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(57) ABSTRACT

Systems and methods are disclosed for predicting coronary
plaque vulnerability, using a computer system. One method
includes acquiring anatomical image data of at least part of
the patient’s vascular system; performing, using a processor,
one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis on the anatomical image data; pre-
dicting, using the processor, a coronary plaque vulnerability
present in the patient’s vascular system, wherein predicting
the coronary plaque vulnerability includes calculating an
adverse plaque characteristic based on results of the one or
more of image characteristics analysis, geometrical analysis,
computational fluid dynamics analysis, and structural
mechanics analysis of the anatomical image data; and report-
ing, using the processor, the calculated adverse plaque char-
acteristic.

20 Claims, 7 Drawing Sheets

102
R

PHYSICIAN

102
I

PHYSICIAN

106

PROCESSING
DEVICES

STORAGE
DEVICES

SERVER SYSTEMS




US 9,220,419 B2
Page 2

(51) Int.CL

AGIB 5/055 (2006.01)
AGIB 5/00 (2006.01)
AGIB 6/03 (2006.01)
AGIB 8/12 (2006.01)
AGIB 6/00 (2006.01)
GO6T 7/00 (2006.01)
GO6T 7/60 (2006.01)
GOGF 19/00 (2011.01)
(52) US.CL
CPC oo AGIB 5/055 (2013.01); A61B 5/7275

(2013.01); A61B 6/032 (2013.01); A61B 6/503
(2013.01); A61B 6/504 (2013.01); A61B
6/5217 (2013.01); A61B 8/12 (2013.01); GO6F
1973431 (2013.01); GOG6T 7/0012 (2013.01);
GO6T 7/602 (2013.01); GOGF 19/3437

(2013.01)
(56) References Cited
U.S. PATENT DOCUMENTS
2008/0010304 A1* 1/2008 Vempalaetal. ... 707/100

2010/0185079 Al
2010/0278405 Al
2010/0298719 Al
2011/0257545 Al
2011/0295579 Al
2012/0041318 Al
2012/0041320 Al
2012/0041323 Al
2012/0041735 Al
2012/0041739 Al
2012/0053918 Al
2012/0053919 Al
2012/0243761 Al
2014/0236492 Al

7/2010 Huizenga et al.
11/2010 Kakadiaris et al.
11/2010 Kock et al.
10/2011 Suri
12/2011 Tang et al.

2/2012 Taylor

2/2012 Taylor

2/2012 Taylor et al.

2/2012 Taylor

2/2012 Taylor

3/2012 Taylor

3/2012 Taylor

9/2012 Senzig et al.

8/2014 Taylor

OTHER PUBLICATIONS

1) Fayad, Z. A., Fuster, V., Fallon , J. T., Jayasundera , T., Worthley
,S. G, Helft, G., Aguinaldo, J. G., Badimon, J. J. and Sharma, S. K.,
2000, Noninvasive In Vivo Human Coronary Artery Lumen and Wall
Imaging Using Black-Blood Magnetic Resonance Imaging. Circula-
tion; 102:506-510.

2) Adalsteinsson, D., Sethian, J.A., 1995. A fast level set method for
propagating interfaces. J. Comput. Phys. 118 (2), 269-277.
Angelini, E., Jin, Y., Laine, A., 2005. State-of-the-art of levelset
methods in segmentation and registration of medical imaging
modalities. In: Handbook of Biomedical Image Analysis—Registra-
tion Models. Kluwer Academic/ Plenum Publishers, pp. 47-102.
Behrens, T., Rohr, K., Stiehl, H., 2001. Segmentation of tubular
structures in 3D images using a combination of the hough transform
and a kalman filter. In: Proc. DAGM-Symp. Pattern Recognit., vol.
2191, pp. 406-413.

5) Benmansour, F., Cohen, L.D., 2009. A new interactive method for
coronary arteries segmentation based on tubular anisotropy. In: Proc.
IEEE Int. Symp. Biomed. Imaging, p. 41.

6) Fridman, Y., Pizer, S.M., Aylward, S.R., Bullitt, E., 2003. Segment-
ing 3D branching tubular structures using cores. In: Proc. Med. Image
Comput. Assist. Interv., pp. 570-577.

7) Yang, Y., Tannenbaum, A., Giddens, D., 2004. Knowledge-based
3D segmentation and reconstruction of coronary arteries using CT
images. In: Proc. IEEE Eng. Med. Biol. Soc., pp. 1664-1666.

8)Yi, J., Ra,J.B., 2003. A locally adaptive region growing algorithm
for vascular segmentation. Int. J. Imaging Syst. Technol. 13 (4),
208-214.

9) Kirbas, C., Quek, FK.H., 2003. Vessel extraction in medical
images by 3D wave propagation and traceback. In: Proc. IEEE Symp.
Biolnf. BioEng., pp. 174-181.

10) Lesage, D., Angelini, E.D., Bloch, 1., Funka-Lea G., 2009. A
review of 3D vessel lumen segmentation techniques: models, fea-
tures and extraction schemes. Med Image Anal.;13(6):819-45.

11) Shmilovich, H., Cheng, V.Y., Tamarappoo. B.K., Dey, D,
Nakazato, R., Gransar, H., Thomson, L.E., Hayes, S.W., Friedman,
1.D., Germano, G., Slomka, PJ., Berman, D.S., 2011. Vulnerable
plaque features on coronary CT angiography as markers of inducible
regional myocardial hypoperfusion from severe coronary artery
stenoses. Atherosclerosis; 219:588-95.

12) Motoyama, S., Sarai, M., Harigaya, H., Anno, H., Inoue, K.,
Hara, T., Naruse, H.. Ishii, J., Hishida, H., Wong, N.D., Virmani, R.,
Kondo, T., Ozaki, Y., Narula, J., 2009, Computed tomographic
angiography characteristics of atherosclerotic plaques subsequently
resulting in acute coronary syndrome. J Am Coll Cardiol; 54(1):49-
57.

13) Kim, H.J., Vignon-Clementel, I.E., Coogan, J.S., Figueroa, C.A.,
Jansen, K.E., Taylor. C.A., 2010. Patient-specific modeling of blood
flow and pressure in human coronary arteries. Ann Biomed
Eng. ;38(10):3195-209.

14) Taylor, C.A., Hughes, T.J.R., Zarins, C.K., 1998. Finite element
modeling of blood flow in arteries. Comput Methods Appl Mech
Eng.;158(1):155-96.

15) Les, A.S., Shadden, S.C., Figueroa, C.A., Park, J.M., Tedesco,
M.M., Herfkens, R.J., Dalman, R.L., Taylor, C.A., 2010, Quantifica-
tion of hemodynamics in abdominal aortic aneurysms during rest and
exercise using magnetic resonance imaging and computational fluid
dynamics. Ann Biomed Eng, ;38(4):1288-313.

16) Shadden, S.C., Taylor, C.A. 2008. Characterization of coherent
structures in the cardiovascular system. Ann Biomed Eng. Jul.
2008;36(7):1152-62.

17) Taylor, C.A., Figueroa, C.A., 2009, Patient-specific modeling of
cardiovascular mechanics. Annu Rev Biomed Eng.;11:109-34,

18) Minami, J., Ishimitsu, T., Matsuoka, H., 1999, Effects of smoking
cessation on blood pressure and heart rate variability in habitual
smokers. Hypertension.; 33:586-590.

19) Rim, S.J., Leong-Poi, H., Lindner, J.R., Wei, K., Fisher N.G.,
Kaul, S., 2001, Decreased coronary blood flow reserve during
hyperlipidemia is secondary to an increased in blood viscosity., Cir-
culation.; 104; 2704-2709.

20) Fagard, R.H., Effect of exercise on blood pressure control in
hypertensive patients., 2007, European Journal of Preventive Cardi-
ology, 14(1);12-17.

21) Palmeri, S.T., Kostis, J.B., Casazza, L., Sleeper, L.A., Lu, M.,
Nezqoda, J., Rosen, R.S., 2007., Heart rate and blood pressure
response in adult men and women during exercise and sexual activ-
ity., Am J Cardiol.; 15; 100(2): 1795-801.

22) He, J., Whelton, PX., 2000, Effects of ACE inhibitors, calcium
antogonists, and other blood-pressure-lowering drugs: results of pro-
spectively designed overviews of randomized trials., The Lancet,;
356 (9246, 9): 1955-1964.

23) Pfister, M., Seiler, C., Fleisch, M., Gobel, H., Luscher, T., Meier,
B., 1998, Nitrate induced coronary vasodilation: differential effects
of sublingual application by capsule or spray, Heart.; 80(4): 365-369.
24) McAlister, F.A., Wiebe, N., Ezekowitz, J.A., Leung, A.A,,
Armstrong, PW., 2009, Meta-analysis: beta-blocker dose, heart rate
reduction, and death in patients with heart failure, Ann. Intern. Med.,
150 (11): 784-94.

25) Gloekler, S., Traue, T., Stoller, M., Schild, D., Steck, H., Khattab,
A., Vogel, R., Seiler, C., 2013, The effect of heart rate reduction by
ivabradine on collateral function in patients with chronic stable coro-
nary artery disease., Heart. Doi:10.1136.

26) Hansson, L., Znchetti, A., Carruthers, S.G., Dahlof, B., Elmfeldt,
D., Julius, S., Menard, J., Rhan, K.H., Wedel, H., Westerling, S.,
1998, Effects of intensive blood-pressure lowering and low-dose
aspirin in patients with hypertension: principal results of the hyper-
tension optimal treatment randomized trial., The Lancet,; 351 (9118):
1755-1762.

