).
J. S. Richman and J. R. Moorman, Physiological time-series analysis
using approximate entropy and sample entropy Am. J. Physiol. 278,
H2039 (2000).
K. Sayood, “Introduction to Data Compression.” Academic Press
2000,

Malik M. Batchvarov VN. Measurement, interpretation and clinical
potential of QT dispersion. J Am Coll Cardiol. Nov. 15,
2000:36(6):1749-66.
A. Hyvärinen and E. Oja, “Independent Component Analysis: Algo
rithms and Applications.” Neural Networks, 13(4-5), pp. 411-430
(2000).
R. Mayerburg. Sudden cardiac death; exploring the limits of our
knowledge. Journal of Cardiovascular Electrophysiology, vol. 12,
No. 3, Mar. (2001).
M. Brennan, M. Palaniswami, and P. Kamen. Do Existing Measures
of Poincaré Plot Geometry Reflect Nonlinear Features of Heart Rate
Variability? IEEE Transactions on Biomedical Engineering, vol. 48,
No. 11, Nov. 2001.

D. Donoho and X. Huo, “Uncertainty Principles and Ideal Atomic
Decomposition.” IEEE Transactions on Information Theory, vol. 47,
No. 7, pp. 2845-2862 (Nov. 2001).
M. Zibulevsky and B. Pearlmutter, “Blind Source Separation by
Sparse Decomposition in a Signal Dictionary.” Neural Computation.
vol. 13, pp. 863-882 (2001).
Oweiss, K.G. Anderson, D.J. “MASSIT-Multiresolution Analysis
of Signal Subspace Invariance Technique: a novel algorithm for blind
source separation”, Conference on Signals, Systems and Computers
Publication Date: 2001 vol. 1, pp. 819-823 vol. 1.
M. Costa, A. L. Goldberger, and C.-K. Peng, Multiscale Entropy
Analysis of Complex Physiologic Time Series, Phys. Rev. Lett. 89, 6,
(2002).
B. U. Kohler, C. Hennig, R. Orglimeister. The principles of software
QRS detection. IEEE Engineering in Medicine and Biology Maga
zine, vol. 21, No. 1. (2002), pp. 42-57.
Kellermann, et al., “A mobile phone based alarm system for super
vising vital parameters in free moving rats.” BMC Research Notes
2012, 5:119, Feb. 23, 2012.

http://www.simplehelp.
2003-for-email/.

* cited by examiner

net/2006/09/12/how-to-set-up-outlook

U.S. Patent

Apr. 14, 2015

Sheet 2 of 19

US 9,008,762 B2

Figure 1B

tº

Hº Systole
/ Systole .
l Mechanical
|

/ 106

|

101

|

#

;

U.S. Patent

Apr. 14, 2015

Sheet 3 of 19

US 9,008,762 B2

Figure 1C

S1–

/ 203

S2-

|-- Haa systole
|

// 201

),

| /.ºf 204
|

*—-a –––––––º

|
§

Mechanical Systole

|

Electro-Mechanical

Window
(EMW)

U.S. Patent

Apr. 14, 2015

Sheet 4 of 19

US 9,008,762 B2

Figure 1D

k–

/
— —E.ctrica
303
Systole
|
|--

i | / 305
i | Electro-Mechanical
|TMechanical systole T Window (EMW)
#

#

U.S. Patent

Apr. 14, 2015

Sheet 5 of 19

US 9,008,762 B2

Figure 2

i tº data pºets
tº ºne of identity

i e centee ºf greesty

EMW, (msec)

U.S. Patent

Apr. 14, 2015

Sheet 6 of 19

US 9,008,762 B2

#G. 3A

Beat #timber

#G. 38

§

&

8

ilag Factor

3.

it,

º

U.S. Patent

Apr. 14, 2015

Sheet 8 of 19

…”

…’

US 9,008,762 B2

2.

...’

…’

2^

...”

2.

--

…----------------------------------------.

...”
…”
<!----------------------------~~~~.--

~.

X,&

*

*i

;

f

A

_^

Wire??ess Cornmunicatiº \ffodu?e

####

Figure 5

A.

U.S. Patent

Apr. 14, 2015

Sheet 9 of 19

US 9,008,762 B2

Figure 6

. . 804

U.S. Patent

i

Apr. 14, 2015

Sheet 10 of 19

US 9,008,762 B2

U.S. Patent

Apr. 14, 2015

Sheet 11 of 19

US 9,008,762 B2

Figure 8
1001

…--—-----------~~~~----

-------------------------—->

`?\ ECG
sensing
electrodes

N N Signal conditioning

-Signal conditioning
... . .|/ 1005

circuits

Circuits

System on a Chip
Ašš Cörtex CPU

Fash and RAM

POWef and

Memory

Clocking

Peripherals

• Comparator
• Operational amplifiers
Real time Cock

Serial Interface

Serial interface adapters

Converters.
• Analog-to-digital converters
• Digital-to-analog converters

2 : {}{}4

/\ Microphone
or yº
accelerometer M

Timers
• Watch dog time?
• Other timers

Connectivity

• o ports –

? Telemetry i ink

U.S. Patent

Apr. 14, 2015

Sheet 12 of 19

-

US 9,008,762 B2

A 4.404

Figure 9

/

/

a\,...signal(s).…/
Digitized Ecgº

|

2^, 1102

Denoise ECG

signal using MDSP

Denoise acoustical

Skip to rext

signa;

beat
sº
~

A 1405

^S

/

~, 2.

| Normal beat? »

§3 >

\ Establish search Wi? foñT.

\ wave offset based upon R-wave
focation and previous R-R

-------------------------------- interval.

1408 &\

–

-

Compute signal
i envelope and
-

_^

£stablish search window for $2 º
based upon R-wave location “
† : 07

-

3 ºr

\ identify valid Tºwave offset –

3 search window as $2.
-

location

U.S. Patent

Apr. 14, 2015

Sheet 13 of 19

US 9,008,762 B2

Figure 10

/\

Process Ecg

arid Heart Sounds

y

----------------*

Denoise ECG and heart sounds using MDSP

º

:

:

… i203

Measure beat-to-beat values (Dn) for EMW, QT, R-R ºf
intervai, T-wave duration, and T-wave peak
º
amplitude

:

For each of £MW, QT, R-R, T-wave duration, and T

wave peak amplitude, use the beat-to-beat values in

a time segment (Ts) to compute:

•• ABS(Mean
(Ts) - Population Normal)
Short term instability - ST

.

.

|

ºf

2 4204

Long term instability - LT.
Multi-Scale Entropy Offset - MSEoffset
Multi-Scale Entropy Slope - MSæslope
: ... }}

/ 42:38,

\ 2~~~

cº two or more metrics to compute composite º
risk index

i

:

U.S. Patent

Apr. 14, 2015

Sheet 14 of 19

US 9,008,762 B2

Figure 44
/- 1304
{ it put cardiac signat{s}
w

A- 1302

A- 1303

i Create time series /
--~~ A.
i X() =X,X2,..., x, #~~~• SE(1) = Sample Entropy (Xià)
; of beat-to-beat values,

--~~~~

/ ~ 13:34

2- 4308
F-------------------------------~~~~~~~---------------------------------,

---------------------------------------------------------------

--------------------------------------------------------------------------------------'

A------- 4308

A- 1309

2

:

2

Yºs
- ~~
à
-— . . . …-e)
—-; "...".”
Entropy (X.6)
and decimate by 4
}-- SE4) = Sample enºwn

2– $343

A -- 4343

–4-------------------------

-------

Y4(i) = Low-pass fifter X6)

and decimate by 5

•* : {

/

---

|- $345) = $ample Eritropy {Ya?)}

A- 43.42

2

A - 1333

A

- - - - - | Yº) = Low-pass iter Kö) - see...a, s

** {Y_{i

- "nº" - semºn-samaesarowº

y
i

Analyze & trend

:

; (i.e. maxima, offset, slope};

U.S. Patent

Apr. 14, 2015

Sheet 15 of 19

US 9,008,762 B2

Figure 42
1401 —8

?ºngst signa º
!

