a2 United States Patent

Gupta et al.

US009968275B2

US 9,968,275 B2
*May 15, 2018

(10) Patent No.:
(45) Date of Patent:

(54) NON-INVASIVE METHOD AND SYSTEM
FOR CHARACTERIZING
CARDIOVASCULAR SYSTEMS

(71) Applicant: Analytics For Life, Ganaoque (CA)

(72) Inventors: Sunny Gupta, Amherstview (CA);
Mohsen Najafi Yazdi, Kingston (CA);
Timothy William Faweett Burton,
Ottawa (CA); Shyamlal Ramchandani,
Kingston (CA); Derek Vincent Exner,
Calgary (CA)

(73) Assignee: Analytics For Life Inc., Toronto (CA)

(*) Notice:  Subject to any disclaimer, the term of this

patent is extended or adjusted under 35
U.S.C. 154(b) by 0 days. days.

This patent is subject to a terminal dis-
claimer.

(21)  Appl. No.: 15/588,148
(22) Filed: May 5, 2017

(65) Prior Publication Data
US 2017/0332927 Al Now. 23, 2017

Related U.S. Application Data

(63) Continuation of application No. 15/061,090, filed on
Mar. 4, 2016, now Pat. No. 9,655,536, which is a

(Continued)
(51) Imt. CL
A6IB 5/00 (2006.01)
AGIB 5/0402 (2006.01)
(Continued)
(52) US. CL
CPC .......... AG6IB 5/0402 (2013.01); A61B 5/0205
(2013.01); A6IB 5/044 (2013.01);
(Continued)

(58) Field of Classification Search
CPC ... A61B 5/0468; A61B 5/0452; A61B 5/0006;
A61B 5/0013; A61B 5/0024

(Continued)
(56) References Cited
U.S. PATENT DOCUMENTS

5,029,082 A 7/1991 Shen et al.
6,325,761 BLl* 12/2001 Jay ...ccccooovvrvnnne. A61B 5/0205
600/323

(Continued)

FOREIGN PATENT DOCUMENTS

WO 2012/106729 8/2012

OTHER PUBLICATIONS

Benmalek, M., et al., “Digital fractional order operators for R-wave
detection in electrocardiogram signal,” IET Signal Processing, vol.
3, Issue 5, 2009, pp. 381-391.

(Continued)

Primary Examiner — Nadia A Mahmood
(74) Attorney, Agent, or Firm — Meunier Carlin &
Curfman LLC

(7) ABSTRACT

The present disclosure uses physiological data, ECG signals
as an example, to evaluate cardiac structure and function in
mammals. Two approaches are presented, e.g., a model-
based analysis and a space-time analysis. The first method
uses a modified Matching Pursuit (MMP) algorithm to find
anoiseless model of the ECG data that is sparse and does not
assume periodicity of the signal. After the model is derived,
various metrics and subspaces are extracted to image and
characterize cardiovascular tissues using complex-sub-har-
monic-frequencies (CSF) quasi-periodic and other math-
ematical methods. In the second method, space-time domain
is divided into a number of regions, the density of the ECG
signal is computed in each region and inputted into a
learning algorithm to image and characterize the tissues.

24 Claims, 19 Drawing Sheets




US 9,968,275 B2
Page 2

(60)

(31)

(52)

(58)

Related U.S. Application Data

continuation of application No. 13/970,580, filed on

Aug. 19, 2013, now Pat. No. 9,289,150.

Provisional application No. 61/684,217, filed on Aug.
17, 2012.

Int. CL

A61B 5/04 (2006.01)

AG6IB 5/044 (2006.01)

A61B 5/0205 (2006.01)

AG6IB 5/1455 (2006.01)

A61B 5/021 (2006.01)

U.S. Cl

CpC ... A61B 5/04011 (2013.01); A61B 5/04012

(2013.01); A61B 5/04017 (2013.01); A61B
5/14551 (2013.01); A61B 5/7235 (2013.01);
A61B 5/021 (2013.01); A61B 2576/023
(2013.01)
Field of Classification Search
USPC v, 600/508, 523, 529, 509
See application file for complete search history.

(56) References Cited

U.S. PATENT DOCUMENTS

6,709,399 Bl 3/2004 Shen et al.
2002/0156385 Al  10/2002 Feng et al.
2009/0312648 Al* 12/2009 Zhang ..o A61B 6/541

600/483
2011/0087121 Al 4/2011 Zhang et al.
2013/0046151 Al 2/2013 Bsoul et al.
2014/0309707 Al  10/2014 Marculescu et al.
OTHER PUBLICATIONS

Exner, D.V.,, ¢t al., “Noninvasive Risk Assessment Early After a
Myocardial Infarction,” Journal of the American College of Cardi-
ology, vol. 50, No. 24, 2007, pp. 2275-2284.

Mallat, S.G., et al.,, “Matching Pursuits with Time-Frequency Dic-
tionaries,” IEEE Transactions on Signal Processing, vol. 41, No. 12,
1993, pp. 3397-3415.

Final Office Action in co-pending U.S. Appl. No. 14/620,388, dated
Oct. 10, 2017.

Yang, H. et al, “Spatiotemporal representation of cardiac
vectorcardiogram (VCG) signals”, BioMedical Engineering
OnlLine, 11, 16, Mar. 2012.

* cited by examiner



U.S. Patent

Start
Modeled ECGis split ¢
100to 700 or more | . intothelow energy |
consecutive seconds of | # complex sub harmonic |
{ECG data is gathered on | subspace (CSF)
i each of single 12 lead 112
i or3feadorthogonal | F esseeegeessesseeed
leads
102
VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVV ‘3
Defayed phase space |
Signatis normalized reconstruction is used |
and baseline wander to move the single or 3 ¢
are removed using a lead or 12 lead CSF ECG §
modified moving into a 3 or higher
average filter dimensional space
104 114
| w
Modified Matching
Pursuit {MMP) The space-time domain
algorithm tofinda | is dividedinto 12
 noiseless model of the | Regions or higher and |
: ECG the density of the signal |
' 106 | is computed for each |
‘ region
116

May 15, 2018

Sheet 1 of 19

Delayed phase space ©
reconstructionis used :

 to move the single or 3

E!ead or 12lead ECGinto :

a3 or higher
dimensional space
108

A 4
: k 4
The space-time domain
is divided into 12 | These 24 quantities or
regions or higher and higher are fed into a
the density of the signal nested sinusoidal |
& compute.d for each Gaussians to generate ;
region :
110

]

17 segments model for |
the regional analysis of

myocardial perfusion

118

US 9,968,275 B2



U.S. Patent May 15,2018  Sheet 2 of 19 US 9,968,275 B2

k4 4
Any cardiovascular imaging ECG Space-Time based
: modality analysis
150 154
A4
i Specificimage derived : ¥
i metrics such as Left/right : ] N
ventricular mass : | Evaluation of Spacemme ;
estimation, density fo‘r different
i scaranalysis using fate | regions
i gadolinium enhancement : 156
i from cardiac magnetic &
resonance imaging.
152
‘ k 4
» Genetic Algorithm
g 158
] kA .
‘,r""’!maging modality linked 5
ECG model i

FIG 1B



U.S. Patent May 15,2018  Sheet 3 of 19 US 9,968,275 B2

Model-based Analysis

Base-line
Removal
204

\ |
Phase Space | |

Dictionary
-ELG'——Z Selection
208

Model |
Estimation &—
210 :

;;;;;;;;;;;;;;;; i Uy

Subspace |
Extraction ¢
212




U.S. Patent May 15,2018  Sheet 4 of 19 US 9,968,275 B2

Phase Space Transformation
206

¥ ‘
Synchronization with a pre-defined dynamical
system of order at least 3 ‘

302

k4
Finda semi-optimal state that
magnifies dynamical features of N-D ECG
304

v
Create new
N-D ECG
Dataset with
magnified
features
306




U.S. Patent May 15,2018  Sheet 5 of 19 US 9,968,275 B2

Dictionary Selection
208

Comparing
dynamical 1§
features of N-D}
ECGwithal |
dictionaries |
402

Selecting
those
dictionaries |
that have most |
similarity with |
the data |
404




U.S. Patent May 15,2018  Sheet 6 of 19 US 9,968,275 B2

Model Estimation
210

¥

DECG

selected
dictionaries
502

Calculating N- {

correlation with
all atoms in the}

4

Reading atoms
correlations from a
pre-calculated
database
204

\:d

Adding the atom that minimizes a
pre-defined cost function ( a metric |
that quantifies the distance |
between the model and the target |
function ) ?