Search Report and Written Opinion mailed on Mar. 16, 2015, in
corresponding International Application No. PCT/US2014/070760,
filed on Dec. 17, 2014 (12 pages).

Van Werkhoven et al, “The value of multi-slice-computed
tomography coronary angiography for risk stratification”, Advances
in Nonnuclear Imaging Technologies, Dec. 1, 2009, pp. 970-80, vol.
16, No. 6, Journal of Nuclear Cardiology (11 pages).

* cited by examiner



US 9,220,419 B2

Sheet 1 of 7

Dec. 29, 2015

U.S. Patent

SHZLSAS ¥3AGES

S40IA40
JOVHOLS 0

SEWHIE ¢
NISS300Hd

NYIQISAH

<0}

HHOMIEN
JINCHLOFTE

NYIOISAHd

Z01

d30AOHd
Aldvd QHlHL

H30IACHd
ALdvd (diHE

/H/gw



US 9,220,419 B2

Sheet 2 of 7

Dec. 29, 2015

U.S. Patent

INAWLYIRL Q318300086
1H0d=3 ONY L34

e

t

ASIY OVIGHYD

W03 ANV 1DiG3ud |/ ¢

SHCLOVA MSIH HaHLO
HOIINY S3dY LH0d3Y

T

1

SOLLSIME LOVHYHD
TWOINVHO W HO/ONY
SINYNACOWIH LOvaLXd

Y

12000 40 S3N1vad
JOVRI NG SNOILYINIS
SOINYHOSW TYHNLOMNELS ONY
SOYNAT MO WHOJH3d

&

AGLENOED
AHYNOHOO H0 13000
JiAi0EdSINLYd LOMYLSNOD

R

NOUYIHOSN] INTIY]
ATIYNOI L0 ONY{NYDS 10 "9'3)
INZILYd 40 JOVWI NIVLEO

00z



U.S. Patent Dec. 29, 2015 Sheet 3 of 7 US 9,220,419 B2

iw
o>
<2

DETERMINE METRICS FOR COMPUTATION OF ADVERSE PLAQUE
302f CHARACTERISTICS {APCs) (E.G, POSITIVE REMODELING INDEX, YOLUME
OF NON-CALCIFIED PLAQUE, DIAMETER OF CALCIFIED PLAQUE, £TC )

¥

CALCULATE VALUES OF THE
304 va DETERMINED METRICS
FORAPATIENT

¥

CALGULATE APCs BASED
a5/ | ONTHE METRICS ANDIOR
OTHER RISK FACTORS

¥

SHVE AND REPORT COMPUTED
W~/ | s DR FACTORS




U.S. Patent Dec. 29, 2015 Sheet 4 of 7 US 9,220,419 B2

 / EXTRACT IMAGE, HEMODYNANIC,
S| ANDIOR MECHANICAL FEATURES

CREATE FEATURE VECTORS FOR
404 e EVERY POINT IN THE PATIENT-
SPECIFIC GEDMETRIC MODEL

408
\v"\ ¥
ESTIMATE PROBABILITY CF PLAQUE RUPTURE OR
MEEVENT USING THE FEAFURE WEIGHTS g = 42

(£.G., BY COMPARING AGAINST VECTORS IN PREDICTION SYSTEM)

4

a REPORT FREDICTION OF CARDIAC
408 RISK (£, RISK OF PLAQUE RUPTURE,
AMYOCARDIAL INFARCTION EVENT ETC))




U.S. Patent Dec. 29, 2015 Sheet 5 of 7 US 9,220,419 B2

0

DETERMINE LOCATIONS [N PATIENT-SPECIFIC GEOMETRIC MODEL THAT
e ARE AGSOCIATED WITH EXTRACTED FEATURES OR ANY INFORMATION
RELATED TO PLAQUE VULNERABILITY

ne~J | CALCULATE FEATURE VECTOR
FOR EACH LOCATION

¥

CREATE ASSOCIATIONS BETWEEN PLAQUE
426f YULNERABILITY OR PRESENCE OF Mi AND
THE LOCATION_ BASED FEATURE VECTORS

¥

Ya CREATE AND SAVE THE
428 ASSOCIATIONS AS
FEATURE WEIGHTS




U.S. Patent Dec. 29, 2015 Sheet 6 of 7 US 9,220,419 B2

RETRIEVE FEATURES USED IN RISK FACTOR
3032 va PREDICTION AND/OR PLAQUE VULNERABILITY
AND MiEVENT PREDICTION

¥

DETERMINE VARIOUS MEDICAL

504 va THERAPY PROTOCOLS ANDIOR
LIFESTYLE MODIFICATIONS
¥
DETERMINE EFFECTS OF THE

506 | PROTOCOL ANDIOR
WMODIFICATIONS ON THE FEATURES

¥

508 wa SUGGEST OPTIMAL
TREATMENT PROTOCOL

w

REPORT AND/OR RENDER
510/ PRESENTATION OF EFFECTS
TOPHYSICIAN




U.S. Patent Dec. 29, 2015 Sheet 7 of 7 US 9,220,419 B2

LF
e
Lowe ]

ADJUSTFEATURE SETS TO
52 va VIRTUALLY APPLY PROTOCOLS
AND MODIFICATIONS TO PATIENTS

¥

ESTIMATE RISK FACTORS, PROBABILITY
5Q4Jm OF PLAQUE RUPTURE, AND/OR MI EVENT
USING MACHINE LEARNING ALGORITHM

¥

s COMPARE ESTIMATES FOR
526 VARIOUS APPLIED PROTCCOLS
AND MODIFICATIONS

¥

DETERMINE OPTIVAL
528 TREATMENT
RASED ON THE ESTIMATES




US 9,220,419 B2

1
SYSTEMS AND METHODS FOR
PREDICTING CORONARY PLAQUE
VULNERABILITY FROM PATIENT-SPECIFIC
ANATOMIC IMAGE DATA

RELATED APPLICATION(S)

This application is a continuation of U.S. patent applica-
tion Ser. No. 14/254,481, filed Apr. 16, 2014, currently pend-
ing, which claims priority to U.S. Provisional Application
No. 61/917,639, filed Dec. 18, 2013, the entire disclosures of
which are hereby incorporated by reference in their entireties.

FIELD OF THE INVENTION

Various embodiments of the present disclosure relate gen-
erally to medical imaging and related methods. More specifi-
cally, particular embodiments of the present disclosure relate
to systems and methods for predicting coronary plaque vul-
nerability from patient-specific anatomic image data.

BACKGROUND

Coronary artery disease may produce coronary lesions in
the blood vessels providing blood to the heart, such as a
stenosis (abnormal narrowing of a blood vessel). As a result,
blood flow to the heart may be restricted. A patient suffering
from coronary artery disease may experience chest pain,
referred to as chronic stable angina during physical exertion
or unstable angina when the patient is at rest. A more severe
manifestation of disease may lead to myocardial infarction, or
heart attack.

Patients suffering from chest pain and/or exhibiting symp-
toms of coronary artery disease may be subjected to one or
more tests that may provide some indirect evidence relating to
coronary lesions. For example, noninvasive tests may include
electrocardiograms, biomarker evaluation from blood tests,
treadmill tests, echocardiography, single positron emission
computed tomography (SPECT), and positron emission
tomography (PET). Anatomic data may be obtained noninva-
sively using coronary computed tomographic angiography
(CCTA). CCTA may be used for imaging of patients with
chest pain and involves using computed tomography (CT)
technology to image the heart and the coronary arteries fol-
lowing an intravenous infusion of a contrast agent.

Meanwhile, vulnerable plaque features, such as adverse
plaque characteristics (APCs)), have been actively investi-
gated for prognosis of major adverse cardiac events (MACE)
using both invasive and noninvasive techniques, such as intra-
vascular ultrasound (IVUS), optical coherence tomography
(OCT), and coronary computed tomography data (CCTA).

However, a need exists for systems and methods for pre-
dicting coronary plaque vulnerability from patient-specific
anatomic image data.

SUMMARY

According to certain aspects of the present disclosure, sys-
tems and methods are disclosed for predicting coronary
plaque vulnerability from patient-specific anatomic image
data. One method includes: acquiring anatomical image data
of at least part of the patient’s vascular system; performing,
using a processor, one or more image characteristics analysis,
geometrical analysis, computational fluid dynamics analysis,
and structural mechanics analysis on the anatomical image
data; predicting, using the processor, a coronary plaque vul-
nerability present in the patient’s vascular system, wherein
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2

predicting the coronary plaque vulnerability includes calcu-
lating an adverse plaque characteristic based on results of the
one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis of the anatomical image data; and
reporting, using the processor, the calculated adverse plaque
characteristic.

In accordance with another embodiment, a system for
reporting coronary plaque vulnerability from patient-specific
anatomic image data, comprises: a data storage device storing
instructions for predicting coronary plaque vulnerability
from patient-specific anatomic image data; and a processor
configured for: acquiring anatomical image data of at least
part of the patient’s vascular system; performing, using a
processor, one or more image characteristics analysis, geo-
metrical analysis, computational fluid dynamics analysis, and
structural mechanics analysis on the anatomical image data;
predicting, using the processor, a coronary plaque vulnerabil-
ity present in the patient’s vascular system, wherein predict-
ing the coronary plaque vulnerability includes calculating an
adverse plaque characteristic based on results of the one or
more image characteristics analysis, geometrical analysis,
computational fluid dynamics analysis, and structural
mechanics analysis of the anatomical image data; and report-
ing, using the processor, the calculated adverse plaque char-
acteristic.