*

*

}

in first domain /

~ º
1402 --------~~~ is ~ |{{ecompºse
a
sº
signal in first domain to create a set of time
synchronized subcomponents in second domain, Ö3sub.

*----------------------~~~~

1403 –

:

--------------------------------------------------------------------------------------------------------------------

`s jSelect subcornponents in D2sub containing at east a
imajority of $2 complex energy.

4404 ºr~

fºr

sº-º-º-º-º-º::

`s Compute a time function representing the spatia:
distribution of the selected subcompºnents: Xs

:

–
4405 --------ºs.`s ?identify subcomponents
and time segments of
:

º associated with noise energy, D2n, using
`s Compute noise floor for the cardiac cycle using
subcomponents £33ri: Xn

4407 -

`s

Cornputé emphasis signal Xe by subtracting noise floor
Xr frºm the tirnë function Xs as Xe:X3-Xr.

Öetect $2 by comparing Xe to threshold within a
predetermined wiridow after Q&S wave

U.S. Patent

Apr. 14, 2015

Sheet 16 of 19

#igure 43

US 9,008,762 B2

1502

$3 Search wiridow |
;$--~~~~--------------~~~~-----------$.
1542

|
:

$3 + $4 Search window

:

U.S. Patent

Apr. 14, 2015

Figure 14

1604 -

Sheet 17 of 19

US 9,008,762 B2

ºr N
Start

|

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -*_

4802 .

-

-

Acquire 30 sec of £CG and acoustical data

1603

.…"

b- - - - - - - - - - - - - - -Detect cardiac cycles (beats) using ECG
4604 is

#

identify and remove arrhythmic beats

4805

------,"—

*

Select group of beats with RR intervals that differ
by ~ 10%

& gº. .

.

;--,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-,-"—

1640 x

£efine $3 search window for each beat in

acoustical signal
16:

-----------------------------------------------------------------------------------------------------------------------------*
*.
Assemble matrix of acoustical recordings
-

corresponding to the remaining $3 search windows
1642 º

Apply blind source separation to matrix arid

reconstruct a heart sound signal and a noise signal
#643 tº*~
Compute heart sound power (HSp) and noise
power (Np)

1614 –
1616
:------—
S3 absent is

;;; ,
isis

.*–
;

4847 . .

No HSp!No = Yes - sa, sº
Th2

U.S. Patent

Apr. 14, 2015

Sheet 18 of 19

US 9,008,762 B2

Figure 15

:

f

:

X.

;

;

;

#
:
&

;

;
;
-

1703

:

i sã

;
;
;

1701
:
;: ,

,;

;
;

--~<----------------------------------<----------------------------------------~~~~~;*----------;
;

.

*- - - - - - - - -

/ 1702

U.S. Patent

Figure 46

Apr. 14, 2015

Sheet 19 of 19

US 9,008,762 B2

US 9,008,762 B2
1
METHOD AND APPARATUS FOR
IDENTIFYING CARDIAC RISK
FIELD

The present disclosure is related to characterizing cardiac
based function.
BACKGROUND
10

Understanding the risk of arrhythmias, such as those that
may stem from pharmaceuticals and cardiac pathologies, can
be important in order to apply desirable and cost-effective
therapeutic approaches and treat disease based upon patient
specific medical conditions and risks for developing a dan
gerous arrhythmia. For instance, understanding such risk can
be helpful for patients diagnosed with cardiac diseases
including heart failure and myocardial ischemia. The risk of
arrhythmias is often assessed in both preclinical and clinical
studies. For instance, the proarrhythmic risk of medications is
often assessed in preclinical studies using several approaches.
Clinical studies involving the QT interval of a cardiac cycle,
such as those involving measurement of QT prolongation on
healthy human subjects, can also be performed to assess the
proarrhythmic risk of new medications.

cation of cardiac function that measures electro-mechanical
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diac function, and risk associated therewith.
SUMMARY
60

Various aspects of the present disclosure are directed to
devices, methods and systems for assessing the risk of cardiac
arrhythmias, in a manner that addresses challenges and limi
tations including those discussed above.
In accordance with one or more embodiments, a cardiac

based metric is computed for a subject as follows. The end of
a mechanical systole is identified, for each of a plurality of

dysynchrony. In connection with this and otherembodiments,
it has been discovered that, by using this combined mechani
cal and electrical detection approach, challenges such as
those above, as may be applied to measuring EMW, process
ing beat-to-beat information, and otherwise characterizing
cardiac risk can be addressed. Further, the embodiments

However, such studies and assessments have been chal

lenging to implement. It is often desirable to perform these
assessments on ambulating human and animal subjects. How
ever, performing these assessments on ambulatory subjects is
difficult or impractical because either the required measure
ments are highly invasive or because the signals acquired
using minimally invasive or non-invasive sensing techniques
often result in signals that are sufficiently noisy that consis
tently accurate measurements are not possible. As evidence of
these challenges, a significant percentage of pharmaceuticals
that show no indication of proarrhythmic risk in preclinical
studies eventually demonstrate evidence of proarrhythmic
risk laterin either developmentor post marketing. In addition,
commonly used risk indicators are heart rate dependent and
can hence be difficult to interpret. One of the unfortunate
consequences of the lack of a reliable and sensitive cardiac
risk metric is that preclinical studies sometimes falsely elimi
nate safe and effective drugs from the development pipeline
based on metrics that have low predictive accuracy.
Techniques used to assess proarrhythmic risk in clinical
care have also been challenging to implement in accurately
assessing the risk of cardiac arrhythmias, such as for patients
that have experienced myocardial infarction and those diag
nosed with systolic heart failure and coronary artery disease.
Unfortunately, the vast majority of deaths caused by danger
ous arrhythmias occur in populations where existing tech
niques have proven ineffective and no practical and cost
effective options exist to accurately assess arrhythmic risk in
these populations. Further, analyzing characteristics on
ambulatory patients can be difficult. These and other charac
teristics have been challenging to the characterization of car

2
cardiac cycles of the subject, based upon an acoustical vibra
tion associated with closure of an aortic valve during the
cardiac cycle. The end of an electrical systole of an electro
cardiogram (ECG) signal is also identified for the cardiac
cycle. A time difference between the end of the electrical
systole and the end of the mechanical systole for each of the
plurality of cardiac cycles (e.g., collectively) is used to com
pute the cardiac-based metric. Using this approach, mechani
cal characteristics of the valve closing can be used together
with electrical characteristics of the ECG, to provide an indi
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described here provide an approach that facilitates these car
diac electromechanical characteristics to be accurately mea
sured on ambulating subjects.
In accordance with various example embodiments,
mechanical and electrical dysynchrony is measured as the
time difference (e.g., electro-mechanical window—EMW)
between a point in a cardiac cycle that corresponds to the end
of mechanical systole (MS) and a point that corresponds to
the end of electrical systole (ES). EMW=end of MS
(MSend)—end of ES (ESend). In one embodiment, end of
MS is identified by detecting the S2 heart sound. In one
embodiment, end of ES is identified by detecting the end of
the T-wave (i.e. T-wave offset). In one embodiment, short
term and long term instability of the EMW or QT interval is
computed to enhance the predictive value. In one embodi
ment, complexity of beat-to-beat dynamics of EMW or QT
interval is quantified by computing multiscale entropy
parameters and evaluating the trend of these parameters over
multiple scales. In one embodiment EMW is combined with
one or more of a) QRS duration, b) QT interval, c) short term
QT variability and d) T-wave alternans to improve predictive
value. In various embodiments, the S2 heart sound is sensed

using a microphone or accelerometer and its occurrence is
detected from the sensed signal using techniques such as
those involving multi-domain signal processing (MDSP)
techniques as discussed herein. For instance, the microphone
or accelerometer can be integrated into an adhesive-backed
ECG sensing electrode. In various embodiments T-wave off
set is detected by denoising and processing an ECG, or by
using MDSP techniques as discussed herein.
BRIEF DESCRIPTION OF THE DRAWINGS