506

heckin
stopping

FIG. 5

condition
508

Yes
¥

Calculating the {
coefficients of |
all selected |
atoms in the |

model |

510




US 9,968,275 B2

Sheet 7 of 19

, 2018

o

May 15

U.S. Patent

{g=

e jRE

Pt Rt
’ Tl

i,

e

PREa



US 9,968,275 B2

Sheet 8 of 19

,2018

o

May 15

U.S. Patent

aoedsgns mwo. Ol
SJ0INGUIUOD B4k anjg pue
pal usamyaq sainuedaq

L Old




US 9,968,275 B2

B
w
o
123
=
=

=N

p—

o

)

=N

N

@

>

=

R

o

o

=

Q

v

—

>

=

U.S. Patent

Severe

}

Mild

ity

Normal

Abnorma

FIG. 8B

.
ﬁ%%&\\wwmﬁm%

..w)
e B2
&m) S
ﬂv.. ‘t&n.

: W
E 2

P . T e 3R
e ome wr e wer vy

I e
s ‘

=

g B3R Y

%%\%%\%&%&%&%ﬁ

e
.

) S R ow
2 & - =

e W% R e

.......
o P 7 Radi Bl o o o I

%@m\\

(TR
{

dd-avderaiaters

iR

N e W

2

15180,

ARTERIAL

LAf =

ROA = 345301
(RS SR ERERFS




US 9,968,275 B2

Sheet 10 of 19

,2018

o

May 15

U.S. Patent

V6 Old

(¥ =2) L-pouad

DA




US 9,968,275 B2

Sheet 11 of 19

,2018

o

May 15

U.S. Patent

g6 "Oid

(9 =9)z-pousad




J6 Ol

US 9,968,275 B2

(Hx ()4

(=

— B e
— e
1= .
~

—

N

o5y

>

=]

wn

)

—

=

P

Vel

—

)

=

(58 =2) p-pouad

U.S. Patent

it Rt 413

L gL

1)z



U.S. Patent

May 15, 2018

Sheet 13 of 19

Period-8 {¢c = 8.7 )

i
;
: !
g o ¢
y | .'
: s
LA
N FR2Y
i 1 ‘( ]
S
/ / ; H ," /
A o o & © hd [2 <
-~ - -

US 9,968,275 B2

Xt

y{t}

FIG. 9D



U.S. Patent May 15,2018  Sheet 14 of 19 US 9,968,275 B2

%
3
v
i
L
Sigoo®
b4
- L
- s
O TN
4
i
{141
c.
N
%

T
i
: [
: Cte
: oy
: T
K : ; ‘;‘
: . i
R w
! { i ! { f
% & 8 ¢ =2 @



US 9,968,275 B2

46 Ol

{x (A

Sheet 15 of 19

,2018

o

May 15

U.S. Patent

WWHY.\.%..:. L8
= e O
Sz

-0

g5
T
——
e I

i+ 4

{ gL = 2 ) soeyd ur-pajjd



U.S. Patent

May 15, 2018

Sheet 16 of 19

US 9,968,275 B2

sl pekgrin

b peteroseptsl
it infarnyeptal
&b infarior »
al infaraiatersd

i anterolubers &

i infaripe

apical intarat

vid inforoiaberal
antarnistarsd

pival antarine

IOV

pical infariur

Edanted

5 e

FIG. 10A

S

VERTICAL LONG ARl

FIG. 108




U.S. Patent May 15,2018  Sheet 17 of 19 US 9,968,275 B2

Blinded estimation of left ventricular mass by high-
resolution ECG vs. cardiac magnetic resonance [N = 39},

’&W
mean difference -3.7 grams
{99% L1130, 5.7 grams)

-

VS

S4%ER

Bverige

FIG. 11



U.S. Patent May 15,2018  Sheet 18 of 19 US 9,968,275 B2

Blinded estimation of left ventricular fibrosis by high-
resolution ECG vs. cardiac magnetic resonance expressed as
percent late gadolinium enhancement {N = 30},

mean difference 0.4%

& -
(95% C1 -0.5%, 1.2%)
&
g
g @ = :
2 .
g ! {} 2
o
,,* P
& % i 1% %
Bewrage



U.S. Patent May 15,2018  Sheet 19 of 19 US 9,968,275 B2

Blinded regional localization of left ventricular abnormality
{hypertrophy / fibrosis) by high-resolution ECG vs. cardiac
magnetic resonance {N = 30).

Overall agreement 80%
Kappa 0.66; p < 0.0601
{expected agreement 42%)

CMR Abnormality

None Septal  Lateral

 Naone 5 1 O
p
=
g Septal 1 15 0
£ |
&
3 E Lateral 1 3 4
VI~ 4

FIG 13



US 9,968,275 B2

1
NON-INVASIVE METHOD AND SYSTEM
FOR CHARACTERIZING
CARDIOVASCULAR SYSTEMS

CROSS-REFERENCE TO RELATED
APPLICATION

This is a continuation application of U.S. patent applica-
tion Ser. No. 15/061,090, filed Mar. 4, 2016, now U.S. Pat.
No. 9,655,536, which is a continuation application of U.S.
patent application Ser. No. 13/970,580, filed Aug. 19, 2013,
now U.S. Pat. No. 9,289.150, which claims priority to, and
the benefit of, U.S. Provisional Patent Appl. No. 61/684,217,
filed on Aug. 17, 2012, each of which is incorporated by
reference herein in its entirety.

BACKGROUND

The current algorithms employed in signal processing of
electrocardiographic (ECG) signals are rudimentary and
have limited diagnostic accuracy. In fact, validated and
accepted ECG scoring systems like the Selvester score have
only a 71% accuracy in detecting a previous myocardial
infarction when compared to cardiac magnetic resonance
(CMR) imaging and the ECG is recognized as having
significant limitations in ruling in or ruling out an acute
myocardial infarction. The ability of the ECG to detect left
ventricular hypertrophy and other conditions is also
extremely limited. In fact, the ECG not recommended to be
used to rule out left ventricular hypertrophy in patients with
hypertension. We claim that analysis of ECG data can be
improved upon using techniques to identify and quantify
phase space changes to localize, image, and characterize
architectural features and function of cardiovascular and
other mammalian tissues.

There are various time domain and frequency domain
signal-processing techniques which are being used for the
analysis of physiological signals to obtain more detailed
information. While time domain techniques are often used,
they alone are incapable of quantifying certain fluctuation
characteristics of a number of pathologies related to physi-
ological signals. For example, traditional methods for per-
forming frequency-domain analysis of surface ECG signals,
such as the Fourier transform, are limited since they do not
address the aperiodic random nature of biological and elec-
tromagnetic noise. For example, complex ECG waveforms
with large variation in their morphologies have been shown
to occur with the development of arrhythmias. Dominant
frequency analysis on ECG data can be problematic since
non-linear dynamic systems can appear to generate random
noise. Discrete fast Fourier transforms and wavelet analysis
have been shown experimentally to be incapable of detect-
ing deterministic chaos in the presence of strong periodicity
which tends to obscure the underlying non-linear structures.

BRIEF SUMMARY

The present disclosure generally relates to non-invasive
methods and techniques for characterizing mammalian car-
diovascular systems. More specifically, the present disclo-
sure relates to non-invasive methods that utilize electrocar-
diographic (ECG) phase space data to localize, image, and
characterize architectural features and function of the myo-
cardium and cardiovascular tissues.