In accordance with yet another embodiment, a non-transi-
tory coniputer readable medium for use on a computer system
containing computer-executable programming instructions
for performing a method of reporting coronary plaque vul-
nerability from patient-specific anatomic image data is pro-
vided. The method includes: acquiring anatomical image data
of at least part of the patient’s vascular system; performing,
using a processor, one or more image characteristics analysis,
geometrical analysis, computational fluid dynamics analysis,
and structural mechanics analysis on the anatomical image
data; predicting, using the processor, a coronary plaque vul-
nerability present in the patient’s vascular system, wherein
predicting the coronary plaque vulnerability includes calcu-
lating an adverse plaque characteristic based on results of the
one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis of the anatomical image data; and
reporting, using the processor, the calculated adverse plaque
characteristic.

Another method includes: acquiring anatomical image
data of at least part of the patient’s vascular system; perform-
ing, using a processor, one or more image characteristics
analysis, geometrical analysis, computational fluid dynamics
analysis, and structural mechanics analysis on the anatomical
image data; and predicting, using the processor, a probability
of an adverse cardiac event from coronary plaque vulnerabil-
ity present in the patient’s vascular system based on results of
the one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis of the anatomical image data.

In accordance with another embodiment, a system of pre-
dicting coronary plaque vulnerability from patient-specific
anatomic image data, comprises: a data storage device storing
instructions for predicting coronary plaque vulnerability
from patient-specific anatomic image data; and a processor
configured to: to execute the instructions to perform a method
including: acquiring anatomical image data of at least part of
the patient’s vascular system; performing, using a processor,
one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis on the anatomical image data; and
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predicting, using the processor, a probability of an adverse
cardiac event coronary plaque vulnerability present in the
patient’s vascular system, based on results of the one or more
image characteristics analysis, geometrical analysis, compu-
tational fluid dynamics analysis, and structural mechanics
analysis of the anatomical image data.

In accordance with yet another embodiment, a non-transi-
tory computer readable medium for use on a computer system
containing computer-executable programming instructions
for predicting coronary plaque vulnerability from patient-
specific anatomic image data is provided. The method
includes: acquiring anatomical image data of at least part of
the patient’s vascular system; performing, using a processor,
one or more image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis on the anatomical image data; and
predicting, using the processor, a probability of an adverse
cardiac event coronary plaque vulnerability present in the
patient’s vascular system, based on results of the one or more
image characteristics analysis, geometrical analysis, compu-
tational fluid dynamics analysis, and structural mechanics
analysis of the anatomical image data.

Yet another method includes: acquiring anatomical image
data of at least part of a patient’s vascular system; performing,
using a processor, one or more of image characteristics analy-
sis, geometrical analysis, computational fluid dynamics
analysis, and structural mechanics analysis on the anatomical
image data; predicting, using the processor, a coronary plaque
vulnerability present in the patient’s vascular system based on
results of one or more of the image characteristics analysis,
geometrical analysis, computational fluid dynamics analysis,
and structural mechanics analysis of the anatomical image
data; modifying one or more of the image characteristics
analysis, geometrical analysis, computational fluid dynamics
analysis, and structural mechanics analysis on the anatomical
image data based on a proposed treatment; and determining
an effect of the treatment on the prediction of the coronary
plaque vulnerability based on the modified one or more of the
image characteristics analysis, geometrical analysis, compu-
tational fluid dynamics analysis, and structural mechanics
analysis on the anatomical image.

In accordance with another embodiment, a system of deter-
mining the effect of a treatment on coronary plaque vulner-
ability, comprises: a data storage device storing instructions
for predicting coronary plaque vulnerability from patient-
specific anatomic image data; and a processor configured to
execute the instructions to perform a method including:
acquiring anatomical image data of at least part of the
patient’s vascular system; performing, using a processor, one
or more of image characteristics analysis, geometrical analy-
sis, computational fluid dynamics analysis, and structural
mechanics analysis on the anatomical image data; predicting,
using the processor, a coronary plaque vulnerability present
in the patient’s vascular system based on results of one or
more of the image characteristics analysis, geometrical
analysis, computational fluid dynamics analysis, and struc-
tural mechanics analysis of the anatomical image data; modi-
fying one or more of the image characteristics analysis, geo-
metrical analysis, computational fluid dynamics analysis, and
structural mechanics analysis on the anatomical image data
based on a proposed treatment; and determining an effect of
the treatment on the prediction of the coronary plaque vul-
nerability based on the modified one or more of the image
characteristics analysis, geometrical analysis, computational
fluid dynamics analysis, and structural mechanics analysis on
the anatomical image.
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In accordance with yet another embodiment, a non-transi-
tory computer readable medium for use on a computer system
containing computer-executable programming instructions
for performing a method of determining the effect of a treat-
ment on coronary plaque vulnerability is provided. The
method comprises: acquiring anatomical image data of at
least part of the patient’s vascular system; performing, using
a processor, one or more of image characteristics analysis,
geometrical analysis, computational fluid dynamics analysis,
and structural mechanics analysis on the anatomical image
data; predicting, using the processor, a coronary plaque vul-
nerability present in the patient’s vascular system based on
results of one or more of the image characteristics analysis,
geometrical analysis, computational fluid dynamics analysis,
and structural mechanics analysis of the anatomical image
data; modifying one or more of the image characteristics
analysis, geometrical analysis, computational fluid dynamics
analysis, and structural mechanics analysis on the anatomical
image data based on a proposed treatment; and determining
an effect of the treatment on the prediction of the coronary
plaque vulnerability based on the modified one or more of the
image characteristics analysis, geometrical analysis, compu-
tational fluid dynamics analysis, and structural mechanics
analysis on the anatomical image.

Additional objects and advantages of the disclosed
embodiments will be set forth in part in the description that
follows, and in part will be apparent from the description, or
may be learned by practice of the disclosed embodiments.
The objects and advantages of the disclosed embodiments
will be realized and attained by means of the elements and
combinations particularly pointed out in the appended
claims.

It is to be understood that both the foregoing general
description and the following detailed description are exem-
plary and explanatory only and are not restrictive of the dis-
closed embodiments, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings, which are incorporated in
and constitute a part of this specification, illustrate various
exemplary embodiments and together with the description,
serve to explain the principles of the disclosed embodiments.

FIG. 1 is a block diagram of an exemplary system and
network for predicting coronary plaque vulnerability from
patient-specific anatomic image data, according to an exem-
plary embodiment of the present disclosure.

FIG. 2 is a block diagram of an exemplary method for
predicting coronary plaque vulnerability from patient-spe-
cific anatomic image data, according to an exemplary
embodiment of the present disclosure.

FIG. 3 is a block diagram of an exemplary method for
reporting adverse plaque characteristics from patient-specific
anatomic image data, according to an exemplary embodiment
of the present disclosure.

FIG. 4A is a block diagram of an exemplary method for
predicting cardiac risk or risk-related features from patient-
specific anatomic image data, according to an exemplary
embodiment of the present disclosure.

FIG. 4B is a block diagram of an exemplary method for
creating and training a prediction system to predict cardiac
risk or risk-related features from patient-specific anatomic
image data, according to an exemplary embodiment of the
present disclosure.

FIG. 5A is a block diagram of an exemplary method for
predicting change of cardiac risk or risk-related features in
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response to medical treatment protocols from patient-specific
anatomic image data, according to an exemplary embodiment
of the present disclosure.

FIG. 5B is a block diagram of an exemplary method for
creating and training a prediction system to predict, using
patient-specific anatomic image data, change of cardiac risk
or risk-related features in response to medical treatment pro-
tocols and/or lifestyle modifications, according to an exem-
plary embodiment of the present disclosure.

DESCRIPTION OF THE EMBODIMENTS

Reference will now be made in detail to the exemplary
embodiments of the invention, examples of which are illus-
trated in the accompanying drawings. Wherever possible, the
same reference numbers will be used throughout the draw-
ings to refer to the same or like parts.

As described above, a new generation of noninvasive tests
have been developed to assess blood flow characteristics.
These noninvasive tests use patient imaging (such as CT) to
determine a patient-specific geometric model of blood ves-
sels, which may be used computationally to simulate blood
flow using computational fluid dynamics (CFD) along with
appropriate physiological boundary conditions and param-
eters. Examples of inputs to these patient-specific boundary
conditions include the patient’s blood pressure, blood viscos-
ity, and the expected demand of blood from supplied tissue
(derived from scaling laws and a mass estimation of the
supplied tissue from the patient imaging).

The present disclosure is directed to a new approach for
providing prognosis of adverse cardiac events and for guiding
medical therapy based on patient-specific geometry and
blood flow characteristics. Although the present disclosure is
described with respect to coronary artery disease, the same
system is applicable to creating a patient-specific prediction
of rupture risks in other vascular systems beyond the coronary
arteries, such as the carotid artery.

More specifically, the present disclosure is directed to
using patients’ cardiac imaging to derive a patient-specific
geometric model of the coronary vessels. Coronary flow
simulations with respect to patient physiological information
and estimated boundary conditions may then be performed on
the model to extract hemodynamic characteristics. The hemo-
dynamic characteristics may be used to predict cardiac
events, including plaque rupture and/or myocardial infarc-
tion. The present disclosure may use physics-based simula-
tion of blood flow to predict those cardiac events. In addition,
the present disclosure includes the use of machine learning or
rule-based methods to achieve the predictions. Furthermore,
the machine-learning and rule-based methods may incorpo-
rate various risk factors, including patient demographics,
biomarkers, and/or coronary geometry, as well as the results
of patient-specific biophysical simulations (e.g., hemody-
namic characteristics). If additional diagnostic test results are
available, those results can be used to train a machine-learn-
ing algorithm, for example, in making a prediction. Several
predictions may be made based on the processing described.
Specifically, the present disclosure provides a system and
method for prediction and/or report of: (i) adverse plaque
characteristics; (ii) cardiac risk (or cardiac risk-related fea-
tures); and (ii1) change of risk factors in response to various
medical treatment protocols to guide medical therapy plan-
ning.