The disclosure may be more completely understood in
consideration of the following detailed description of various
embodiments in connection with the accompanying draw
ings, in which:
FIG. 1A shows an apparatus for characterizing a cardiac
based metric, in accordance with an example embodiment;
FIG. 1B shows a relationship between heart sounds, arte
rial blood pressure, left ventricular pressure, and ECG in a
subject where EMW duration is “about 20ms, as processed in
connection with the apparatus 100 in FIG. 1A in connection
with an example embodiment;
FIG. 1C shows a relationship between heart sounds, arte
rial blood pressure, left ventricular pressure, and ECG in a
subject where EMW duration is longer than about 20 ms, as
processed in connection with the apparatus 100 in FIG. 1A in
connection with an example embodiment;
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tions, EMW is used to address a number challenges to imple
menting risk indicators as discussed above, by operating gen
erally independent of heart rate.
In accordance with another example embodiment, a car
diac-based metric is computed using both mechanical and
electrical systole for each of a plurality of cardiac cycles as
follows. The end of a mechanical systole is detected using an

3
FIG. 1D shows a relationship between heart sounds, arte
rial blood pressure, left ventricular pressure, and ECG in a
subject where EMW duration is negative, as processed in
connection with the apparatus 100 in FIG. 1A in connection
with an example embodiment;
FIG. 2 shows a relationship between EMW dynamics on
successive cardiac cycles, consistent with an example

acoustical vibration associated with closure of an aortic valve

embodiment;

FIG. 3A shows EMW dynamics in a normal heart, consis
tent with one or more example embodiments;
FIG. 3B shows EMW dynamics in a diseased heart, con
sistent with one or more example embodiments;
FIG. 4A shows an example of relationships between HR
and QT dynamics in a diseased heart, consistent with one or
more example embodiments;
FIG. 4B shows an example of relationships between HR
and QT dynamics in a normal heart, consistent with one or
more example embodiments;
FIG. 5 shows a block diagram of a system for evaluating
arrhythmic risk, consistent with an example embodiment;
FIG. 6 shows a patient-worn component of a non-invasive
system for evaluating arrhythmic risk, consistent with an
example embodiment;
FIG. 7 shows a sensing element for attachment to the skin
for sensing S2 heart sounds and ECG from a subject, consis
tent with an example embodiment;
FIG.8 shows a block diagram of a patient-worn component
of a system for evaluating arrhythmic risk, consistent with an
example embodiment;
FIG. 9 shows a signal flow diagram for computing electro
mechanical window, consistent with an example embodi
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as acoustical heart sound data and ECG data shown in and
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FIG. 11 shows a signal flow diagram for computing and
evaluating multiscale entropy of beat-to-beat values detected
in a cardiac signal, consistent with another example embodi
40

accordance with one or more embodiments;

FIG. 14 shows a signal flow diagram of a representative
embodiment for processing an ECG and acoustical signal to

45

detect S3 sounds, in accordance with another embodiment;

FIG. 15 shows an example of multiple segments of an
acoustical recording containing S1, S2, and S3 heart sounds
and their relationship in time with ECG, in accordance with

50

another embodiment; and

FIG. 16 shows an illustration of multiple segments of an
acoustical signal synchronized and assembled into an array
for processing with S2 blanked, in accordance with another
embodiment.

55

DETAILED DESCRIPTION

Aspects of the present disclosure relate to methods and
apparatuses involving measuring and detecting characteris

60

tics of cardiac function, such as alterations in cardiac function

that precede the occurrence of arrhythmia or are indicative of
an increased risk of arrhythmia. Certain aspects relate to
methods and systems for measuring an electro-mechanical
window (EMW) using heart sounds and evaluating beat-to
beat values of the EMW and other information such as QT
interval to indicate arrhythmic risk. In some implementa

energy. In an embodiment, the acoustical signal is decom
posed from a first domain into subcomponents of the acous
tical signal in a second domain, and at least two of the sub
components are identified as exhibiting an energy level of
which at least half is associated with closure of the aortic

ment;

FIG. 12 shows a flow diagram for detecting an S2 heart
sound, in accordance with another example embodiment;
FIG. 13 provides an illustration of a timing relationship
between heart sounds and ECG, as may be implemented in

described in connection with figures below (e.g., identifying
an S2 sound and a T-wave offset), within a computer-type
circuit as described herein and using characteristics of the
respective signals. Such a computer-type circuit can also be
implemented to compute the cardiac-based metric using time
differences collected from multiple cardiac cycles, and
therein provide an indication of the collective differences as
applicable to, for example, proarrhythmic risk.
The respective ends of the mechanical and electrical sys
toles are identified using one or more of a variety of
approaches, in accordance with various example embodi
ments. For instance, the end of the mechanical systole can be
identified using an acoustical signal containing energy asso
ciated with both the closure of the aortic valve and noise

FIG. 10 shows a block diagram for computing a composite
metric of arrhythmic risk, consistent with an example
embodiment;

(e.g., the S2 heart sound) that occurs during the cardiac cycle.
The end of an electrical systole is also detected using electro
cardiogram (ECG) signal for the cardiac cycle. The cardiac
based metric is computed using respective time differences
between the end of the mechanical and electrical systoles for
each of the plurality of cardiac cycles (e.g., by computing the
time difference between the end of the electrical systole and
the end of the mechanical systole for each cardiac cycle).
These respective ends of the mechanical and electrical systole
may, for example, beidentified by processing signal data such

65

valve. The identified subcomponents are mathematically
combined to compute a time function that identifiably
changes in value upon aortic valve closure.
In one embodiment, the end of the electrical systole can be
identified using an ECG signal including a noise component
and an ECG component originating from heart tissue of the
subject. The ECG signal is decomposed from a first domain
into subcomponents of the ECG signal in a second domain,
and the location of a QRS complex of the cardiac cycle is
identified using a spatial distribution of the subcomponents. A
first time window in the cardiac cycle that includes the QRS
complex is identified, as is at least one additional time win
dow in the cardiac cycle that does not include the QRS com
plex. For each time window, subcomponents having more
energy corresponding to the ECG component than noise
energy are identified (e.g., those subcomponents within the
respective window in which at least 50% of the energy thereof
pertains to the actual ECG signal from the subject’s heart,
relative to noise). A denoised ECG is then constructed in the
first domain by combining the identified subcomponents. The
denoised ECG can then be analyzed using ECG analysis
algorithms to identify the end of the electrical systole.
In another embodiment, the end of the electrical systole is
identified by similarly decomposing an ECG signal from a
first domain into subcomponents of the ECG signal in a
second domain, and then identifying the location of the QRS
complex of the cardiac cycle based upon a spatial distribution
of the subcomponents. A T-wave offset search window is
established, relative to the location of the QRS complex, and

US 9,008,762 B2
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described in U.S. patent application Ser. Nos. 12/938,995,
13/092,530, and 13/172,415, which may be implemented in