The present disclosure uses physiological data, ECG
signals as an example, to evaluate cardiac structure and
function in mammals. However, it is also claimed that other
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physiological data can similarly be used to image and
characterize other organ systems in mammals using a similar
approach. The present disclosure provides an improved and
efficient method to image and characterize the heart using a
high-resolution ECG data. It is claimed that these ECG data
can be used to identify, localize, and characterize cardio-
vascular tissues. ECG waveforms possess high-dimensional
data with complex nonlinear variability that cannot be
efficiently captured by traditional modeling techniques. Two
approaches, namely model-based analysis and space-time
analysis, are used to study the dynamical and geometrical
properties of ECG data. The first method uses a modified
Matching Pursuit (MMP) algorithm to find a noiseless
model of the ECG data that is sparse and does not assume
periodicity of the signal. After the model is derived, various
metrics and subspaces are extracted to image and charac-
terize cardiovascular tissues using complex-sub-harmonic-
frequencies (CSF) quasi-periodic and other mathematical
methods. In the second method, space-time domain is
divided into a number of regions (12 regions for ventricular
tissue, see FIGS. 10A and 10B and 6 regions for atrial
tissues); the density of the ECG signal is computed in each
region and inputted into a learning algorithm to image and
characterize the tissues.

As such, the present disclosure provides for a non-
invasive system and method whereby ECG measurements
can be taken and transformed to characterize and image
architectural features of cardiovascular and other tissues.
Further, the present disclosure provides a system and
method to image (inverse ECG problem) and localize archi-
tectural features and function of cardiovascular tissues.

DESCRIPTION OF THE DRAWINGS

Exemplary embodiments of the present disclosure will
hereinafter be described in conjunction with the following
drawing figures, wherein like numerals denote like elements,
and wherein:

FIGS. 1A and 1B show an overview of processes and
algorithms to obtain a phase space representation and to
derive a three-dimensional (3-D) model of the heart;

FIG. 2 shows the steps of the model-based analysis to
derive a noiseless model from ECG data using an MMP
algorithm;

FIG. 3 presents process of phase space transformation;

FIG. 4 Mlustrates the process of selecting the best dic-
tionaries;

FIG. 5 illustrates model estimation process where sparse
linear expansion of selected atoms is used to mimic the ECG
signal;

FIG. 6 illustrates one embodiment of a method whereby
MMP can be used to generate a 3-D vectorgram, where the
blue trajectories are the raw ECG signal plotted in 3 dimen-
sions and red trajectories are the MMP model of the blue;

FIG. 7 shows a CSF trajectory derived from an MMP
model of the ECG;

FIG. 8A shows a 3-D model of a heart where abnormal
electrical/anatomical features are highlighted in red. FIG. 8B
is the representation of this data using a 17-segment cardiac
anatomical map in common USE;

FIGS. 9A-9F present different dynamical behaviors of
Rossler system for different values of its parameter, c;

FIGS. 10A and 10B illustrate definitions of regions of the
heart;

FIG. 11 demonstrates the ability of the disclosed methods
to quantify left ventricular mass from only a high resolution
ECG signal. This Bland-Altman plot indicates that the
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quantification of left ventricular mass by ECG using the
methods disclosed is comparable to that of cardiac magnetic
resonance (CMR) imaging, with clinically acceptable accu-
racy;

FIG. 12 demonstrates the ability of the disclosed methods
to quantify left ventricular fibrosis from only a high reso-
lution ECG signal. This Bland-Altman plot indicates that the
quantification of left ventricular fibrosis by ECG using the
methods disclosed is comparable to that of CMR late
gadolinium enhancement (LGE) imaging, with clinically
acceptable accuracy; and

FIG. 13 demonstrates the ability of the disclosed methods
to localize alterations in cardiac tissues, in this case hyper-
trophy/fibrosis, from only a high resolution ECG signal and
the methods disclosed. This three-by-three table indicates
that the localization by ECG using the methods disclosed is
comparable to that of CMR.

DETAILED DESCRIPTION

FIGS. 1A and 1B illustrate a high-level overview of the
various processes and algorithms implemented by the pres-
ent disclosure to obtain a phase space representation and to
derive a 3-D model of the heart. Referring to FIG. 1A, there
is illustrated an operational flow diagram for the regional
analysis of myocardial perfusion. At 102, 100 to 700 or more
consecutive seconds of ECG data is gathered on each of
single 12 lead or 3 lead orthogonal leads. At 104, the signal
is normalized and baseline wander are removed using a
modified moving average filter. At 106, a Modified Match-
ing Pursuit (MMP) algorithm may be used to find a noiseless
model of the ECG data. At 108, delayed phase space
reconstruction is used to move the single or 3 lead or 12 lead
ECG into a 3 or higher dimensional space. At 110, the
space-time domain is divided into 12 regions or higher and
the dynamical density of the signal is computed for each
region.

Dynamical signal density can be computed using non-
Fourier or Fourier n dimensional fractional integral summa-
tion across all ECG leads on the derived model over the scan
window. Typically the order of fractional integral could be
-1.5 or =2.5 or any irrational, complex or real number.

Referring back to 106, the flow also proceeds to 112,
where the modeled ECG is split into the low energy complex
sub harmonic subspace (CSF). At 114, delayed phase space
reconstruction is used to move the single or 3 lead or 12 lead
CSF ECG into a 3 or higher dimensional space. At 116, the
space-time domain is divided into 12 Regions or higher and
the density of the signal is computed for each region. At 118,
the outputs of 110 and 116 are use to as 24 quantities (or
higher) that are fed into a nested sinusoidal Gaussians to
generate 17 segments model for the regional analysis of
myocardial perfusion.

Referring to FIG. 1B, there is a process for generating a
genetic algorithm. At 150, any cardiovascular imaging
modality is input. At 152, specific image derived metrics
such as Left/right ventricular mass estimation, scar analysis
using late gadolinium enhancement from cardiac magnetic
resonance imaging. Alternatively or additionally, at 154, an
ECG Space-Time based analysis is input. At 156, an evalu-
ation of Space-Time density for different regions is per-
formed. At 158, the output of 152 and/or 156 may be used
to generate a genetic algorithm. At 160, an imaging modality
linked ECG model is created.

Aspects of FIGS. 1A and 1B are described in more detail
below.
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FIG. 2 illustrates the steps of the model-based analysis to
derive a noiseless model from ECG data using an MMP
algorithm. Step 204 shows the baseline removal step, step
206 represents the phase space transformation step, step 208
presents the dictionary selection step, step 210 illustrates the
mode] estimation step and step 212 demonstrates the sub-
space extraction step. In FIG. 2, at 202, N-dimensional ECG
is input to a modified moving average filter to remove the
baseline wander from the data. The output then goes to a
phase space transformation process at 206 in which a
dynamically rich system (a system that can exhibit many
different dynamical behaviors at different values of its
parameters) is synchronized with a physiological signal, in
this case ECG data, to magnify its dynamical features. For
example, Rossler is a good choice as it exhibits various
behaviors for different values of its parameters. The defining
equations of Rossler system are as follows:

k=-y-2z
y=x+ay

Z=b+z(x-c)

where a, b, and ¢ are some constants. For fixed values of
a=b=0.1, Rossler system exhibits the following behavior for
different values of c.

TABLE 1
Value of ¢ Dynamical Behavior Phase Space
c=4 Period-1 Orbit FIG. 9.A
c=6 Period-2 Orbit FIG. 9.B
c=85 Period-4 Orbit FIG. 9.C
c =87 Period-8 Orbit FIG. 9.D
c=13 Sparse Chaos FIG. 9.E
c=18 Filled-in Chaos FIG. 9.F

The ECG data is synchronized with Rossler system and
then a semi-optimal state is identified that magnifies
dynamical features of the physiological signal under study,
FIG. 3.