Referring now to the figures, FIG. 1 depicts a block dia-
gram of an exemplary system and network for predicting
coronary plaque vulnerability from patient-specific anatomic
image data. Specifically, FIG. 1 depicts a plurality of physi-
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cians 102 and third party providers 104, any of whom may be
connected to an electronic network 100, such as the Internet,
through one or more computers, servers, and/or handheld
mobile devices. Physicians 102 and/or third party providers
104 may create or otherwise obtain images of one or more
patients’ cardiac and/or vascular systems. The physicians 102
and/or third party providers 104 may also obtain any combi-
nation of patient-specific information, such as age, medical
history, blood pressure, blood viscosity, etc. Physicians 102
and/or third party providers 104 may transmit the cardiac/
vascular images and/or patient-specific information to server
systems 106 over the electronic network 100. Server systems
106 may include storage devices for storing images and data
received from physicians 102 and/or third party providers
104. Server systems 106 may also include processing devices
for processing images and data stored in the storage devices.

FIG. 2 is a block diagram of an exemplary method 200 for
predicting coronary plaque vulnerability from patient-spe-
cific anatomic image data, according to an exemplary
embodiment of the present disclosure. Method 200 may be
performed by server systems 106, based on information,
images, and data received from physicians 102 and/or third
party providers 104 over electronic network 100. The method
of FIG. 2 may include acquiring a model of coronary geom-
etry and performing analysis using the model in order to
predict plaque vulnerability and draw conclusions based on
those predictions. As shown in FIG. 2, in general, method 200
may include obtaining patient-specific information (e.g., CT
scan images, phenotype information, etc.) (step 202), con-
structing a patient-specific geometric model (step 204), per-
forming flow dynamics and structural mechanics simulations
on geometrical features and image features of the model, and
extracting hemodynamic and mechanical characteristics
(step 206). Based on the extracted characteristics and fea-
tures, the server systems 106 may then perform step 208 to
predict and/or report adverse plaque characteristics (APCs)
(step 210). Further detail of one embodiment of step 210 is
provided in FIG. 3, in which metrics for computing APCs are
determined, and metric values are found for specific patients,
in order to determine APCs associated with the patients.

In another embodiment, performing step 208 may cause
server systems 106 to further predict and/or report cardiac
risk or cardiac risk-related features (e.g., predicting plaque
rupture or occurrence of myocardial infarction) (step 212).
For example, FIGS. 4A and 4B describe one embodiment of
step 212 in more detail, in which feature vectors are created
for points in the patient-specific geometric model and prob-
ability of plaque rupture or M1 event is estimated by analyz-
ing feature weights. In yet another embodiment, server sys-
tems 106 may predict and/or report optimal treatment
protocols in response to the risk (step 214). For example,
FIGS. 5A and 5B provide more detail on one embodiment of
step 214 by describing how to find the impact of various
medical therapy protocols and/or lifestyle modifications on
risk factor prediction.

Thus, in one embodiment, method 200 may employ a
patient-specific model of coronary geometry to predict and
report one or more of APCs, cardiac risk, and/or treatment.
Method 200 may include obtaining a patient-specific geomet-
ric model (step 202) comprising a digital representation (e.g.,
the memory or digital storage (including a hard drive and/or
network drive) of a computational device such as a computer,
laptop, DSP, server, etc.). The coronary geometry may be
represented as a list of points in space, possibly with a list of
neighbors for each point, in which the space can be mapped to
spatial units between points (e.g., millimeters).
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In one embodiment, step 202 may comprise obtaining the
model, such as by constructing a patient-specific model of
coronary geometry, for instance, by modeling a patient’s
coronary vasculature, including one or more lumens, plaque,
and/or lumen walls (step 204). Given a 3-D image of coronary
vasculature, many methods exist for extracting a model of
cardiovascular geometry pertaining to a specific patient. The
patient-specific model may be constructed or rendered based
on images, such as CT scans associated with a patient. In one
embodiment, the model may be derived by performing a
cardiac CT in the end of a diastole phase of the cardiac cycle,
for instance, using Black-Blood Magnetic Resonance Imag-
ing. The image may be segmented manually or automatically
to identity voxels belonging to areas of interest. Inaccuracies
in the geometry may be extracted automatically and option-
ally corrected by a human observer. For instance, a human
observer may compare the extracted geometry with the CT
images and make corrections as needed. Once voxels are
identified, the geometric model can be derived (e.g., using
marching cubes). Step 204 may include all the components
necessary to construct a patient-specific model.

Once a model is available, step 206 may include perform-
ing various physics-based simulations on the model to derive
conclusions relating to coronary plaque vulnerability. Such
conclusions may include, for example, predicting and report-
ing on cardiac risk and proposed treatment. In one embodi-
ment, method 200 may employ machine learning or rule-
based methods that incorporate various risk factors, including
patient demographics, biomarkers, coronary geometry, as
well as the results of patient-specific biophysical simulations
(e.g., hemodynamic characteristics). Additional diagnostic
test results may also be used to train the machine learning
algorithms for better predictions. Step 208 may then use
results from step 206 to predict and/or report on (1) adverse
plaque characteristics (APCs) (step 210), (2) cardiac risk or
cardiac risk-related features (e.g., predicting plaque rupture
or occurrence of myocardial infarction) (step 212), and/or (3)
optimal treatment protocols in response to the risk (step 214).

FIG. 3 is a block diagram of an exemplary method 300 for
reporting adverse plaque characteristics (APCs) from a
patient-specific model. The method of FIG. 3 may be per-
formed by server systems 106, based on information, images,
and/or data received from physicians 102 and/or third party
providers 104 over electronic network 100. In one embodi-
ment, method 300 may be performed using a patient-specific
model of a patient’s coronary vasculature. For example, the
patient-specific model may include the geometry for, at least,
the patient’s coronary artery tree, including the Iumen,
plaque, and/or lumen walls (i.e., external elastic membrane
(EEM) of the coronary arteries). The model may be seg-
mented manually or automatically to identify voxels belong-
ing to the lumen and lumen wall. Wall segmentation may
include calcified and non-calcified plaques. In analyzing the
model to report adverse plaque characteristics, method 300
may include determining or defining metrics for computing
APCs (step 302). Exemplary metrics include: the presence of
positive remodeling, low attenuation plaque, spotty intra-
plaque calcification, etc. Step 302 may further include deter-
mining additional metrics for computation of APCs or priori-
tizing which metrics to use for computing APCs. Prioritizing
metrics in step 302 may be used, for instance, where compu-
tational capacity is limited or where time constraints may not
permit computing all the metrics. Step 302 may optionally
involve computing other risk factors.

Based on the metrics determined in step 302, method 300
may next include calculating values for the metrics (step 304).
For instance, step 304 may include executing computations to
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find control or threshold values, as well as patient-specific
values for the metrics. For the constructed lumen and wall
geometries of the patient, method 300 may then include auto-
matically calculating values for each metric for use in com-
puting APCs for the constructed lumen and wall geometries
of the patient.

For the exemplary metrics, the presence of positive remod-
eling, the presence of low attenuation plaque, and/or the
presence of spotty calcification, step 304 may proceed
according to the following description. For example for the
presence of positive remodeling metric, step 304 may
include, first, detecting stenosis or presence of plaque in a
wall segmentation. A segment may be identified as diseased
based on the degree of stenosis or amount of plaque. Next,
step 304 may include computing a positive remodeling index,
for example, by evaluating a cross-sectional area (CSA) of
EEM at a lesion and reference CSA based on the following
equation:

CSA of EEM at lesion
CSA of EEM at reference

Positive remodeling index =

In one embodiment, the threshold value for a positive
remodeling index to indicate the presence of positive remod-
eling is 1.05. In other words, if the computed, patient positive
remodeling index >1.03, step 304 may include reporting that
positive remodeling is present. Step 304 may then include
reporting that there is, in fact, presence of positive remodeling
detected and/or the positive remodeling index. This metric of
the positive remodeling index may factor into calculation of
APCs. The calculation of APCs may also include determining
the presence of low attenuation plaque, for instance, by
detecting non-calcified plaques in wall segmentation at a
diseased segment. For example, if there exists a region of
non-calcified plaque whose intensity is <30 Hounsfield Unit
(HU), step 304 may include reporting the presence of low
attenuation plaque as true and/or the volume of the non-
calcified plaque whose intensity is <30 HUs.

The calculation of APCs may further include determining
the presence of spotty intra-plaque calcification (e.g., using
image characteristics analysis to find spotty calcification),
such as by detecting calcified plaques in wall segmentation at
a diseased segment. Hessian-based eigenvalue analysis may
be utilized to detect blob-shaped calcified plaques. If the
diameter of intra-lesion nodular calcified plaque <3 mm, then
method 300 may include reporting the presence of spotty
calcification as true and/or reporting the diameter.

Based on the calculated metrics, step 306 may calculate
APCs. Fach metric may alone constitute an APC, or the
metrics may be combined in a form indicative of collective
APCs. Step 306 may optionally involve calculating other risk
factors.