5
at least two subcomponents are identified as having an energy
value that is predominantly energy of a T-wave of the cardiac
cycle. The at least two identified subcomponents are math
ematically combined to compute an emphasis signal having
an identifiable inflection corresponding to a location of the

accordance with one or more embodiments herein. These

patent documents, as well as the patent documents therein to
which benefit is claimed and the references cited therein, are

fully incorporated herein by reference. In some embodi
ments, such an MDSP-based approach is used to process
physiological information captured from ambulatory subjects

T-wave offset. The T-wave offset location is identified based

upon a characteristic of the emphasis signal, and is used to
identify the end of the electrical systole.
The cardiac-based metric is computed using one or more of
a variety of approaches. In some embodiments, the metric is
computed by computing one of a mean, a median, variance,

in order to measure and detect alterations in cardiac function
10

sion, reference is made to cited references listed in a num

standard deviation, and standard error of the time difference

for each cardiac cycle. In certain embodiments, the cardiac
based metric is computed by computing a short-term insta
bility metric based on one of the mean, standard deviation and
root mean square of successive differences between beat-to
beat values in a window segment including the plurality of
cardiac cycles, in which the beat-to-beat values correspond to

15

20

Inconnection with the above and otherembodiments, it has

been discovered that the measurement of synchrony between
mechanical and electrical systole can be particularly useful in
addressing issues as discussed above, and further that such
approaches can be implemented together to obtain desirable

25

characterizations of cardiac function under conditions in

which noise has been challenging to address (e.g., with ambu
latory subjects). It has further been discovered that these
approaches can be achieved without necessarily involving
invasive-type approaches, complex procedures such as the
use of echocardiography to measure the velocity of heart
tissue, and mitigates/avoids errors relating to changes in heart

30
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rate. Acoustical vibrations that occuras a result of aortic valve

closure (e.g., S2 sounds) can be used in this context to mea
sure EMW to achieve results similar to approaches involving
left ventricular pressure (LVP) that are described in the lit
erature. EMW, which is independent of heart rate, can be used
to obtain a sensitive cardiac-based metric (e.g., by detecting
changes in EMW that indicate an increased risk of arrhythmia
on the order of 200%, relative to changes in QT and corrected
QT(QT.) indicative of increased arrhythmic risk on the order
of 30%).

Further, these risk indicators can be obtained from ambula

tory patients while addressing noise from the patients’ sur
roundings as well as noise that occurs due to respiration and
patient movement (e.g., clothing rubbing). In some embodi
ments, such approaches are implemented using S2 heart
sounds, an approach that allows for minimally invasive or
non-invasive detection of MSend in ambulatory subjects.
Such approaches are further facilitated by the use of MDSP
signal processing techniques to accurately detect MSend and
ESend when the signals are corrupted with noise.
Many embodiments described herein refer to signal pro
cessing approaches such as “multi-domain signal processing”
(MDSP), which refers to one or more of various embodiments

ing the processing of physiological signals, as well as related
apparatuses (e.g., with a computer type circuit and an input
circuit that receives signals), which may be implemented as
follows. Cardiac cycles are identified from an electrical signal
representative of a subject’s ECG. For each cardiac cycle, a
T-wave offset is identified as is a segment of an acoustical
vibration representative of heart sounds from the subject. The
segment is identified based upon a T-wave offset time of a
corresponding ECG synchronized with the heart sounds. An
array of the identified segments from each of the plurality of
cycles is constructed, and both heart sound and noise compo
ments of the acoustical vibration are computed from the seg
ments using blind source separation. The presence of a heart
sound is identified based upon energy in the heart sound
components and the noise components (e.g., heart sound
energy may be computed as the root mean square of com
puted heart sound components). In some implementations,
such an approach involves detecting the presence of an S3
heart sound based upon characteristics of the energy in the
heart sound and noise components being indicative of S3
heart sounds.

40

45

Various embodiments are directed to non-invasive and

minimally invasive measurements of EMW in ambulatory
patients, such as for providing an assessment of arrhythmic
risk. In some implementations, risk indicators are obtained on
ambulatory subjects over a period of time (e.g., 24 hours).
These approaches can be implemented, for example, to
address alterations that can impact cardiac function and
arrhythmic risk indicative of the changes that occur at the
cellular level, which vary with time, stress, and other stimuli.

bered order near the end of this document, which are fully
incorporated herein by reference. These references may assist
in providing general information regarding a variety offields
that may relate to one or more embodiments of the present
disclosure, and further may provide specific information
regarding the application of one or more such embodiments.
Various otherembodiments are directed to methods involv

heartbeats that define the successive start of the cardiac

cycles. In another embodiment, a long-terminstability metric
is computed as a variance in the beat-to-beat values, multi
plied by two and then subtracting the computed short term
instability metric therefrom.

that are indicative of arrhythmic risk. In the following discus

50
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The heart sound and noise components are computed in a
variety of manners, to suit particular applications. In some
embodiments, heart sound and noise components of an acous
tical vibration are computed using blind source separation
with one or more of principal componentanalysis, eigenvalue
decomposition, and independent component analysis. In cer
tain embodiments, heart sound and noise components of the
acoustical vibration are computed using blind source separa
tion via principal component analysis followed by indepen
dent component analysis.
The segments of the acoustical vibration are determined or
identified in a variety of manners. In some embodiments,
segments are set to begin at a T-wave offset, and/or may
terminate about 100 msec prior to the Q-wave onset of the
subsequent cardiac cycle. In other embodiments, the segment
is identified based on P-wave onset or P-wave peak of a
subsequent cardiac cycle, and is terminated at the detected
one of the P-wave onset or the P-wave peak.
In some embodiments, a time-frequency decomposition is
applied to one of the above-discussed array of identified
segments and the acoustical vibration, prior to computing the
heart sound and noise components. This approach may, for
example, involve using at least one of a wavelet related trans
form, a Gabor transform, a Fourier transform, a discrete
cosine transform and a filter bank.

65

Various embodiments are directed to facilitating S3 heart
sound detection. In some embodiments, the approximate
location of an S2 heart sound is determined for at least one of

US 9,008,762 B2
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The relationships between successive EMW dynamics and
the measures on instability based on lag 1 dynamics are
implemented to characterize cardiac function as graphically
illustrated in FIG. 2 (e.g., as may be implemented with the
apparatus 100 as shown in FIG. 1A). In some embodiments,
the short term instability (STI) of EMW is computed as an
indicator of arrhythmic risk. In one embodiment, STI 401 is
computed as the mean of successive differences between
beat-to-beat EMW values in a window segment including
several (e.g., 10 to 500) cardiac cycles as follows:

10

15

where D, is an EMW measured in the n-th beat and N is the
number of beats in the segment.
In another embodiment, short term instability is computed
as the standard deviation of successive differences between

beat-to-beat EMW values in a segment of N beats. In another
embodiment, short term instability is measured as the root
mean square of successive differences between beat-to-beat
EMW values in a segment of N beats.
In some embodiments, long-term instability (LTI) 402 is
computed for a segment of N cardiac cycles in duration as an
indicator of arrhythmic risk. LTI is measured as