In accordance with FIG. 3, at 302, the ECG is synchro-
nized with a dynamical system. Next, at 304, a semi-optimal
state that magnifies the dynamical features of the ECG is
found. This creates a new ECG dataset with magnified
features at 306. Synchronization refers to phase space based
synchronization of the information of the ECG system to the
Rossler system. The subspaces that arise from the differ-
ences between the synchronization of these two systems are
the magnifications of the dynamical features of the ECG.
These subspaces comprise the new ECG dataset.

Referring again to FIG. 2, at 208, the obtained new dataset
is then used to find the best dictionary(ies) that can linearly
span the input. Each dictionary, D , is a family of waveforms
D ={g,liel} that is used to decompose the input. Various
dictionaries are now available such as Wavelet Packets,
Cosine Packets, Chirplets, and so on. In accordance with
some implementations, complex exponential sinusoids and
Time-Frequency are used over complete dictionaries syn-
chronized by a dynamically-rich family of post-transient
Rossler trajectories.

FIG. 4 illustrates the process of selecting the best dic-
tionaries. At 402, different dynamical features, such as
Lyapunov exponent and correlation dimension, of the ECG
or other physiological signal is compared with a family of
different dictionaries. At 404, those dictionaries that have
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most similarity to the dataset is selected to be used for model
estimation, i.e. the member atoms of the selected dictionar-
ies form the set of atoms that will be used in MMP. The
dynamical features of the ECG are compared with all the
dictionaries and the dictionaries are selected that have the
most similarity with the data

Referring again to FIG. 2, at 210, the next step is to find
a sparse model (extracted from the selected dictionaries) for
the physiological signal under study. For example, MMP
may be used, which is an iterative process that, at each step,
chooses the dictionary atom that best correlates with the
signal. This process continues until a pre-defined stopping
condition occurs, such as if the number of terms exceeds a
threshold and/or the distance of the model and the target in
the search space is smaller than a threshold. Finally, the
coeflicients of the selected atoms are computed.

FIG. 5 sketches the process of model estimation using
MMP. At 502, the correlation of the ECG dataset with all the
atoms in the selected dictionaries is computed. This infor-
mation, along with the pre-evaluated cross correlation of
atoms (504) is used to pick the best atom in each iteration in
order to minimize a pre-defined cost function that quantifies
a distance in a metric space, such as mean absolute error or
mean square error, between the model and the target wave-
form. After the addition of each atom at 506, a stopping
condition is consulted at 508 to determine whether further
iterations of the algorithm are necessary. This stopping
condition could take into account factors such as the number
of atoms already present in the model and the fit of the model
against the target waveform. If the stopping condition has
been satisfied at 508, the algorithm proceeds to 510 to
perform a calculation of the coefficients of the atoms. These
coeflicients are reclusively calculated using information
captured during the iteration of the algorithm in order to
optimize the fit of the model against the input waveform.
The process begins with reading pre-computed atom corre-
lations and computing the correlations between the input
waveform and the atoms. Atoms are iteratively added until
the stopping condition is satisfied, at which point the coef-
ficients are calculated

Returning to FIG. 2, at 212, different subspaces are
extracted from the derived model. Various subspaces,
namely CSF trajectory, quasi-periodic and chaotic sub-
spaces, low/high-energy subspace, and fractional derivative
of the low/high-energy subspace are extracted from the
derived model; however, possible subspaces that could be
extracted are not limited to these examples. Each of which
represents a dynamical abnormality in the tissue architec-
ture, structure and function.

The last 20% of the selected atoms are used to form a “low
energy subspace” signal corresponding to each of the leads.
These low energy signals can be called x(t), y(t), and z(t)
assuming 3 leads.

There are various time domain and frequency domain
signal processing techniques used for the analysis of physi-
ologic signals to obtain more detailed information. CSF
exist in many physiological signals, not just the cardiac
signals presented, and are likely indicative of other patho-
physiological processes not otherwise detectable using prior
art methods.

3-D Visualization

The output obtained after applying the MMP algorithm on
the ECG or other physiological signal, can be represented as
a 3-D phase space plot, as shown in FIG. 6. The illustrated
3-D phase space plot illustrates cardiac electrical conduction
patterns, and associated alterations in tissue architecture,
structure and function. This invention can be used, for
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6

example, to detect hypertrophy, ischemia, scar, abnormal
electrical channel function (channelopathies) and other
forms of inherited or acquired heart disease in mammals. In
addition, this method can be used to assess the effects
(positive and negative) of various interventions that include
medications, toxins, chemotherapeutic agents, surgical pro-
cedures, and other interventional procedures such as abla-
tion, pacing, shocks and electrical therapies, and genetic
therapies.

The 3-D phase space plot localizes the presence of CSF
related to altered tissue. For example, the CSF for the heart
can be measured as a time delay and as a 3-D trajectory in
the atrial and ventricular sub-spaces. CSF trajectory is
associated with those components of the ECG not captured
by the dictionary, i.e. there is no linear combination of the
atoms of the selected dictionaries that can represent the CSF
trajectory. FIG. 7 shows a CSF trajectory derived from an
MMP model of an ECG.

Examples of the 3-D phase space plot are shown in FIGS.
8-10. FIG. 8A shows a 3-D model of a heart where abnormal
electrical/anatomical features are highlighted in red. FIG. 8B
is the representation of this data using a 17-segment cardiac
anatomical map in common use (see FIGS. 10A and 10B).
FIGS. 9A-9F present different dynamical behaviors of
Rossler system for different values of its parameter, c. FIGS.
10A and 10B illustrate definitions of regions of the heart.

The 3-D phase space plot of the present disclosure may be
displayed by any type of computing device, including, but
not limited to, desktop computers, workstation computers,
server computers, cloud computing devices, tablet devices,
smart phones, and mobile computing devices.

A methodology will now be described below for produc-
ing output from an algorithm that correlates with clinical
parameters describing tissue architecture, structure and
function. Descriptive attributes in that class include left
ventricular mass and fibrosis as measured using CMR LGE
imaging. As indicated in FIGS. 11 and 12, cardiac mass and
fibrosis can be reliably detected and quantified using the
implementations of the present disclosure. For example, the
anatomic location of these changes can also be reliably
determined using the disclosed methods, as shown by the
data in FIG. 13.

FIG. 11 provides data related to the blind performance of
the preceding formula for predicting left ventricular mass
from just a high resolution ECG signal, compared to CMR,
a method for assessing left ventricular mass. These data
indicate that the methods disclosed provide a left ventricular
mass value that is sufficiently close to the actual CMR value,
to support the use of ECG data analyzed using the methods
disclosed alone to quantify cardiac mass.

FIG. 12 provides data related to the blind performance of
the preceding formula for predicting fibrosis from just a high
resolution ECG signal, compared to CMR, a method for
assessing fibrosis, assessed as percent LGE. These data
indicate that the methods disclosed provide an estimate of
fibrosis that is sufficiently close to the actual CMR value, to
support the use of ECG data analyzed using the methods
disclosed alone to estimate the percent of cardiac fibrosis.

The algorithm utilizes space-time densities computed
using the space-time analysis method to create a predomi-
nantly time agnostic feature set representative of the dynam-
ics of the signal propagation through tissue. The space-time
metrics are then linked with clinical data sets, for example
left ventricular mass, using a genetic learning algorithm. The
subsequent result can then be used in independent data sets
to reliably characterize the tissues of interest as shown in
FIGS. 11, 12 and 13. Exemplar formulas for the clinical
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parameters related to these specific examples follow. It is
explicitly noted that the formulas below are being provided
solely as examples, and should not be construed as limiting
the disclosure, as recited in the claims, as variations, modi-
fications, and adaptations of the equations below to achieve
the functions of the present disclosure are considered to be
within the scope of the appended claims.