Finally, method 300 may include step 308 of saving the
results of computed APCs scores and/or other risk factors
with images as a digital representation (e.g., the memory or
digital storage (e.g., hard drive, network drive) of a compu-
tational device such as a computer, laptop, DSP, server, etc.)
and making them available to a physician, for instance. In one
embodiment, step 308 may include actively reporting APCs
and/or other risk factors to physicians. In another embodi-
ment, step 308 may simply prompt or signal to a user that
computed APC scores and risk factors are available for view-
ing and/or verification.

FIG. 4A is ablock diagram of an exemplary method 400 for
predicting cardiac risk or risk-related features based on
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patient-specific models. The method of FIG. 4A may be per-
formed by server systems 106, based on information, images,
and data received from physicians 102 and/or third party
providers 104 over electronic network 100, Method 400 may
be performed on a patient-specific model including one or
more modeled lumens, plaque, lumen walls, left and right
myocardium, etc. For instance, the model may describe a
patient’s ascending aorta, coronary artery tree, myocardium,
valves, and chambers. Then, segmenting may help identify
voxels belonging to the aorta and the lumen of the coronary
arteries.

In one embodiment, method 400 may include constructing
the model from the patient image(s) prior to assessing the
model for cardiac risk. Furthermore, method 400 may include
collecting information, including patient demographics (e.g.,
age, gender, weight, blood pressure, etc.) and/or biomarkers
(e.g., blood markers, DNA sequencing, etc.). This patient
information may further inform construction of the patient-
specific model.

Once an appropriate patient-specific model is obtained,
method 400 may include extracting various features from the
model (step 402). As shown in FIG. 44, step 402 may include
extracting geometrical features, image features, hemody-
namic features, and/or biomechanical features (of vessel
walls and plaque). Image features may be extracted by com-
puting coronary and plaque characteristics and by computing
anatomical characteristics. Computed coronary and plaque
characteristics may include: APCs, plaque burden (thickness,
area, volume, etc.), SYNTAX score, napkin ring, necrotic
core, lumen narrowing, minimum lumen diameter (MLD),
minimum lumen area (ML A), percentage diameter stenosis,
and/or percentage area stenosis. Computed anatomical char-
acteristics may include: epicardial fat volume and/or myocar-
dium shape.

Hemodynamic features may be extracted, for instance, by
performing computational flow dynamic analysis for various
physiologic conditions (e.g., rest, exercise, hyperemia, etc.)
and/or computing hemodynamic characteristics associated
with lesions (e.g., max/mean/cyclic wall shear stress, trac-
tion, turbulent kinetic energy, etc.). Extracting biomechanical
features of vessel wall(s) and plaque may include defining
biomechanical properties of vessel wall and plaques based on
geometrical and image features (e.g., vessel wall density and
elastic properties using linear or nonlinear elasticity model,
plaque density and elastic properties using linear or nonlinear
elasticity model; and/or ultimate strength of plaque). Using
the extracted features, method 400 may include performing
computational solid dynamic analysis for various physiologic
conditions under steady and/or pulsatile flow (e.g., for rest,
exercise, hyperemia, etc.). Method 400 may also include
computing tissue stress and strain characteristics in lesions
(e.g., max/mean/cyclic stress, ultimate stress, turbulent
kinetic energy, etc.) and/or generating a Goodman diagram to
identify plaque rupture risk based on mean and alternating
stresses. In doing so, step 404 may include creating a feature
vector for every point in the patient-specific geometric model,
comprising a numerical description of the geometry, bio-
physical hemodynamic, and wall and plaque biomechanical
characteristic at that point, as well as estimates of physiologi-
cal or phenotypic parameters of the patient. Alternately or in
addition, step 404 may include determining every location in
the patient-specific geometric model for which plaque vul-
nerability may be identified, wherein a feature vector is cre-
ated only for such locations.

Then, step 406 may include producing estimates of cardiac
risk, including estimates of the probability of plaque rupture
or probability of the event of myocardial infarction at lesions
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in the patient-specific geometric model. In one embodiment,
the estimates are produced using a machine learning tech-
nique described in further detail in FIG. 4B. For instance, a
prediction system may employ machine-learning techniques
to help produce a vulnerability score for one or more locations
of coronary lesions. The calculated vulnerability scores may
be an application of the machine learning technique in a
production mode, separate from a training mode where the
machine learning technique processes numerous patient-spe-
cific models to develop the ability to make predictions for a
target patient.

Finally, method 400 may include step 408 where the esti-
mates are reported to physicians, for instance, in the form of
cardiac risk. The cardiac risk discussed including risk of
plaque rupture, possibility of an MI event, etc. are merely
exemplary instances of cardiac risk. Method 400 may be
applied to predicting and reporting any measurement of car-
diac risk.

FIG. 4Bis a block diagram of an exemplary method 420 for
creating and training a prediction system to predict cardiac
risk. In one embodiment, the prediction system trained via
method 420 may permit the estimates of cardiac risk for
method 400. The method of FIG. 4B may be performed by
server systems 106, based on information, images, and data
received from physicians 102 and/or third party providers 104
over electronic network 100.

As shown in FIG. 4B, method 420 may include obtaining
patient-specific models of coronary geometry based on an
image of a patient (e.g., CTA). More specifically though,
method 420 may involve collecting one or more models in
order to create or determine models for comparison to
patient-specific models undergoing analysis. In one embodi-
ment, the models may be derived from models associated
with individuals, meaning patients other than the patient asso-
ciated with the patient-specific model undergoing analysis.
Aggregating models from a collection of individuals may
provide indicators or patterns associated with MI occurrences
and/or plaque vulnerability. Method 420 may depict the pro-
cess of a machine-learning algorithm that continually updates
and revises its understanding of indications of plaque vulner-
ability. In other words, method 420 may be a process of
training a prediction system using collected features in order
to identify indications of acute myocardial infarction (MI)
likelihood over time (if sufficiently large MI patient data were
used for training) and/or plaque vulnerability or features of
vulnerability measured from OCT, IVUS, and near-infrared
spectroscopy (if a surrogate plaque vulnerability model was
used for training). The trained prediction system (e.g., a
machine learning system) may then be used to test a patient to
predict the risk of plaque rupture or myocardial infarction by
employing method 400, e.g., by obtaining an image of a
patient (e.g., CTA), extracting image/hemodynamic/biome-
chanical features and calculating risk factors, and sending
predicted risk factors to users (e.g., physicians). For example,
if the prediction system is trained to predict the vulnerability
of one or more locations of one or more locations of coronary
lesions, the prediction system may compare models within
the prediction system against a patient-specific model asso-
ciated with a target patient. The comparison may allow the
prediction system to estimate vulnerability probabilities for
the particular target patient.

In the phase of training a prediction system to assess car-
diac risk, training may derive from presence of an M1 event
associated with a lesion, if there exists a sufficiently large
number of MI event patients. If the number of MI events is
limited, a surrogate plaque vulnerability model can be used in
place of the actual MI events. The surrogate plaque vulner-
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ability model can be utilized from vulnerable features char-
acterized by invasive imaging such as optical coherence
tomography (OCT), near infrared spectroscopy (NIRS) and
virtual histology intravascular ultrasound (VH-IVUS). An
embodiment of method 400 will now be described in detail
with reference to an exemplary training mode for the predic-
tion system, such as method 420. In one embodiment, method
420 may begin with determining every location in the various
patient-specific geometric models for which there is informa-
tion about the plaque vulnerability (step 422).

Exemplary Training Mode

For one or more individuals, acquire a digital representa-
tion (e.g., the memory or digital storage [e.g., hard drive,
network drive] of a computational device such as a computer,
laptop, DSP, server, etc.) of the following items for each time
point:

Acquire: a patient-specific model of the geometry for the
patient’s ascending aorta, coronary artery tree, myocardium,
valves, and chambers.

Acquire: patient information comprising, at least, esti-
mates of physiological or phenotypic parameters of the
patient, including: blood pressure, hematocrit level, patient
age, patient gender, myocardial mass, general risk factors of
coronary artery disease, and/or one or more biomarkers. The
myocardial mass may be derived by segmenting the myocar-
dium in the image, calculating the volume in the image, and
using an estimated density of 1.05 g/mL to estimate the myo-
cardial mass.

The general risk factors of coronary artery disease may
include: smoking, diabetes, hypertension, lipid level (e.g.,
low density lipoprotein (LDL) cholesterol (LDL-C) levels),
dietary habits, family history, physical activity, sexual activ-
ity, weight (abdominal obesity), cholesterol, and/or stress
state (e.g., depression, anxiety, or distress).

The biomarkers may include: complement reactive protein
(CRP), fibrinogen, WBC (White blood cell) count, matrix
metalloproteinase (e.g., MMP-9, MMP-3 polymorphism),
1L-6, 1L-18, and TCT-c. (Cytokines), circulating soluble
CD40Ligand (sCD40L), and/or Vascular Calcification Mark-
ers (e.g., Osteopontin).

Acquire: image features from CT, including: plaque bur-
den (thickness, area, volume), SYNTAX score, napkin ring,
and/or necrotic core

Acquire: one or more estimates of biophysical hemody-
namic characteristic from computational fluid dynamics
analysis. Computational fluid dynamics to simulate blood
flow have been well studied. The estimates in this embodi-
ment include:

Simulation condition (e.g., rest, exercise (Low/Medium/
High grade by changing degree of cardiac output), hyper-
emia, etc.).

Hemodynamic quantity:

Max, cyclic wall-shear stress and mean wall-shear stress,

defined as

where T _is the wall shear stress vector defined as the in-plane
component of the surface traction vector.