20

25
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corresponds to normal dynamics of a healthy heart, and plot
503 illustrates R-R interval dynamics of a diseased heart.
These two plots demonstrate that both the healthy and dis
eased heart can both be characterized by high R-R interval
variability, but their physiologic status can be discriminated
by assessing complexity of R-R interval dynamics.
Complexity can be quantified using tools, such as multi
scale entropy (MSE), that measure system entropy at various
lags. In FIG. 3B, MSE is shown for the corresponding plots
504,505, and 506, with lags ranging from 1 to 20. In FIG.3B,
plot 504 shows MSE for plot 501 of FIG. 3A, plot 505 shows
MSE for plot 502, and plot 506 shows MSE for plot 503. In
some embodiments involving these examples, the MSE trend
is approximated by a linear equation for the first few lags, and
the offset and slope of the lineareduation can be used to assess
the complexity of interval dynamics. In an example illustrated
in plot 506, the low complexity of interval dynamics is char
acterized by high offset and large negative slope of the linear
equation approximating multiscale entropy. High complexity
dynamics illustrated in plot 504 are characterized by a rela
tively lower offset and a positive slope. Referring to FIG. 4A,
a diseased heart is identified as exhibiting low complexity
interval dynamics as illustrated in plots 601 and 602 in com
parison to plots 603 and 604 of FIG. 4B representing normal
heart dynamics, such as may be implemented in connection
with the apparatus 100 shown in FIG. 1A.
In an example embodiment, and referring to FIG. 11, mul
tiscale entropy (MSE) is computed and analyzed for assess
ing risk of arrhythmias or another characteristic of the heart
such as atrial fibrillation, coronary ischemia, and an auto
nomic disturbance due to heart failure. One or more cardiac

where D, is the value of EMW measured for the n-th beat of
a segment having a duration of N beats.
In some embodiments a total instability (TI) 403 value is
computed by combining STI and LTI, in which TI is com
puted as the square root of sum of squares of STI and LTI such

35

&lS

TI, WSTI, IITI.M.,
In some embodiments, the complexity of beat-to-beat
interval dynamics is quantified for various risk metrics
including QT interval, RR interval, and EMW. In an example
embodiment, entropy-based analysis is used to quantify com
plexity of interval dynamics. For general information regard
ing entropy-based analysis, and for specific information
regarding entropy-based analyses that may be implemented
in accordance with one or more example embodiments, ref
erence may be made to the Multiscale Entropy (MSE)
approaches as described in M. Costa, A. L. Goldberger, and
C.-K. Peng, “Multiscale Entropy Analysis of Complex Physi
ologic Time Series.” Phys. Rev. Lett. 89, 6, (2002), which is
fully incorporated herein by reference.
Referring to FIGS. 3A and 3B, various example embodi
ments involving beat-to-beat intervals are shown with respect
to plots that are implemented, for example, in computing a
cardiac metric (e.g., as may be implemented with the appa
ratus 100 shown in FIG. 1A). In FIG. 3A, plots 501, 502, and
503 illustrate beat-to-beat R-R interval dynamics with differ
ent characteristics: plot 501 shows an example of high vari
ability and high complexity (normal healthy heart); plot 502
shows an example of low variability and low complexity
(diseased heart with heart failure); and plot 503 shows and
example of high variability and low complexity (diseased
heart with atrial fibrillation). Plots 501 and 503 in FIG. 3A are
both characterized by high variability. However, plot 501

40
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signals, such as ECG, endocardial pressure, and heart sounds,
are input at 1301. A time series X(i) including beat-to-beat
values is derived from the cardiac signals in 1302. A time
series may include one of QT interval, QS2 interval, R-R
interval, T-wave peak amplitude, T-wave area, and
EMW=QS2–QT. Time series X(i) may include between 40
and 500 beats, although fewer or more beats may be used.
Time series X(i) is processed to compute sample entropy
SE(1) in step 1303. Time series X(i) is further processed to
compute sample entropy at multiple lags. For example, in
1304 X(i) is low pass filtered (LPF), decimated to remove
every other point, and sample entropy SE(2) is computed for
the resulting time series Y1(i) in step 1305. In one embodi
ment, the frequency cutoff of the LPF is 0.5/(level of decima
tion). Steps 1306 through 1313 mirror steps 1304 and 1305,
and in which the low-pass filter cutoff and the level of deci
mation are set, for example, with the LPF cutoff in 1304 being
% and the level of decimation being 2. The level of decima
tion corresponds to a lag at which dynamics are evaluated and
is also referred to as the scale of the entropy estimate. In 1306,
the LPF cutoff is V6 and the level of decimation is 3 (2 of every
3 points is removed). In 1308, the LPF cutoff is /š and the
level of decimation is 4 (3 of every 4 points is removed). In
one embodiment the LPF is an IIR filter such as Butterworth
filter. In another embodiment the LPF is an FIR filter such as

60
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moving average filter. The number of scales (m+1) as dis
cussed above may be implemented to suit various applica
tions. In one embodiment, the number of scales (m+1) is 10.
The resulting trend of sample entropy values, SE(1), SE(2),
SE(3), . . . SE(m+1) is analyzed at 1314 to assess maxima,
slope, and offset. In one embodiment, a method used to com
pute sample entropy is the same for all scales and may be
implemented in accordance with the method described in J. S.
Richman and J. R. Moorman, “Physiological time-series

US 9,008,762 B2
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analysis using approximate entropy and sample entropy.”
Am. J. Physiol. 278, H2039 (2000), which is fully incorpo
rated by reference.
Referring to FIG. 10, an example embodiment is shown
whereby multiple risk metrics are combined to form a single
arrhythmic risk index. In one embodiment, EMW is com
bined with one or more of a) QRS duration, b) QT interval, c)
short term QT instability, and d) TWA. ECG and heart sound
signals input at 1201 are processed in 1202 using MDSP and
beat-to-beat values of one or more time series Ts of EMW, QT
interval, R-R interval, T-wave duration, T-wave area, and
T-wave peak amplitude, which are identified in 1203 for a
time segment (e.g., 60 seconds). In step 1204, the beat-to-beat
values in the time segment are processed to compute a num
ber of risk metrics, such as one or more of ABS (Mean(Ts)
Normal), Short term instability (STI), Long-term instability
(LTI), multi-scale entropy (MSE) offset, and multi-scale
entropy (MSE) slope.

10

exhibits low offset. In contrast, normal cardiovascular func
15

In one embodiment, the mean of valid beat-to-beat values

(e.g., those obtained from normal cardiac cycles and not
corrupted by noise) is computed for the time segment. The
population normal value for the metric is subtracted from the
mean computed for the segment. The deviation from the
normal value is compared to one or more thresholds to assess
the level of arrhythmic risk. In another embodiment, STI and
LTI are computed and combined to form a total instability

14
In another embodiment, multiscale entropy parameters are
used to assess cardiac risk, slope and offset of the linear
equation approximating the MSE trend are computed for a
QT interval and compared to multiscale entropy parameters
of RR interval. Referring to FIG. 4A, an embodiment is
shown involving RR interval and QT interval dynamics dur
ing heart failure (plots 601 and 602) and normal condition
(plots 603 and 604 of FIG. 4B). Referring to 601 and 602 of
FIG. 4A, compromised cardiac function is characterized by
low variability RR interval dynamics and high variability QT
with low complexity. In this case, MSE of QT exhibits high
offset and high negative slope while MSE of RR interval

20

tion is characterized by high variability RR interval dynamics
and low variability QT dynamics as illustrated in plots 603
and 604. In this case, MSE of QT exhibits low offset and
normal slope while MSE of RR interval exhibit normal offset
and positive slope. An example relationship between the pro
posed parameters for compromised and normal cardiac func
tion is illustrated in Table 1.
Note that the statistical measures of cardiac intervals

shown in Table 1 demonstrate that EMW provides a consis
tent indicator of cardiac status, whereas QT and RR are often

metric as described earlier.

inconsistent.
TABLE 1
Statistical Measures of Cardiac Intervals

Mean

STI

LTI

TI

MSE Offset MSE Slope

High
High
High or low High

High
High

High
High

High
High

High, negative
High, negative

RR
Normal Cardiac
Function

High

Low

Low

Low

Low

Negative

EMW

Low
Normal
Normal

Low
Low
Low
Normal
Normal Normal Normal Low
Normal Normal Normal Normal

Abnormal Cardiac
Function

ABS (EMW)
QT

45

Normal
Normal
Positive

FIG. 5 shows an embodiment of a system for assessing
arrhythmic risk. Ambulatory monitoring device (AMD) 701
receives sensed ECG and heart sounds. A computing device
within AMD 701 processes these signals to compute beat-to
beat values for one or more of EMW, QT, R-R, and QRS
duration. In one embodiment, AMD 701 also evaluates the