Example Formulas
Estimate of percent fibrosis as measured using CMR LGE
imaging=((cosh((gauss((SD1-SD2))))/(gauss((gauss((SD3/
SD4*SD35)))))*(gauss((cosh((gauss((SD6+(SD12/
(SDE*SDS))))))))))#+(((gauss((gauss(SD7))(SD*SDT)+
(gauss(((gauss(SD9))+(gauss(((SD10*SD8)+((SD3"2)
*SD7%*(gauss(SD11))N)/(SD1%#SD2))))))))+(SD3+SD4+
(SD6*(gauss((SD2*SD4))))+((SD5*(gauss(((SD7*SD3)/
((SD2*SD6)-(SD3*SD6))))))/SD3)+(gauss((SD1-
(SD3*SD8))))+(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD6))))))-((cosh((gauss((SD1-SD2)))))/((gauss
((gauss((SD4*SD5))))))*(gauss((cosh((gauss((SD6+(SD12/
(SD6*SDS))))))-((gauss((gauss(SD7)))/(SDS*SDT)+
(gauss(((gauss(SD9))+(gauss((SD10*SD8)+((SD3"2)
*SD7*(gauss(SD11))))/(SD1#SD2))))))))*gauss(((SD3+
SD4+(SD6*(gauss((SD2*SD4))))+((SD5*(gauss
(((SD7*SD3)/((SD2*SD6)-(SD3*SD6))))))/SD3)+(gauss
((SD1-(SD3*SD8))))+(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD6))))))"2+((cosh((gauss((SD1-SD2)))))/((gauss
((gauss((SD3/SD4*SDA5))))) *(gauss((cosh((gauss((SD6+
(SD12/(SD6*SD35)M)IN))) 2-((gauss((gauss(SD7)))/
((SD8*SD7)+(gauss(((gauss(SD9))+(gauss
((((SD10*SD8)+((SD3"2)*SD7*(gauss(SD11))))/
(SDI*SD)NNN)) 2)/((gauss((gauss(SDT))))/
((SD8*SD7)+(gauss(((gauss(SD9))+(gauss
(((SD10*SD8)+((SD3"2)*SD7*(gauss(SD11))))/
(SD1*SD2))))N))+(SD3+SD4+(SD6*(gauss
((SD2*SDM))))+((SD5*(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD6)))))/SD3)+(gauss((SD1-(SD3*SD8))))+(gauss
(((SD7*SD3)/((SD2*#SD6)-(SD3*SD6))))))+((cosh((gauss
((SD1-SD2)))))/((gauss((gauss((SD3/(SD4*SD5))))))*
(gauss((cosh((gauss((SD6+(SD12/(SD6*SD)MNN)))+
(SD3+SD4+(SD6*(gauss((SD2*SD4))))+((SD5*(gauss
(((SD7*SD3)/((SD2*SD6)-(SD3*SD6))))))/SD3)+(gauss
((SD1-(SD3*SD8))))+(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD6)))))) 2+((cosh((gauss((SD1-SD2)))))/((gauss
((gauss((SD3/(SD4*SD5))))))*(gauss((cosh((gauss((SD6+
(SD12/(SD6*SDS)MN)IN)) 2)) Veosh(((gauss((gauss
(SD7))))/((SD8*SDT)+(gauss(((gauss(SD9))+(gauss
(((SD10*SD8)+((SD3"2)*SD7*(gauss(SD11))))/
(SD1*SD2)))))))))cosh(((gauss((gauss(SD7))))/
((SD8*SD7)+(gauss(((gauss(SD9))+(gauss
((((SD10*SD8)+((SD3"2)*SD7*(gauss(SD11))))/
(SD1*SD2)))))))) 2/((SD3+SD4+(SD6*(2auss
((SD2*SD))))+((SD5*(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD6)))))YSD3)+(gauss((SD1-(SD3*SD8))))+(gauss
(((SD7*SD3)/((SD2*SD6)-(SD3*SD6))))))*((cosh((gauss
((SD1-SD2))))/((gauss((gauss((SD3/(SD4*SD5))))))*
(gauss((cosh((gauss((SD6+(SD12/(SD6*SD5)))))))))
*gauss(((cosh((gauss((SD1-SD2)))))/((gauss((gauss((SD3/
(SD4*SD5)))))*(gauss((cosh((gauss((SD6+(SD12/
(SD6*SD3)))H)))) 3*gauss(((gauss((gauss(SD7))))/
((SD8*SD7)+(gauss(((gauss(SD9))+(gauss
(((SD10*SD8)+((SD3"2)*SD7*(gauss(SD11))))/
(SD1*SD2))))))))+(SD3+SD4+SD6*(gauss
((SD2*SD4))))+((SD5*(gauss(((SD7*SD3)/((SD2*SD6)-
(SD3*SD06))))))/SD3)+(gauss((SD1-(SD3*SD8))))+(gauss
(((SD7*SD3)/((SD2*SD6)-(SD3*SD6))))))+(cosh((gauss
((SD1-SD2)))))/((gauss((gauss((SD3/(SD4*SD5))))))*
(gauss((cosh((gauss((SD6+(SD12/(SDE*SDS))NM))/
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8
((gauss((gauss(SD7))/((SD8*SD7)+(gauss(((gauss
(SD9))+(gauss(((SD10*SD8)+((SD3"2)*SD7*(gauss
(SDI))YSDI*SD2))N)))-((cosh((gauss((SD1-D2))))y
((gauss((gauss((SD3/(SD4*SD5))))))*(gauss((cosh((gauss
((SD6+(SD12/(SDE*SDS))MMMN)

SD=signal density

Estimation of left ventricular mass as measured using
CMR=((SD9+(8D4*(cosh(SD5))))/((gauss(SD5))+(gauss
(((SD1*SD10*SD7)/((((SD1*SD9*SD10*SD11*SD4)-
SDI11)-(SD9*SD10*SD12*SD7))-((SD172)
*SD10*SDS)))MHN+((((SD4+(SD1*SD2)+(SD5*SD3)+
(SD1*SD2*SD5))-SD8)/(cosh(((gauss((SD2+(SD4/
SD1))))-(cosh((gauss((gauss(((SD1*SD3)+((-SD3)/
SDSYMMMN*(SD2+(SD1*SD2)+(SD3/(SD2+
(SD8*SD3*(gauss(((SD2"2)/SD6))))+(gauss(SD5))+(gauss
((SD1/SD4))))))*((cosh(SD6))+(cosh((gauss((cosh
(SD7M)))+(cosh((((cosh{(gauss(SD6))))  2)+((cosh((gauss
(SD6))))*(cosh((gauss((gauss((gauss(SD6)))))))))+(cosh
((gauss(SDIMN)-((SDI+(SD3*(cosh(SD5))))/((gauss
(SD5))+(gauss(((SD1*SD10*SD7)/
((((SD1*SD9*SD10*SD11*SD4)-SD11)-
(SD9*SD10*SD12*SD7))-((SD172)*SD10*SD35))))))) 2 *
(((SD3+(SD1*SD2)+(SD5*SD3)+(SD1*SD2*SD5))-
SD8)/(cosh(((gauss((SD2+(SD4/SD1))))—(cosh((gauss
((gauss(((SD1*SD3)+((-8D3)/SDS))))))(SD2+
(SD1*SD2)+(SD3/(SD2+(SD8*SD3*(gauss(((SD2"2)/
SD6))))+(gauss(SD5))+(gauss((SD1/SD4)))))) 2+(SD2+
(SD1*SD2)+(SD3/(SD2+(SD8*SD3*(gauss(((SD2"2)/
SD6))))+(gauss(SD3))+(gauss((SD1/SD4)))))) 3*gauss
((((SD3+(SD1*SD2)+(SD5*SD3)+(SD1*SD2*SD5))-
SD8)/(cosh(((gauss((SD2+(SD4/SD1))))—(cosh((gauss
((gauss((SD1*SD3)+((-SD3)/SD5)))))H))*(SD2+
(SD1*SD2)+(SD3/(SD2+(SD8*SD3*(gauss(((SD2"2)/
SD6)))+(gauss(SD5))+(gauss((SD1/SDAN/(((SDI+
(SD3*(cosh(SD5))))/((gauss(SDS5))+(gauss
(((SD1*SD10*SD7)Y((((SD1*SD9*SD10*SD11*SD4)-
SDI11)-(SD9*SD10*SD12*SD7))-((SD1°2)
*SD10*SD5)))"2))

SD=signal density

Ischemia of cardiac tissues is linked to the development of
physiological changes that could alter complex sub-harmon-
ics and results in variable and high dimensional changes.
FIG. 7 illustrates one embodiment of a method whereby
MMP is used to generate a 3-D vectorgram to localize,
image, and characterize aberrant architectural features of the
myocardium based on CSF identification, quantification and
localization.