Turbulent kinetic energy (TKE). This quantity is a measure
of the intensity of turbulence associated with eddies in turbu-
lent flow, and is characterized by measured root-mean-square
velocity fluctuation. TKE can be normalized by kinetic
energy.
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Acquire: one or more estimates of vessel wall and plaque
biomechanical characteristic from computational solid
dynamics analysis. The estimates in this embodiment may
include: simulation condition (pulsatile or steady flow) (rest,
exercise (Low/Medium/High grade by changing degree of
cardiac output), and/or hyperemia; biomechanical material
properties of vessel wall and plaque derived from literature
data and/or image characteristics (e.g., linear elastic, nonlin-
ear elastic, viscoelastic constitutive models, density, com-
pressible or incompressible material behavior, and/or ulti-
mate strength of material; and biomechanical stress and strain
(e.g., max or mean cyclic wall and plaque stress, max or mean
cyclic wall and plaque strain, and/or alternating stress and
strain).

Acquire: location(s) of plaque at culprit lesion being tar-
geted for prediction of vulnerability. The location of plaque
can be determined by use of CT and other imaging modalities
including intravascular ultrasound, or optical coherence
tomography.

Step 422 may thus include determining every location in
the various patient-specific geometric models for which there
is information about the plaque vulnerability. Then, step 424
may include creating a feature vector for each location that
contains a numerical description of physiological or pheno-
typic parameters of the patient and a description of the local
geometry and biophysical hemodynamic characteristic. Spe-
cifically the feature vector may contain:

Systolic and diastolic blood pressure

Heart rate

Blood properties including: plasma, red blood cells (eryth-
rocytes), hematocrit, white blood cells (leukocytes) and plate-
lets (thrombocytes), viscosity, yield stress

Patient age, gender, height, weight

Lifestyle characteristics: presence or absence of current
medications/drugs

General risk factors of CAD, such as: smoking status,
diabetes, hypertension, lipid level (e.g., low density lipopro-
tein (LDL) cholesterol (LDL-C) levels), dietary habits, fam-
ily history, physical activity, sexual activity, weight (abdomi-
nal obesity), cholesterol, and/or stress state (e.g., depression,
anxiety or distress)

Biomarkers, such as: complement reactive protein (CRP),
fibrinogen, WBC (White blood cell), matrix metalloprotein-
ase (e.g., MMP-9, MMP-3 polymorphism), 1L.-6, IL-18, and
TCT-a. (Cytokines), circulating soluble CD40 Ligand
(sCD40L), vascular calcification markers (e.g., Osteopontin).

Amount of calcium in aorta and valve

Presence of aortic aneurysm

Presence of valvular heart disease

Presence of peripheral disease

Epicardial fat volume

Cardiac function (ejection fraction)

Characteristics of the aortic geometry, e.g., cross-sectional
area profile along the ascending and descending aorta, and/or
surface area and volume of the aorta

SYNTAX score

Characteristics of coronary lesion, e.g., minimum lumen
area, minimum lumen diameter, degree of stenosis at lesion
(percentage diameter/area stenosis), e.g., by determining vir-
tual reference area profile by using Fourier smoothing or
kernel regression, and/or computing percentage stenosis of
lesion using the virtual reference area profile along the vessel
centerline; location of stenotic lesions, such as by computing
the distance (parametric arc length of centerline) from the
main ostium to the start or center of the lesion; length of
stenotic lesions, such as by computing the proximal and distal
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locations from the stenotic lesion, where cross-sectional area
1s recovered; and/or irregularity (or circularity) of cross-sec-
tional lumen boundary.

Characteristics of coronary lumen intensity at lesion, e.g.,
based on intensity change along the centerline (slope of lin-
early-fitted intensity variation)

Characteristics of surface of coronary geometry at lesion,
e.g., based on 3-D surface curvature of geometry (Gaussian,
maximum, minimum, mean), e.g., based on characteristics of
coronary centerline (topology) at lesion:

Curvature (bending) of coronary centerline

Compute Frenet curvature

%y
PP

where p is coordinate of centerline parameterized
by cumulative arc-length to the starting point
Compute an inverse of the radius of a circumscribed
circle along the centerline points
Tortuosity (non-planarity) of coronary centerline
Compute Frenet torsion

X
lpxp2

where p is coordinate of centerline

Characteristics of coronary deformation (possibly involv-
ing multi-phase CCTA (e.g., diastole and systole)): distensi-
bility of coronary artery over cardiac cycle; bifurcation angle
change over cardiac cycle; and/or curvature change over car-
diac cycle

Characteristics of existing plaque: location of plaque along
centerline (distance to closest upstream bifurcation point,
and/or bifurcation angle of coronary branches if plaque is
located at the bifurcation), adverse plaque characteristics
(presence of positive remodeling, presence of low attenuation
plaque, and/or presence of spotty calcification), plaque bur-
den (thickness, area, and/or volume), presence of Napkin
ring, intensity of plaque, type of plaque (calcified, non-calci-
fied), distance from the plaque location to ostium (LM or
RCA), and/or distance from the plaque location to the nearest
downstream/upstream bifurcation.

Characteristics of coronary hemodynamics derived from
computational flow dynamics or invasive measurement: To
obtain transient characteristics of blood, pulsatile flow simu-
lation may be performed by using a lumped parameter coro-
nary vascular model for downstream vasculatures, inflow
boundary condition with coupling a lumped parameter heart
model and a closed loop model to describe the intramyocar-
dial pressure variation resulting from the interactions
between the heart and arterial system during cardiac cycle.

Measured FFR

Pressure gradient

FFRct

Maximum, cyclic and mean wall-shear stress

Turbulent kinetic energy

Local flow rate

Characteristics of wall and plaque biomechanics derived
from computational solid dynamics: plaque mean, max and
alternating stress and strain, and/or ultimate stress and
strength
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Once feature vector creation is completed in step 424, step
426 may include associating the feature vector with available
models of plaque vulnerability at the same location. Such
models may include surrogate vulnerable feature models. The
following surrogate vulnerable features can be available at the
time when cardiac images were acquired by invasive imaging
such as OCT, NIRS, or VH-IVUS:

Thin cap fibroatheroma (TCFA)<65 microns

Large necrotic core

a. 25% of plaque area

b. >120 degree circumference

¢. 2-22 mm long

Speckled pattern of calcification

Macrophages

As part of step 426, the associations created between fea-
ture vectors and models may permit recognition of trends,
similarities, and/or groupings of various factors that may
indicate plaque vulnerability or likelihood or presence of MI
events at specific points. In one embodiment, step 426 may
include quantifying the associations as feature weights, such
that relationships between various factors that play into car-
diac risk can be returned as predictions. In other words, the
prediction system may assign or combine feature vectors with
weights. Part of the training aspect of the prediction system
may include continually adjusting feature weights for better
accuracy in predictions. Thus, step 426 may include training
amachine-learning algorithm (e.g. a linear SVM) to learn the
associations and/or feature weights in order to predict plaque
vulnerability or presence of MI event at points on a model.

Then for step 428, results (e.g. feature weights) of the
machine learning algorithm-based prediction system may be
continually saved as a digital representation (e.g., the
memory or digital storage (e.g., hard drive, network drive) of
a computational device such as a computer, laptop, DSP,
server, etc.). Step 428 may include continually updating fea-
ture weights as more patient-specific models are collected
and feature vectors constructed. Step 428, therefore, permits
a prediction system that continually incorporates features
input from acquired patient-specific models.

Exemplary Application of Prediction System

For a target patient, an exemplary method may include
acquiring a digital representation (e.g., the memory or digital
storage (e.g., hard drive, network drive) of a patient-specific
model of the geometry for the patient’s ascending aorta,
coronary artery tree, myocardium, valves, and chambers.
This geometry may be represented as a list of points in space
(possibly with a list of neighbors for each point) in which the
space can be mapped to spatial units between points (e.g.,
millimeters). This model may be derived by performing a
cardiac CT imaging of the patient in the end diastole phase of
the cardiac cycle. This image then may be segmented manu-
ally or automatically to identify voxels belonging to the aorta
and the lumen of the coronary arteries. Once the voxels are
identified, the geometric model can be derived (e.g., using
marching cubes). The process for generating the patient-spe-
cific model of the geometry may be the same as in the training
mode. A list of physiological and phenotypic parameters of
the patient may be obtained during training mode.

For every point in the patient-specific geometric model, the
exemplary method may include creating a feature vector for
that point including a numerical description of the geometry
and biophysical hemodynamic and wall and plaque biome-
chanical characteristic at that point, and estimates of physi-
ological or phenotypic parameters of the patient. These fea-
tures may be the same as the quantities used in the training
mode.
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The exemplary method may include using the saved results
of the machine-learning algorithm produced in the training
mode (e.g., feature weights) to produce estimates of the prob-
ability of the plaque rupture or MI event at lesions in the
patient-specific geometric model. These estimates may be
produced using the same machine learning technique used in
the training mode. The exemplary method may include saving
the predicted probability of the plaque vulnerability (rupture)
for lesions or MI event to a digital representation (e.g., the
memory or digital storage (e.g., hard drive, network drive) of
a computational device such as a computer, laptop, DSP,
server, etc.), and communicating the patient-specific risk fac-
tors to a health care provider.