50
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validity of these computed values using MDSP techniques
described in one or more references above (characterized
with MDSP). These values are telemetered from AMD 701 to
a wireless communication module 702 where they are for
warded via communication link 703 to an evaluation system
and report generator (ESRG) 704. The ESRG may, for
example, be located in a clinic, laboratory, or service bureau
where the received values are reviewed by trained personnel
and may be further processed by a computer. In one embodi
ment, two or more of the received beat-to-beat values are

60

combined in 704 to compute a composite risk index. In some
embodiments, AMD 701 detects events of interest, such as

arrhythmias, and transmits ECG strips containing those
events to wireless communication module 702 and on to

ESRG 704. In other embodiments, AMD 701 transmits either
65

segments of the ECG signal (e.g., a 60 second strip) at regular

intervals, or a full disclosure ECG and the beat-to-beat values
are extracted in ESRG 704.
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the prior QRS wave. The occurrence of S2 is detected in step

18
can improve patient medical management. In one embodi
ment, AF is detected from the ECG signal as described in U.S.
provisional patent application Ser. No. 61/944,253 as refer

1409 when the time function Xe exceeds the threshold com

puted in step 1408 within a predetermined window starting
from the prior QRS wave.
Various embodiments are directed to using S3 heart sounds
for prediction and detection of heart failure decompensation.
Patients at risk of decompensation are examined using a
mechanical or electronic stethoscope for determining
whether a heart sound is present. In some embodiments, S3
heart sounds are automatically detected from an acoustical
signal acquired using a microphone, accelerometer, or elec
tronic stethoscope placed on the chest. In an example such
embodiment, and referring to FIG. 10, ECG sensing elec
trodes and an acoustic sensor are placed on the chest of a
patient. The ECG sensing electrodes can be standard adhesive
backed electrodes, or they can be dry electrodes. In some
embodiments, the dry electrodes are attached to the electronic
stethoscope or microphone/accelerometer to provide an
apparatus that can be held in one hand and applied to a patient
for simultaneous recording an acoustical signal and ECG. In
some embodiments, the dry electrodes can be similar to those
available from Orbital Research (Cleveland, Ohio) and can be
mounted in a structure that is integral to the acoustical sensor
or stethoscope.
In some embodiments the ability to automatically detect S3
sounds is incorporated with a home monitoring device or
telemedicine work station whereby the patient is directed to
place an electronic stethoscope on the thorax at the approxi
mate position of the apex of the heart (e.g., in the vicinity of
V4) while leaning forward sitting in a chair or lying on their
left side. In some embodiments, ECG electrodes are posi
tioned cranial and caudal to the location of the microphone
along a line approximately parallel to a Lead II ECG vector.
ECG and acoustical signals can be processed by a hand-held
battery powered device and the results of the assessment
communicated to a remotely located care provider. Alter
nately, the digitized ECG and acoustical signals are commu
nicated for processing to a computing device located remote
from the patient. In some embodiments, the device provides
an indication that S3 sounds are present and alert a skilled
medical professional to listen to the received heart sound
recording or a live transmission of heart sounds via a telem
onitoring workstation or cloud-enabled electronic stetho
scope (e.g. such as 3M TeleSteth or American Telecare Care
tone) to confirm the presence of S3 sounds. If S3 sounds are
detected, a medical professional can then take appropriate
action to medically manage the patient to avoid hospitaliza

enced above. The risk of SCD is assessed in the home moni
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that shown in FIG. 8. In some embodiments, a 30 second
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465. If fewer than 8 beats remain following exclusion of
certain beats, a new recording is obtained. To improve con
sistency of the information in each cardiac cycle, a candidate
group of beats is selected in 1605 with RR intervals that differ
by ~10%. T-wave offset is identified in 1606 for each beat in
the group in a manner similar to that described elsewhere in
this disclosure and in U.S. Pat. No. 8,433,395.
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sounds.

In another embodiment a home monitoring system or
telemonitoring workstation is configured to provide a more
complete cardiovascular assessment, using heart sounds. For
example, various embodiments described herein may be
implemented in connection with aspects disclosed in U.S.
Pat. Nos. 8,632,465; 8,688,202; 8,433,395; and U.S. provi
sional patent application Ser. No. 61/944,253 to which benefit
is claimed (and which are fully incorporated herein), such as
to provide a home-based system for assessment of patients
suffering from heart failure and commonly associated co

recording is obtained in step 1602, but the recording could be
as short as 15 seconds or as long as 2 minutes. In some
embodiments, the recording is sufficiently long so that at least
8 relatively noise-free cardiac cycles, free of arrhythmias and
having similar RR intervals, are obtained for processing. In
this example embodiment, the location and length of cardiac
cycles are determined by detection of the QRS complex in the
ECG. However, in other embodiments these parameters (e.g.,
cardiac cycle length and absence of arrhythmias) are deter
mined from a non-invasive blood pressure measurement
device or oxygen saturation measurement device. The record
ing is analyzed in 1604 to identify if any arrhythmic beats are
present. Any beat that is arrhythmic (e.g., contains a wide
complex QRS or is premature) is discarded and not used for
further analysis. In some embodiments, if the RR interval is
shorter than a predetermined value (e.g., 500 msec), that beat
is excluded from analysis. In yet other embodiments, noise
level is evaluated in both ECG and the acoustical signal and a
beat is excluded from analysis if the noise level exceeds a
threshold. In such embodiments it may be useful to employ
MDSP to measure noise as described in U.S. Pat. No. 8,632,
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tion. In other embodiments, an S3 heart sound detector is

incorporated into an electronic stethoscope to aid less skilled
medical professionals in recognizing the presence of S3

toring system. In one embodiment, risk of SCD is assessed as
described in U.S. Pat. No. 8,688,202 by analysis of the ECG
and acoustical signals. These aspects can facilitate patient
medical management. In one embodiment, respiratory rate is
derived from the ECG using MDSP techniques as described
in U.S. Pat. No. 8,632,465, with increased respiratory rate and
labored breathing being used as an indicator of heart failure
decompensation and other respiratory issues.
FIG. 13 illustrates a scenario for the relative timing of S1
(1501), S2 (1502), S3 (1503), and S4 (1508) heart sounds and
the corresponding ECG waveform, in accordance with one or
more embodiments. Referring to FIG. 14, a recording of ECG
and hearts sounds is obtained using an apparatus similar to
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The acoustical recording is processed in 1607 to identify
the onset of the S2 heart sound for each beat in the group. In
certain implementations, at least a portion of the S2 sound is
blanked from the recording during time window 1504 to
avoid or reduce leakage of power from the S2 sound to the S3
sound during processing, addressing issues relating to the
energy in the S2 sound being greater than the energy in the S3
sound. In one embodiment, blanking window 1504 is 75msec
long. In otherembodiments the blanking window ranges from
50 msec to 150 msec. In another embodiment, blanking win
dow 1504 is timed based upon the T-wave offset rather than
S2.