In accordance with the present disclosure, physiological
and pathophysiological features of tissues are modeled accu-
rately and effectively using fractional derivatives. In con-
trast, classical integer derivative-based models capture these
phenomena only approximately or not at all. Traditional
integer order derivatives depend only on the local behavior
of a function, while fractional derivatives depend on the
whole history of the function. In this embodiment, there is
utilized a method for detecting beat to beat complex sub-
harmonic structures in the ECG based on digital differen-
tiation and integration of fractional order. Since these signals
are mathematically modeled as a linear combination of the
selected atoms, they can be differentiated and integrated of
fractional order. Let x'(t), y'(t), and Z'(t) be their integer order
derivatives respectively, these derivatives and there ratios
measure instability only at a local point of the signal and
therefore are poor measures of stability for long complex
ECG signals with significant beat-to-beat variability. An
alternative to an integer derivative is the use of a fractional
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calculus to detect abnormal CSF signals in a physiological
signal based on its past history.

There are two concepts regarding the low-energy com-
ponent subspace (made from the last 20% terms found by
MMP) that are interesting and useful. First, the fractional
derivative of this component can be noiselessly obtained,
since it is a linear combination of selected atoms, and this
fractional derivative can be useful to localize, image, and
characterize architectural features of tissues. In addition,
there are some useful fractional properties to consider. Thus
suppose that x(t), y(t), and z(t) are respectively the X, Y, and
7 coordinates of the low-energy component and let x(t),
v*(1), and z%(t) be their irrational fractional derivative of
order o that can be any real (or complex) number. Then the
magnitude of these irrational fractional derivatives can indi-
cate instability when large and positive. Consider the regions
when the irrational fractional derivatives are positive, in
such regions, the low energy re-entrant wavelets that signify
alterations in tissue architecture and, or function.

The phase space plot information cannot be easily supet-
imposed on a 3-D representation of a given tissue since
physiological function is variable across individuals. To
overcome this problem, intrinsic phase space imaging does
not use the interference in the phase plane of interest.
Noiseless subspaces allow the recording of the phase of
these waves. In cardiac tissues the amplitude resulting from
this interference can be measured, however the phase of the
orthogonal leads still carries the information about the
structure and generates geometrical contrast in the image,
thus the name phase-contrast imaging.

In phase-based imaging, phase-contrast takes advantage
of the fact that different bioelectric structures have different
impedances, and so spectral and non-spectral conduction
delays and bend the trajectory of phase space orbit through
the heart by different amounts. These small changes in
trajectory can be normalized and quantified on a beat-to-beat
basis and corrected for lead placement and the normalized
phase space integrals can be mapped to a geometric mesh
using a genetic algorithm to map 17 myocardial segments in
the ventricle to various tomographic imaging modalities of
the heart from retrospective data (exemplar formulas for 3 of
the 17 regions below). FIG. 13 provides data related to the
blind performance of localizing tissue abnormalities from
just a high resolution ECG signal, compared to CMR, an
accurate localization method. These data indicate that the
methods disclosed provide a reliable means to localize the
anatomic location of the tissue alteration. Thus, the dis-
closed method can be used to assess the effects (positive and
negative) of various interventions that alter cardiovascular
tissue architecture and, or function including medications,
toxins, chemotherapeutic agents, surgical procedures, and
other interventional procedures such as ablation, pacing,
shocks and electrical therapies, and genetic therapies.
basal anterior segment=cosh(SD10)-gauss
(SD11*SD12*SDCSF1+
0.005778*SDCSF2*SD6*SD10*SDCSF3-6.749%SD-
CSF4*(gauss(((((0.07354(0.3203*SDCSF5*(gauss
((30.33*SD8*(gauss(((SD8+((61.1*SDCSF6*SDCSF7)/
((SDCSF8*(gauss((9.666*SD1*SDCSF9*SDCSF1))))+
(SDCSF11*(gauss((9.666*SD1*SDCSF9*SDCSF10))))+
(SDCSF8*SDCSF12*SDCSF6*SDCSF7*(gauss
(9.666*SD1*SDCSF9*SDCSF10)))))))-(gauss((gauss
(SDCSFDOMNN)))-(2.994*SD10))-(17.03%(gauss((6.882*
(gauss(((SD8+((61.1*SDCSF6*SDCSF7)/((SDCSF8*
(gauss((9.666*SD1*SDCSF9*SDCSF10)))+(SDCSF11*
(gauss((9.666*SD1*SDCSF9*SDCSF10))))+
(SDCSF8*SDCSF12*SDCSF6*SDCSF7*(gauss
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((9.666*SD1*SDCSF9*SDCSF10))))))-(gauss((gauss
(SDCSET)))N)YSDL)))*gauss(SD1))