FIG. 5Ais a block diagram of an exemplary method 500 for
medical therapy planning and lifestyle management. The
method of FIG. 5A may be performed by server systems 106,
based on information, images, and data received from physi-
cians 102 and/or third party providers 104 over electronic
network 100. In one embodiment, FIG. 5A may be an exten-
sion of the understanding of cardiac risk developed from
methods 400 and 420. For instance, method 500 may deter-
mine the impact of various medical therapies or treatments
and/or lifestyle modifications on lowering cardiac risk. More
specifically, method 500 may involve determining the effect
of medical therapies or lifestyle modifications on the features
used in the cardiac risk predictions. As shown in FIG. 5A,
method 500 may first include, retrieving features used in
method 400 to predict cardiac risk prediction (step 502). For
step 504, various medical therapy, protocols, and/or lifestyle
modifications may be determined. For instance, medical
therapies may include anti-ischemic drugs for ischemia man-
agement, antiplatelet agents, and/or lipid-lowering agents for
event prevention, etc. Anti-ischemic drugs may include
nitrates, beta-blockers (e.g., metopropl, bisoprolol, antenolo],
etc.), ivabradine, etc. Exemplary antiplatelet agents may
include low-dose aspirin, while lipid-lowering agents may
include statin treatments. Lifestyle modifications may
include: smoking cessation, diet control, physical and/or
sexual activity, weight management, arterial hypertension
management, and stress management.

Step 506 may include determining the effect of a given
medical therapy, protocol, or lifestyle modification on the
features used in computed plaque vulnerability prediction.
For example, effects for lifestyle modifications and control of
risk factors may be as follows:

Smoking cessation: can reduce systolic pressure by 3.5+/-
1.1 mmHg and diastolic pressure by 1.94/-0.7 mmHg and
reduce heart rate by 7.3+/-1.0 beats/min [18].

Diet control: N-3 polyunsaturated fatty acid (PUFA) con-
sumption (e.g., from oily fish) can reduce triglycerides; and
decreased triglycerides level can reduce blood viscosity by
2%.

Physical activity: regular physical activity can reduce
blood pressure by 3 mmHg; regular physical activity can
cause plaque regression.

Sexual activity: sexual activity is associated with 75% of
exercise workload in systolic BP; regular sexual activity can
reduce blood pressure by 2 mmHg.

Weight management: weight reduction in obese people can
decrease BP by 10% and reduce blood viscosity by 2%.

Arterial hypertension management: reductions in blood
pressure of 10-12 mmHg systolic and 5-6 mmHg diastolic
can decrease coronary artery disease of 16%.

Stress management: relief of depression, anxiety, and dis-
tress can reduce symptoms resulting in 10% HR and blood
pressure reduction.
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Effects for anti-ischemic drugs for ischemia management
may include:

Nitrates: 5% increase in diameter of epicardial coronary
arteries for sublingual nitroglycerin (GTN) capsules and 13%
increase in diameter of epicardial coronary arteries for isos-
orbide dinitrate (ISDN).

Beta-blockers (e.g.. metoprolol, bisoprolol, atenolol):
reduction of heart rate by 10%; Reduction of blood pressure
by 10%.

Ivabradine: reduction of heart rate by 8.1+/-11.6 beats/min

Effects associated with antiplatelet agents for event pre-
vention may be: low-dose aspirin; reduce blood pressure by
20 mmHg

Impact of lipid-lowering agents for event prevention may
include: statin treatment reduces low density lipoprotein
(LDL) cholesterol (LDL-C) levels and thus decrease blood
viscosity by 2%.

Step 506 may include determining the effects on features
(e.g. from or relating to feature vectors) for a target patient
(based a respective patient-specific model). Method 500 may
thus determine the effect of'a given medical therapy protocol
or lifestyle modification on the features used in computed
plaque vulnerability prediction (step 506). Method 500 may
further include providing an optimal treatment protocol to a
physician based on the effect of one or more treatment pro-
tocols on the risk factor prediction (step 508). In one embodi-
ment, step 508 may optionally include producing a rendering
of the effects of various treatment protocols such that a phy-
sician may compare protocols and projections of effects on
the features based on the protocols. A further embodiment of
step 508 may include analyzing the combined effects of mul-
tiple treatment protocols and/or lifestyle modifications such
that physicians may offer a treatment regimen that may
include more than one form of therapy.

FIG. 5B is a block diagram of an exemplary method 520 by
which a machine learning algorithm may determine effects of
various medical treatments and/or lifestyle modifications on
the features. The method of FIG. 5B may be performed by
server systems 106, based on information, images, and data
received from physicians 102 and/or third party providers 104
over electronic network 100. Essentially, method 520
describes one embodinent of step 506 of method 500 in more
detail. In one embodiment, method 500 for guiding medical
therapy may use a machine-learning based cardiac risk pre-
dictor established in the method of FIG. 4B and add an addi-
tional layer of machine-based learning by evaluating patient-
specific cardiac imaging models through medical therapy and
lifestyle modifications. Therefore, method 520 may help pre-
dict, for instance, the probability of plaque rupture risk using
updated features and a trained machine-learning algorithm.

For example, method 520 may include employing patient-
specific models reflecting the geometry of the patient-specific
model used in method 420 of training the cardiac risk predic-
tion system, including the list of physiological and pheno-
typic parameters of the patient (e.g., obtained during training
mode for the cardiac event predictor). In other words, patient-
specific models used in method 520 may include geometry of
ascending aortas, coronary artery trees, myocardium, valves,
and chambers respective to each patient.

For every point in each patient-specific geometric model,
method 520 may include feature vectors for each point, com-
prising a numerical description of the geometry and biophysi-
cal hemodynamic and biomechanical characteristic at that
point, and estimates of physiological or phenotypic param-
eters of the patient. These features may be the same as the
quantities used in the training mode for the cardiac risk pre-
diction system.
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Step 522 may include virtually adjusting feature sets to
simulate application of medical therapies or lifestyle modifi-
cations to patient-specific models. Then for step 524, method
520 may estimate probability of cardiac risk according to the
adjustments. In one embodiment, step 524 may rely on the
saved results of the machine-learning algorithm produced in
the training mode (e.g., feature weights) to produce estimates
of the probability. These estimates may be produced using the
same machine-learning algorithm used in the training mode
for the cardiac event predictor. For example, if beta-blocker
(e.g., metoprolol, bisoprolol, atenolol) is chosen for a medical
therapy, the algorithm may update the following features:
reduce blood pressure by 10% and heart rate by 10% and/or
update boundary conditions for coronary blood flow simula-
tion and extract new hemodynamics and wall and plaque
biomechanical features.

Based on the estimates, step 526 may include a comparison
of estimates for various applied protocols and modifications.
In one embodiment, step 526 may include a second machine-
learning algorithm specifically applied to the effects of treat-
ment given various combinations of features and/or feature
vectors. For example, this second machine-learning algo-
rithm may be an extension of the first machine-learning algo-
rithm for cardiac risk. In another instance, the second
machine-learning algorithm may be a separate, independent
entity. In such a case, the models on which the machine
learning algorithms are constructed may be independent and/
or overlap.

Step 528 may include determining an optimal treatment
and/or lifestyle modification based on the comparison from
step 526. Optimal treatments may be based simply on the
effects of optimal treatments and/or lifestyle modifications on
features. In a further embodiment, the optimal treatments
may take into account patient-specific factors. For instance,
step 528 may include determining a patient’s geographical
location and determining optimal treatment in light of the
location. For example, a patient that lives near a beach may
have an optimal lifestyle modification involving swimming
whereas such a recommendation may be less optimal for a
land-locked patient. The optimal treatments may further con-
sider other patient treatments. For example, running or walk-
ing may be a lifestyle modification that best suits a patient
based on the effects of the modification on a patient’s factors.
However, it may not be practical for a patient with a recent
knee injury to employ such a modification. Step 528 may thus
create an optimal treatment, with respect to a patient’s spe-
cific conditions. Step 528 may further include saving the
predicted probability of the plaque vulnerability (rupture) for
lesions to a digital representation (e.g., the memory or digital
storage (e.g., hard drive, network drive) of a computational
device such as a computer, laptop, DSP, server, etc.) for a
given medical therapy. In relation to step 508 of method 500,
step 508 may include outputting to a doctor the effect of one
or more treatment protocols on the risk factor prediction and
suggesting optimal treatment protocol based on the predicted
plaque vulnerability determined in step 528.

Other embodiments of the invention will be apparent to
those skilled in the art from consideration of the specification
and practice of the invention disclosed herein. It is intended
that the specification and examples be considered as exem-
plary only, with a true scope and spirit of the invention being
indicated by the following claims.

What is claimed is:

1. A computer-implemented method of predicting a prob-
ability of an adverse vascular event from plaque vulnerability
derived from patient-specific anatomic image data, the
method comprising:
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acquiring anatomical image data of at least part of the

patient’s vascular system,;

performing, using a processor, an analysis of forces on a

feature of the patient’s vascular system derived from the
anatomical image data;

determining, for each of one or more locations of the

patient’s vascular system, a feature vector comprising a
numerical description of at least one of: the geometry,
biophysical hemodynamics, and wall or plaque biome-
chanical characteristics at that location, based on the
analysis of forces on the feature of the patient’s vascular
system;

determining, using a processor, a plaque vulnerability

present in the patient’s vascular system based on the one
or more determined feature vectors; and

predicting, using a processor, a probability of an adverse

vascular event using the determined plaque vulnerabil-
ity.
2. The method of claim 1, wherein the one or more vascular
systems include one or more of the patient’s carotid arteries,
peripheral arteries, abdominal arteries, renal arteries, femoral
arteries, popliteal arteries, and cerebral arteries.
3. The method of claim 1, further including:
acquiring, for each of a plurality of individuals, individual-
specific anatomic data and blood flow characteristics of
at least part of the individual’s vascular system; and

predicting risk of plaque rupture based on the individual-
specific anatomic data and blood flow characteristics for
each of the plurality of individuals,

wherein the probability of the adverse vascular event is

based on the risk of plaque rupture.