60

A noise measurement window 1505 precedes the onset of
the S2 heart sound. Window 1505 is positioned to provide for
measurement of energy present in acoustical signal between

morbidities. These co-morbidities include atrial fibrillation

the S1 and S2 heart sounds. In some embodiments, window

(AF) and risk of sudden cardiac death (SCD), in addition to
the risk of heart failure decompensation (HFD). AF is a com
mon trigger of HFD, increases risk of stroke, and is often
asymptomatic. Various embodiments are directed to auto
matically detecting AF in the home monitoring system, which

1505 terminates about 50 to 100msec prior to detection of S2
onset to avoid including any energy of the S2 heart sound in
65

window 1505. Likewise, initiation of window 1505 should

follow cessation of acoustical energy from the S1 sound in the
cardiac cycle. Acoustical signal energy in window 1505 is
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measured in step 1608. Allenergy measured in this window is
assumed to be noise. In one embodiment, energy in window
1505 is measured by computing the root-mean-square of the
acoustical signal. If noise energy Na is greater than a prede
termined threshold Th1, the cardiac cycle is considered to be
too noisy to obtain reliable S3 detection and is removed from
the candidate group of beats in 1609. In one embodiment,
window 1505 is 250 msec in duration. In other embodiments,

window 1505 can range from 200 msec to 300msec. It may be
useful in some embodiments to determine the threshold Th1

empirically. In other embodiments Th1 can be determined by
establishing a baseline noise reading under circumstances
when the sensed acoustical energy is known to be relatively
noise free or when a nominal noise level is present.
In step 1610, S3 search window 1509 is established for
each cardiac cycle of the acoustical recording. If the RR
interval for a cardiac cycle is too short, that cardiac cycle is
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tation and formation of the matrix. The use of a time-fre

excluded from evaluation of S3 sounds. In one embodiment,

window 1509 spans the acoustical signal for a cardiac cycle
from T-wave offset 1506 to about atrial depolarization 1510
(i.e. P wave onset or P-wave peak). In one embodiment, the

20

termination of window 1509 is established as about 100 msec

prior to the Q-wave onset time 1507 of the subsequent cardiac
cycle. In other embodiments, the termination of window 1509
can be established as about 250 msec prior to the onset of the
S1 heart sound of the subsequent cardiac cycle. In some
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embodiments, the S1 heart sound is detected as described in
U.S. Pat. No. 8,688,202. In alternate embodiments, the S3

search window is initiated upon onset of the S2 heart sound.
In an alternate embodiment, the time that the S2 heart sound

30

extends beyond T-wave offset can be measured or estimated
as TS2. The start time of the S3 search window can hence be
established as T-wave offset 15064TS2. In some embodi

ments, TS2 corresponds to the duration of blanking interval
1504 and hence the S3 search window starts following termi
nation of blanking interval 1504.
In yet another embodiment, T-wave offset 1506 and
Q-wave onset 1514 are identified for each cardiac cycle in the
ECG recording. A group of cardiac cycles is identified with
nearly identical RR intervals (e.g. RR intervals differ by
<10%) and the mean QT interval for this group of cardiac
cycles is computed. The S3 search window for a cardiac cycle
is subsequently based upon the location of Q-onset for that
cardiac cycle and the mean QT interval for the group.
FIG. 15 shows an example acoustical recording with S1
(1706), S2 (1703), and S3 (1701) heart sounds present
aligned in time with a representative ECG recording. S3
search windows 1705 spans from mark 1704 to mark 1702.
Note that for illustrative purposes, S2 heart sounds 1703 have
not been blanked in FIG. 15. Referring to FIG. 16, 8 acous
tical recording segments spanning S3 search window 1803
from time 1801 to 1802 have been synchronized based upon
T-wave offset 1806 of the corresponding ECG signal and
blanking window 1504 has been applied. The matrix of these
acoustical recording segments is formed in step 1611. Creat
ing a matrix results in creation of a multidimensional space
where signal and noise can be orthogonalized via blind source
separation techniques, which are (in one or more embodi
ments) carried out as described in U.S. Pat. No. 8,632,465.
For instance, noise may be removed from a pseudoperiodic
signal by segmenting the signal and combining the segments
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pal component analysis (PCA), independent component
analysis (ICA), or eigenvalue decomposition is applied in
step 1612. The process of constructing a matrix of segmented
quasiperiodic signals followed by application of blind source
separation (BSS) techniques to extract signal from noise is
described in U.S. Pat. No. 8,632,465 included herein by ref
erence. The output of the blind source separation provides
two signals: a denoised heart sound signal and a noise signal.
Signal 1805 is representative of the denoised heart sound
signal produced by BSS.
In an alternate embodiment the matrix is decomposed
using a time-frequency transform, such as a wavelet trans
form, followed by application of BSS on the resulting sub
components. In yet another embodiment, a time-frequency
transform is applied to the acoustical signal prior to segmen
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quency transform allows for signal components to be sepa
rated in time and frequency and creates additional dimensions
in the space to facilitate better signal and noise separation.
The BSS results in orthogonalization of independent compo
ments and separation of signal from noise based upon relative
energy. The orthogonalized subcomponents with low signal
power are often associated with noise and are removed to
achieve denoising. The orthogonalized subcomponents with
high signal power are used to reconstruct the denoised heart
sound signal using an inverse time-frequency transform.
Once the heart sound and noise signals are separated, the
amplitude or energy of the heart sounds signal corresponding
to S3 location is measured and compared to the amplitude or
powerofambient noise from outside of the S3 location. In one
embodiment, heart sound power (HSp) and noise power (Np)
are computed at 1613 as the root mean square of each signal.
A ratio HSp/Np is computed in 1614 and compared to thresh
old Th2 in 1615 to determine if S3 sounds are present. In one
embodiment S3 power for a patient is used to measure a
relative severity score. In some embodiments, the history of
this severity score is tracked to assess the trend of the patient’s
condition.

In one embodiment, an S3 search window is established in
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the acoustical signal for each cardiac cycle spanning from
T-wave offset to QRS onset of the following cycle. In some
embodiments the S3 search window begins after the S2 heart
sound, starting at the T-wave offset plus a time slightly longer
than the duration of a typical S2 sound in order to eliminate at
least a portion of the S2 heart sound from the acoustical
recording.
In some embodiments, the presence of either S3 (reference
1503 in FIG. 13) or S4 (reference 1508 in FIG. 13) heart
sounds is detected. If either S3 or S4 heart sounds were

detected, a message could be sent to a care provider that the
patient may warrant closer examination to assess their medi
cal condition. In one embodiment for detecting the presence
55

of either one or a combination of S3 and S4 heart sounds,

into a matrix, as characterized therein. In some embodiments,

search window 1512 is employed in order to include the
portion of the cardiac cycle where S3 heart sound 1503 and S4
heart sound 1508, if present, would occur. S3+S4 search
window 1512 would hence replace “S3 search window” in
steps 1610 and 1611, “S3 and S4 absent” would replace step
1616, and “S3 or S4 present” would replace step 1617. Other
steps described in FIG. 14 are implemented similarly to those

the matrix formed in 1611 includes between 8 and 64 search

used for detection of S3 in isolation.
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windows, with more or fewer cardiac cycles used for other
embodiments.