mid  infecolateral  segment=gauss(7.44069511*SD1+
6*SD1%5D2+-2.51202217109399*SD3/SD4+SD5*SD6/
(SD7*SD8)-SD3*SD8*SD9-0.8372177305*SD1*SD4)
apical inferior segment=gauss((SD2*SD3-0.2868*SD3-
0.2308*gauss(14.35*SD2-9.859*SD4))/SD1"2*((0.8889*
((((zauss(((((SD3/(SD1+(SD1*SD5)))+(1.764e-6*SD1*
(SD5"2)*(SD6/SD7))+(SD5*((-1*SD1)"2)*(SD6/
(SD5*SD7))))-(SD1*SD3))))*(gauss((SD8"2))))+(((gauss
((SDCSF4/(gauss(((SD9+SDCSF10)-1.959))))))*(gauss
(SD10*(gauss(SDCSF12))*((gauss((((SDCSF10+(13.62%*
(gauss(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*
(gauss(((SD1-(gauss((((SD3/(SD1+(SD1*SD7)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1*SD1)"2)*(SD6/
(SD5*SD7))))-(SD1*SD3)))))/(SD6*(gauss
((SD&2)))))),/(gauss(SD8)))+(0.8999*(gauss
((((((SDCSF8+SD11)-12.05)-(SD1*SD12%*SDCSF1))-
(12.93*SD1*SD12))/(-5.393-SD5)))) ¥/ 1.8))+((SD1*
((((zauss(((SD3/(SD1+(SD1*SD5)))+(1.764e-6*SD1*
(SD5"2)*(/SD6/SDT)+(SD5*((-1#SD1)"2)*(SD6/
(SD5*SD7)))—(SD1*SD3))))*(gauss((SD5°2))))+(((gauss
((SDCSF4/(gauss(((SD9+SDCSF10)-1.959))))))*(gauss
((SD10*(gauss(SDCSF12))*((gauss((((SDCSF10+(13.62%*
(gauss(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*
(gauss(((SD1-(gauss((((SD3/(SD1+(SD1%*SD5)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1#*SD1)"2)*(SD6/
(SD5*SD7))))-(SD1%*SD3)))))/(SD6*(gauss((SD&8°2)))))))/
(gauss(SD8)))+(0.8999*(gauss((((((SDCSF8+SD11)-
12.05)-(SD1*SDI12*SDCSF1))-(12.93*SD1*SD12))/(-
5.393-SD5))))))/1.8))/SD8)+((35.21*SDCSF2*((((gauss
((((SD3/(SD1+(SD1*SD3)))+(1.764e-6*SD1*(SD5"2)*
(SD6/SD7)+(SD5*((-1*SD1)"2)*(SD6/(SD5*SD7))))-
(SD1*SD3))))*(gauss((SD8"2))))+(((gauss((SDCSF4/
(gauss(((SD9+SDCSF10)-1.959)))))*(gauss((SD10*
(gauss(SDCSF12))*((gauss((((SDCSF10+(13.62*(gauss
(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*(gauss
(((SD1-(gauss((((SD3/(SD1+(SD1*SD5)))+(1.764e-
6*SD1*(SD572)*(SD6/SD7))+(SD5*((-1#SD1)"2)*(SD6/
(SD5*SD7))))-(SD1*SD3)))))/(SD6*(gauss((SD8°2)))))))/
(gauss(SD8)))+(0.8999* (gauss((((((SDCSF8+SD11)-
12.05)-(SD1*SDI12*SDCSF1))-(12.93*SD1*SD12))/(-
5.393-SD5))))))/1.8))/SD5)+((-5997000*SDCSF3*
((((zauss((((SD3/(SD1+(SD1*SD5)))+(1.764e-6*SD1*
(SD572)*(SD6/SD7))+(SD5*((-1*SD1)"2)*(SD6/
(SD5*SD7)))—(SD1*SD3))))*(gauss((SD&"2))))+(((gauss
((SDCSF4/(gauss(((SD9+SDCSF10)-1.959))))))*(gauss
((SD10*(gauss(SDCSF12))*((gauss((((SDCSF10+(13.62*
(gauss(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*
(gauss(((SD1-(gauss(((SD3/(SD1+(8D1*SD5)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1#SD1)"2)*(SD6/
(SD5*SD7))))-(SD1%SD3)))))/(SD6*(gauss(SD8"2))))))))/
(gauss(SDR8)))+(0.8999*(gauss((((((SDCSF8+SD11)-
12.05)-(SD1*SDI12*SDCSF1))-(12.93*SD1*SD12))/(-
5.393-SD5))))))/1.8))/SD11))+((0.8889*((((gauss((((SD3/
(SD1+(SDI1*SD5)))+(1.764e-6*SD1*(SD5"2)*(SD6/
SD)+(SDS*((-1*SD1)" 2)*(SD6/(SD5*SD7))))-
(SD1*SD3))))*(gauss((SD8°2))))+(((gauss((SDCSF4/
(gauss(((SD9+SDCSF10)-1.95)))))*(gauss((SD10*(gauss
(SDCSF12))*((gauss((((SDCSF10+(13.62*(gauss
(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*(gauss
(((SD1—(gauss((((SD3/(SD1+(SD1*SD7)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1#SD1)"2)*(SD6/
(SD5*SD7))))-(SD1%SD3)))))/(SD6*(gauss((SD8"2)))))))/
(gauss(SDR8)))+(0.8999*(gauss(((((SDCSF8+SD11)-
12.05)-(SD1*SD12#*SDCSF1))-(12.93*SD1%*SD12))
(5.393-SD5))))))/1.8))+((SD1*((((gauss(((SD3/(SD1+
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(SD1#*SD3)))+(1.764e-6*SD1*(SD5"2)*(SD6/SD7))+
(SD5*((-1*SD1)2)*(SD6/(SD5*SD7)))-(SD1*SD3)))*
(gauss((SD8"2))+(((gauss((SDCSF4/(gauss(((SD9+
SDCSF10)-1.959)))))* (gauss((SD10*(gauss(SDCSF12))*
((gauss((((SDCSF10+(13.62*(gauss(SDCSF12))))-1.365)/
SDCSF4)))/SDCSF2))))*(gauss(((SD1-(gauss((((SD3/
(SD1+(SD1*SD3)))+(1.764e-6*SD1*(SD5"2)*(SD6/
SD7))+(SD5*((-1*SD1)"2)*(SD6/(SD5*SD7))))-
(SD1*SD3)))/(SD6*(gauss((SD8™2)))))))/(gauss(SD8)) )+
(0.8999*(gauss((((SDCSF8+SD11)-12.05)-
(SD1*SD12*SDCSF1))-(12.93*SD1*SD12))/(-5.393~
SDS)HN))Y/1.8))/SD8)+((35.21*SDCSF2*((((gauss((((SD3/
(SD1+(SD1*SD3)))+(1.764e-6*SD1*(SD5"2)*(SD6/
SD7))+(SD5*((-1*SD1)"2)*(SD6/(SD5*SD7))))-
(SD1#SD3))))*(gauss((SD8"2))))+(((gauss((SDCSF4/
(gauss(((SD9+SDCSF10)-1.959))))))*(gauss((SD10*
(gauss(SDCSF12))*((gauss((((SDCSF10+(13.62*(gauss
(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*(gauss
(((SD1-(gauss((((SD3/(SD1+(SD1*SD5)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1%SD1)"2)*(SD6/
(SD5*SD7))))—(0.8999*(gauss((((((SDCSF8+SD11)-
12.05)-(SD1*SD12*SDCSF1))-(12.93*SD1*SD12))/(-
5.393-SD5)))))/1.8))/SD5)+(-5997000*SDCSF3*
((((zauss((((SD3/(SD1+(SD1*#SD5)))+(1.764e-6*SD1*
(SD572)*(SD6/SDT)+(SD5*((-1*SD1)"2)*(SD6/
(SD5*SD7)))-(SD1*SD3))))*(gauss((SD8"2))))+(((gauss
((SDCSF4/(gauss(((SD9+SDCSF10)-1.959))))))*(gauss
(SD10*(gauss(SDCSF12))*((gauss((((SDCSF10)+(13.62*
(gauss(SDCSF12))))-1.365)/SDCSF4)))/SDCSF2))))*
(gauss(((SD1-(gauss((((SD3/(SD1+(SD1*SD5)))+(1.764e-
6*SD1*(SD5"2)*(SD6/SD7))+(SD5*((-1*SD1)"2)*(SD6/
(SD5*SD7))-(SD1*SD3)))))/(SD6*(gauss((SD8"2)))))/
(gauss(SD8)))+(0.8999* (gauss((((((SDCSF8+SD11)-
12.05)-(SD1*SD12*SDCSF1))-(12.93*SD1*SD12))/(-
5.393-SD5))))))/1.8))/SD11))"3))

SD=signal density
SDCSF=signal density complex-sub-harmonic-frequencies

In the second method, space-time domain is divided into
a number of regions (for example, 12 regions for ventricular
and 6 regions for atrial tissues); the density of the baseline- 40
removed ECG signal is computed in each region. These
values contain specific information about the non-linear
variability of the physiological signal, specifically the ECG
signal, that are linked to an alteration in tissue architecture
and, or function. The calcium ion (Ca++) is a universal 45
intracellular messenger. In muscle, Ca++ is central to con-
tractile force activation. Ca++ is also important for temporal
and spatial alterations in action potentials, modulation of
contractile function due to systemic resistance (blood pres-
sure), energy supply-demand balance (including mitochon- 50
drial function), cell death (apoptosis), and transcription
regulation. It has been hypothesized that Ca++-dependent
ion pump variability occurs aperiodically in pathological
cardiac myocytes, this creates significant microvolt beat-to-
beat variations in the ECG signals and possibly other 55
physiological signals (e.g., arterial pulse waveform). Varia-
tions in the ECG or other physiological signal can be
measured and localized by linking the space time density
structures to tissues of interest (for example, the 12 ven-
tricular and 6 atrial regions). It should be noted a simple 60
derivative or its ratios is not sufficient to characterize space-
time density structures over many cardiac cycles.

For the cardiac ventricle the 12 quantities are input to a
genetic algorithm and are modeled to link 17 myocardial
segments in the ventricle (see FIGS. 10A and 10B) to 65
various tomographic imaging modalities of the heart (col-
lected data). The region boundaries are agnostic to the
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physiological signal, for example the clinical ECG land-
marks commonly referred to as P, Q R, S, T, and U waves.
The result is 17 nonlinear nested sinusoidal Gaussian equa-
tions for the ventricle that link the 12 dimensional space-
time density metrics to tomographic imaging modalities of
the collected data. These same ECG metrics can be used to
localize, image, and characterize architectural features and
function of tissues, in the example, the heart.