4. The method of claim 1, further including:

generating a patient-specific geometric model of at least

part of the patient’s vascular system;

extracting, using a processor, image features, geometrical

features, hemodynamic characteristics of blood flow
through the patient-specific geometric model, and/or
biomechanical features associated with the geometric
model; and

predicting, using the processor, the probability of the

adverse vascular event based on results of the extraction
of image features, geometrical features, hemodynamic
characteristics of blood flow through the patient-specific
geometric model, and/or biomechanical features associ-
ated with the geometric model.

5. The method of claim 4, further including:

acquiring one or more physiological and/or phenotypic

parameters;

obtaining one or more geometric qualities of one or more

arteries of the patient-specific geometric model of the
patient’s vascular system; and

determining a presence or absence of plaque vulnerability

at each of a plurality of locations in the patient-specific
geometric model of the patient’s vascular system.

6. The method of claim 5, further including:

generating the one or more feature vectors further based on

the image features, geometrical features, the hemody-
namic characteristics, the biomechanical features, and/
or the one or more physiological and/or phenotypic
parameters.

7. The method of claim 1, further including:

determining an association between the one or more fea-

ture vectors vascular risk,

wherein the predicting, using the processor, of the prob-

ability of the adverse vascular event from plaque vulner-
ability present in the patient’s vascular system is based
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on the association between the one or more feature vec-
tors and one or more known indicators of vascular risk.

8. The method of claim 7, further including:

generating one or more individual-specific feature vectors

based on the individual-specific anatomic data and
blood flow characteristics; and

determining one or more feature weights based on the one

or more individual-specific feature vectors, wherein the
one or more known indicators of vascular risk includes
the one or more feature weights.

9. The method of claim 8, further including:

updating the one or more individual-specific feature vec-

tors and/or the one or more feature weights based on the
individual-specific anatomic data and blood flow char-
acteristics.

10. A system of predicting a probability of an adverse
vascular event from plaque vulnerability derived from
patient-specific anatomic image data, the system comprising:

a data storage device storing instructions for predicting a

probability of an adverse vascular event from plaque
vulnerability derived from patient-specific anatomic
image data; and

a processor configured to execute the instructions to per-

form a method including:

acquiring anatomical image data of at least part of the

patient’s vascular system;

performing, using a processor, an analysis of forces on a

feature of the patient’s vascular system derived from the
anatomical image data;

determining, for each of one or more locations of the

patient’s vascular system, a feature vector comprising a
numerical description of at least one of: the geometry,
biophysical hemodynamics, and wall or plaque biome-
chanical characteristics at that location, based on the
analysis of forces on the feature of the patient’s vascular
system;

determining, using a processor, a plaque vulnerability

present in the patient’s vascular system based on the one
or more determined feature vectors; and

predicting, using a processor, a probability of an adverse

vascular event using the determined plaque vulnerabil-
ity.
11. The system of claim 10, wherein the one or more
vascular include one or more of the patient’s carotid arteries,
peripheral arteries, abdominal arteries, renal arteries, femoral
arteries, popliteal arteries, and cerebral arteries.
12. The system of claim 10, wherein the processor is fur-
ther configured for:
acquiring, for each of a plurality of individuals, individual-
specific anatomic data and blood flow characteristics of
at least part of the individual’s vascular system; and

predicting risk of plaque rupture based on the individual-
specific anatomic data and blood flow characteristics for
each of the plurality of individuals,

wherein the probability of the adverse vascular event is

based on the risk of plaque rupture.

13. The system of claim 10, wherein the processor is fur-
ther configured for:

generating a patient-specific geometric model of at least

part of the patient’s vascular system;

extracting, using a processor, image features, geometrical

features, hemodynamic characteristics of blood flow
through the patient-specific geometric model, and/or
biomechanical features associated with the geometric
model; and

predicting, using the processor, the probability of the

adverse vascular event based on results of the extraction
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of image features, geometrical features, hemodynamic
characteristics of blood flow through the patient-specific
geometric model, and/or biomechanical features associ-
ated with the geometric model.
14. The system of claim 13, wherein the processor is fur-
ther configured for:
acquiring one or more physiological and/or phenotypic
parameters;
obtaining one or more geometric qualities of one or more
arteries of the patient-specific geometric model of the
patient’s vascular system; and
determining a presence or absence of plaque vulnerability
at each of a plurality of locations in the patient-specific
geometric model of the patient’s vascular system.
15. The system of claim 14, wherein the processor is fur-
ther configured for:
generating the feature vector further based on the image
features, geometrical features, the hemodynamic char-
acteristics, the biomechanical features, and/or the one or
more physiological and/or phenotypic parameters.
16. The system of claim 10, wherein the processor is fur-
ther configured for:
determining an association between the feature vector and
one or more known indicators of vascular risk,
wherein the predicting, using the processor, of the prob-
ability of the adverse vascular event from plaque vulner-
ability present in the patient’s vascular system is based
on the association between the feature vector and one or
more known indicators of vascular risk.
17. The system of claim 16, wherein the processor is fur-
ther configured for:
generating one or more individual-specific feature vectors
based on the individual-specific anatomic data and
blood flow characteristics; and
determining one or more feature weights based on the one
or more individual-specific feature vectors, wherein the
one or more known indicators of vascular risk includes
the one or more feature weights.
18. The system of claim 17, wherein the processor is fur-
ther configured for:
updating the one or more individual-specific feature vec-
tors and/or the one or more feature weights based on the
individual-specific anatomic data and blood flow char-
acteristics.
19. A non-transitory computer readable medium for use on
a computer system containing computer-executable pro-
gramming instructions for performing a method of predicting
a probability of an adverse vascular event from plaque vul-
nerability derived from patient-specific anatomic image data,
the method comprising:
acquiring anatomical image data of at least part of the
patient’s vascular system,
performing, using a processor, an analysis of forces on a
feature of the patient’s vascular system derived from on
the anatomical image data;
determining, for each of one or more locations of the
patient’s vascular system, a feature vector comprising a
numerical description of at least one of: the geometry,
biophysical hemodynamics, and wall or plaque biome-
chanical characteristics at that location, based on the
analysis of forces on the feature of the patient’s vascular
system;
determining, using a processor, a plaque vulnerability
present in the patient’s vascular system based on the one
or more determined feature vectors; and
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predicting, using a processor, a probability of an adverse
vascular event using the determined plaque vulnerabil-
ity.

20. The non-transitory computer readable medium of claim
19, wherein the one or more vascular systems include one or 5
more of the patient’s carotid arteries, peripheral arteries,
abdominal arteries, renal arteries, femoral arteries, popliteal
arteries, and cerebral arteries.
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In the Claims
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indicators of vascular risk--

Signed and Sealed this
Sixteenth Day of August, 2016

Decbatle X Loa

Michelle K. Lee
Director of the United States Patent and Trademark Office



THMBW(EF)

[ i (S RIR) A ()
e (S IR) A (%)

HAT R E (TR AGE)

patsnap

ATNEBERRERDEGEETN AR 3 BRBHR 5 RIER R 5 E

US9220419 [ (r&)B 2015-12-29
US14/546100 FER 2014-11-18
BRHEZ N

HEARTFLOW INC.

HEARTFLOW INC.

[#R1 &% BB A CHOI GILWOO
GRADY LEO J
SCHAAP MICHIEL
TAYLOR CHARLES A
EZBAA CHOI, GILWOO
GRADY, LEO J.
SCHAAP, MICHIEL
TAYLOR, CHARLES A.
IPCH %S A61B5/02 A61B5/00 A61B6/03 A61B5/055 A61B5/026 A61B8/12 GO6T7/60 GO6T7/00 A61B6/00
GO06F19/00
CPC@H %= A61B5/02007 A61B5/0066 A61B5/026 A61B5/055 A61B5/7275 A61B6/032 A61B6/504 A61B6/5217
A61B8/12 GO6F19/3431 G06T7/0012 G06T7/602 A61B6/503 GO6F19/3437 G16H50/30 G16H50/50
Y02A90/26 A61B34/10 G06T2207/10104 G06T2207/10108 G06T2207/30104
L5 61/917639 2013-12-18 US
H N FF sk US20150164342A1
SNEBEEE Espacenet USPTO
HE(B)
102
AT T EAITENRETRN BRI EBR S RENRERN S E, —TH "
EAERNEENERENE D — 559 182 R G IIE, AL REX ## g —
HRGBIBRT - N RS ANRGEBEDN |, JLADH |, HERED H2 R .
AR GER 0 325 4746 FR AL R BB TN 58 3 1 B R4 R A7 1E B9 SRR B i 1mk R
R | ERFNBRDESR SR DEEFRGIST A, LA THROPRTY PHYSCM
S, TEFREH D ZSHPH— ARSI BT ERRIBIRAST | ez
BT R GIIBNE G D2 DA HE AL BEEIRE T EN T BB o
fiE,
1
NI

SERVER SYSTEMS



https://share-analytics.zhihuiya.com/view/322c3763-f800-44ad-81bb-3f1a46056738
https://worldwide.espacenet.com/patent/search/family/053366976/publication/US9220419B2?q=US9220419B2
http://patft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PALL&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.htm&r=1&f=G&l=50&s1=9220419.PN.&OS=PN/9220419&RS=PN/9220419