In one embodiment, the matrix is processed using one or
more blind source separation (BSS) methods such as, princi

In some embodiments, S4 is detected in isolation. This can
65

be accomplished by defining a search window 1513 that
comprises the time segment of the cardiac cycle containing
the S4 sound. In one embodiment, S4 search window 1513 is
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defined as the time from about P-wave onset 1510 to Q-wave

22
What is claimed is:

onset 1507. In another embodiment, an S4 search window is

defined as starting at T-wave offset time 1506 and blanking
the acoustical signal for the duration of S3 search window
1509. Extraction of the S4 signal and detection of its presence
in either of these embodiments may proceed as described
previously for detection of S3.
The various embodiments as discussed herein may be
implemented using a variety of structures and related opera
tions/functions. For instance, one or more embodiments as

described herein may be computer-implemented or com
puter-assisted, as by being coded as software within a coding
system as memory-based codes or instructions executed by a
computer processor, microprocessor, PC or mainframe com
puter. Such computer-based implementations are imple
mented using one or more programmable circuits that include
at least one computer-processor and internal/external
memory and/or registers for data retention and access. One or
more embodiments may also be implemented in various other
forms of hardware such as a state machine, programmed into
a circuit such as a field-programmable gate array, and/or
implemented using electronic circuits such as digital or ana
log circuits. In addition, various embodiments may be imple
mented using a tangible storage medium that stores instruc
tions that, when executed by a processor, performs one or
more of the steps, methods or processes described herein.
These applications and embodiments may also be used in
combination; for instance certain functions can be imple
mented using discrete logic (e.g., a digital circuit) that gen
erates an output that is provided as an input to a processor.
Various modules may be implemented to carry out one or
more of the operations and activities described herein and/or
shown in the figures. In these contexts, a “module” is a circuit
that carries out one or more of these or related operations/
activities (e.g., ascertaining a signal characteristic, or com
puting a value based upon such ascertained characteristics).
For example, in certain of the above-discussed embodiments,
one or more modules are discrete logic circuits or program
mable logic circuits configured and arranged for implement
ing these operations/activities, as in the circuit modules
shown in the Figures. In certain embodiments, such a pro
grammable circuit is one or more computer circuits pro
grammed to execute a set (or sets) of instructions (and/or
configuration data). The instructions (and/or configuration
data) can be in the form offirmware or software stored in and
accessible from a memory (circuit). As an example, first and
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chronized with the heart sounds;
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claims.

3. The method of claim 1, wherein computing heart sound
and noise components of the acoustical vibration using blind
source separation includes using at least one of:
principal component analysis;
eigenvalue decomposition; and
independent component analysis.
4. The method of claim 1, further including applying a
time-frequency decomposition to one of the array of identi
fied segments and the acoustical vibration, prior to computing
the heart sound and noise components.
5. The method of claim 4, wherein applying a time-fre
quency decomposition includes using at least one of:
a wavelet related transform:
a Gabor transform;
a Fourier transform;
a discrete cosine transform; and
a filter bank.
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tivities.

Based upon the above discussion and illustrations, those
skilled in the art will readily recognize that various modifi
cations and changes may be made to the present invention
without strictly following the exemplary embodiments and
applications illustrated and described herein. For example,
different types of signal collecting devices may be used. Such
modifications do not depart from the true spirit and scope of
the present invention, including that set forth in the following

2. The method of claim 1, wherein detecting the presence
of a heart sound includes detecting the presence of a S3 heart
sound based upon characteristics of the energy in the heart
sound and noise components being indicative of S3 heart
sounds.
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second modules include a combination of a CPU hardware

Certain embodiments are directed to a computer program
product (e.g., nonvolatile memory device), which includes a
machine or computer-readable medium having stored
thereon instructions which may be executed by a computer
(or other electronic device) to perform these operations/ac

constructing an array of the identified segments from each
of the plurality of cycles;
computingheart sound and noise components of the acous
tical vibration using blind source separation; and
detecting the presence of a heart sound based upon energy
in the heart sound components and the noise compo
mentS.
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based circuit and a set of instructions in the form offirmware,
where the first module includes a first CPU hardware circuit
with one set of instructions and the second module includes a
second CPU hardware circuit with another set of instructions.

1. A method comprising:
identifying a plurality of cardiac cycles in an electrical
signal representative of an electrocardiogram (ECG)
from a subject;
for each of the plurality of cardiac cycles,
identifying T-wave offset of the ECG, and
identifying a segment of an acoustical vibration repre
sentative of heart sounds from the subject, based upon
a T-wave offset time of a corresponding ECG syn
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6. The method of claim 1 wherein computing heart sound
and noise components of the acoustical vibration using blind
source separation includes preforming principal component
analysis followed by independent component analysis.
7. The method of claim 1 wherein identifying the segment
of the acoustical vibration based upon the T-wave offset time
includes beginning each identified segment at T-wave offset.
8. The method of claim 1, further including identifying the
approximate location of an S2 heart sound for at least one of
the identified segments of the acoustical vibration and blank
ing at least a portion of said S2 heart sound, wherein detecting
the presence of a heart sound includes detecting the presence
of an S3 heart sound, based on the blanking of the at least a
portion of the S2 heart sound.
9. The method of claim 1, wherein identifying the segment
includes identifying a segment that terminates about 100
msec prior to a Q-wave onset of a subsequent cardiac cycle.
10. The method of claim 1, wherein identifying the seg
ment includes detecting one of P-wave onset or P-wave peak
of a subsequent cardiac cycle, and terminating the segment at
the detected one of the P-wave onset or the P-wave peak.
11. The method of claim 1, further including computing the
energy of the heart sounds as the root mean square of the
computed heart sound components.
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12. An apparatus comprising:
an input circuit;
a computer circuit configured and arranged with the input
circuit to:

receive an electrical signal representative of an electro
cardiogram (ECG) from a subject;
identify a plurality of cardiac cycles in the electrical
signal;
for each of the plurality of cardiac cycles,
identify T-wave offset of the ECG, and
identify a segment of an acoustical vibration repre
sentative of heart sounds from the subject, based
upon a T-wave offset time of a corresponding ECG
synchronized with the heart sounds;
construct an array of the identified segments from each
of the plurality of cycles;
compute heart sound and noise components of the
acoustical vibration using blind source separation;
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and

detect the presence of a heart sound based upon energy
in the heart sound components and the noise compo
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nents.

13. The apparatus of claim 12, wherein the computer cir
cuit is configured and arranged to detect the presence of a
heart sound by detecting the presence of an S3 heart sound
based upon characteristics of the energy in the heart sound
and noise components being indicative of S3 heart sounds.
14. The apparatus of claim 12, wherein the computer cir
cuit is configured and arranged to apply a time-frequency
decomposition to one of the array of identified segments and
the acoustical vibration, prior to computing the heart sound
and noise components.
15. The apparatus of claim 12 wherein the computer circuit
is configured and arranged to compute heart sound and noise
components of the acoustical vibration using blind source
separation by preforming principal component analysis fol
lowed by independent component analysis.
16. The apparatus of claim 12 wherein the computer circuit
is configured and arranged to identify the segment of the
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acoustical vibration based upon the T-wave offset time by
beginning each identified segment at T-wave offset.
17. The apparatus of claim 12, wherein the computer cir
cuit is configured and arranged to:
identify the approximate location of an S2 heart sound for
at least one of the identified segments of the acoustical
vibration, and blank at least a portion of said S2 heart
sound, and
detect the presence of a heart sound by detecting the pres
ence of an S3 heart sound, based on the blanking of the
at least a portion of the S2 heart sound.
18. The apparatus of claim 12, wherein the computer cir
cuit is configured and arranged to identify the segment by
identifying a segment that terminates about 100 msec prior to
the Q-wave onset of the subsequent cardiac cycle.
19. The apparatus of claim 12, wherein the computer cir
cuit is configured and arranged to identify the segment by
detecting one of P-wave onset or P-wave peak of a subsequent
cardiac cycle, and terminating the segment at the detected one
of the P-wave onset or the P-wave peak.
20. An apparatus comprising:
means for identifying a plurality of cardiac cycles in an
electrical signal representative of an electrocardiogram
(ECG) from a subject;
means for, for each of the plurality of cardiac cycles,
identifying T-wave offset of the ECG, and
identifying a segment of an acoustical vibration repre
sentative of heart sounds from the subject, based upon
a T-wave offset time of a corresponding ECG syn
chronized with the heart sounds;
means for constructing an array of the identified segments
from each of the plurality of cycles;
means for computing heart sound and noise components of
the acoustical vibration using blind source separation;
and

means for detecting the presence of a heart sound based
upon energy in the heart sound components and the
noise components.