Ectopic foci can produce dynamic spatial dispersion of
repolarization and conduction block, initiating re-entrant
arrhythmias. Dynamic spatial dispersion of repolarization in
atrial and ventricular tissues can be detected and localized
using space-time analysis on the described 6 atrial and 12
ventricular 6 regions. These quantities are then inputted into
a genetic algorithm and are modeled to link regions of
interest to various tomographic images from collected data.

Spatial changes in the phase space matrix can be can be
computed using non-Fourier or Fourier multi-dimensional
fractional integral summation across all ECG leads on the
derived model to generate the dynamical space-time density
metrics. For cardiac ventricular tissue these metrics are
modeled using a genetic algorithm to link 17 non-linear
nested sinusoidal Gaussian equations previously described
to the commonly used 17-segment model shown in FIGS.
10A and 10B. Segments with altered architectural features
and, or function are identified and the degree of abnormality
quantified, permitting assigning a probability of the said
tissue having a pathophysiological abnormality that can be
characterized as hypertrophy, atrophy, scar, ischemia,
edema, fibrosis or another condition. For example, the
probability of regional ischemia in a ventricular segment can
be identified and quantified as shown in FIGS. 8A and 8B.

Having thus described several embodiments of the present
disclosure, it will be rather apparent to those skilled in the
art that the foregoing detailed disclosure is intended to be
presented by way of example only, and is not limiting. Many
advantages for non-invasive method and system for local-
ization, imaging, and characterization of architectural fea-
tures and function of tissues have been discussed herein.
Various alterations, improvements, and modifications will
occur and are intended to those skilled in the art, though not
expressly stated herein. These alterations, improvements,
and modifications are intended to be suggested hereby, and
are within the spirit and the scope of the present disclosure.
Additionally, the recited order of the processing elements or
sequences, or the use of numbers, letters, or other designa-
tions therefore, is not intended to limit the claimed processes
to any order except as may be specified in the claims.
Accordingly, the present disclosure is limited only by the
following claims and equivalents thereto.

What is claimed is:

1. A system for localizing and characterizing an architec-
tural feature and/or a function of cardiovascular tissue, the
system comprising:

one or more processors; and

a memory having instructions stored thereon, wherein

execution of the instructions by the one or more pro-
cessors causes the one or more processors 10:
obtain a data set associated with at least one measured
physiological signal associated with the tissue;
process data within the obtained data set to display. in an
image of a three-dimensional representation of the
tissue, at least one abnormality associated with the
tissue by:
creating a phase space diagram based on the data;
dividing the phase space diagram into a plurality of
regions; and
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computing one or more space-time density values asso-
ciated with each region,
wherein the one or more space-time density values
contain information about non-linear variability of
the at least one physiological signal; and

link, via one or more learning algorithms, one or more

nonlinear nested sinusoidal Gaussian equations to a
plurality of locations associated with the tissue based
on the one or more space-time density values, each
location of the plurality of locations being associated
with an architectural feature and/or a function of the
tissue to display the at least one abnormality in the
image of the three-dimensional representation of the
tissue.

2. The system of claim 1, wherein the at least one
measured physiological signal comprises a biopotential sig-
nal.

3. The system of claim 1, wherein the plurality of regions
comprise 12 regions associated with ventricular cardiovas-
cular tissue.

4. The system of claim 1, wherein the 12 regions comprise
an associated 12 quantities of space-time density values.

5. The system of claim 4, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
compute spatial changes in a phase space matrix comprising
the 12 quantities of space-time density values based on
non-Fourier multi-dimensional fractional integral summa-
tion across leads that acquired the at least one physiological
signal.

6. The system of claim 4, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
compute spatial changes in a phase space matrix comprising
the 12 quantities of space-time density values based on
Fourier multi-dimensional fractional integral summation
across leads that acquired the at least one physiological
signal.

7. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
compute dynamical signal density using non-Fourier or
Fourier n dimensional fractional integral summation across
leads that acquired the at least one physiological signal,
wherein the order of the fractional integral is in the range of
-1.51t0 -2.5.

8. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
compute dynamical signal density using non-Fourier or
Fourier n dimensional fractional integral summation across
leads that acquired the at least one physiological signal,
wherein the order of the fractional integral is an irrational
number.

9. The system of claim 1, wherein the memory further
comprises instructions that when are executed by the one or
more processors, cause the one or more processors to
compute dynamical signal density using non-Fourier or
Fourier n dimensional fractional integral summation across
leads that acquired the at least one physiological signal,
wherein the order of the fractional integral is a complex
number.

10. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
compute dynamical signal density using non-Fourier or
Fourier n dimensional fractional integral summation across
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leads that acquired the at least one physiological signal,
wherein the order of the fractional integral is a real number.

11. The system of claim 1, wherein the plurality of regions
comprise six regions associated with cardiovascular atrial
tissue.

12. The system of claim 11, wherein the six regions
comprise an associated six quantities of space-time density
values.

13. The system of claim 1, wherein the plurality of
locations correspond to a 17-segment model of the heart.

14. The system of claim 1, wherein the one or more
nonlinear nested sinusoidal Gaussian equations are used to
produce a probability value corresponding to the presence of
the abnormality.

15. The system of claim 1, wherein the abnormality is
associated with a pathophysiological abnormality selected
from the group consisting of hypertrophy, atrophy, scar,
ischemia, edema, and fibrosis.

16. The system of claim 1, wherein the obtained data set
comprise high resolution ECG data.

17. The system of claim 1, wherein at least one of the one
or more learning algorithms comprises a genetic algorithm.

18. The system of claim 1, wherein the obtained data set
is acquired via a lead selected from the group consisting of
a single lead ECG, a 3-lead ECG, and a 12-lead ECG.

19. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to
remove a baseline wander from the obtained data set.

20. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to further
process the data within the obtained data set with a Wavelet
Packets and use a resulting data set of the processing as a
basis for creating the created phase space diagram.

21. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to further
process the data within the obtained data set with a Cosine
Packets and use a resulting data set obtained via the further
processing as a basis for creating the created phase space
diagram.

22. The system of claim 1, wherein the memory further
comprises instructions that, when executed by the one or
more processors, cause the one or more processors to further
process the data with one or more Chirplets and use a
resulting data set obtained via the further processing as a
basis for creating the created phase space diagram.

23. A non-transitory computer readable medium having
instructions stored thereon, wherein execution of the instruc-
tions by one or more processors causes the one or more
processors to:

obtain a data set associated with at least one measured

physiological signal associated with a tissue;

process data within the obtained data set to display, in an

image of a three-dimensional representation of the
tissue, at least one abnormality associated with the
tissue by:
creating a phase space diagram based on the data;
dividing the phase space diagram into a plurality of
regions; and
computing one or more space-time density values asso-
ciated with each region,
wherein the one or more space-time density values
contain information about non-linear variability of
the at least one physiological signal; and
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link, via one or more learning algorithms, one or more
nonlinear nested sinusoidal Gaussian equations to a
plurality of locations associated with the tissue based
on the one or more space-time density values, each
location of the plurality of locations being associated
with an architectural feature and/or a function of the
tissue to display the at least one abnormality in the
image of the three-dimensional representation of the
tissue.

24. A system comprising:

a plurality of orthogonal leads configured to non-inva-
sively acquire at least one physiological signal from a
mammal, wherein the at least one physiological signal
is used in analysis to localize and characterize an
architectural feature and/or a function of cardiovascular
tissue, wherein the analysis comprises:

processing data within the obtained data set to display, in
an image of a three-dimensional representation of the
tissue, at least one abnormality associated with the
tissue by:

10

16

creating a phase space diagram based on data within the
obtained data set;
dividing the phase space diagram into a plurality of
regions; and
computing one or more space-time density values asso-
ciated with each region,
wherein the one or more space-time density values
contain information about non-linear variability of
the at least one physiological signal; and
linking, via one or more learning algorithms, one or more
nonlinear nested sinusoidal Gaussian equations to a
plurality of locations associated with the tissue based
on the one or more space-time density values, each
location of the plurality of locations being associated
with an architectural feature and/or a function of the
tissue to display the at least one abnormality in the
image of the three-dimensional representation of the
tissue.
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