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PERSONALIZED ASSESSMENT OF
PATIENTS WITH ACUTE CORONARY
SYNDROME

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application Ser. No. 62/262,310 filed Dec. 2, 2015,
which is incorporated herein by reference in its entirety.

TECHNOLOGY FIELD

[0002] The present invention relates generally to methods,
systems, and apparatuses for personalized assessment of
patients with acute coronary syndrome (AC S). The dis-
closed techniques may be applied, for example, predicting
hemodynamic measures of interest and the risk of future
events in ACS patients.

BACKGROUND

[0003] Cardiovascular disease is the leading cause of
death, globally. Of these deaths, approximately 42% are
caused by Coronary Artery Disease (CAD). CAD patients
suffer from a buildup of plaque in the coronary arteries,
which results in a corresponding decrease of blood flow to
the cardiac muscle, especially under stress. In severe cases,
this reduction in flow can result in myocardial ischemia, and
potentially death.

[0004] The decision to revascularize blocked coronaries is
commonly performed considering anatomical markers
extracted from invasive coronary angiography, such as the
percentage reduction in lumen diameter. There is strong
evidence that this approach has a limited accuracy in evalu-
ating the hemodynamic significance of lesions in patients
with stable angina.

[0005] In view of the limitations of the pure anatomical
evaluation of CAD, for patients with stable angina the
functional index of Fractional Flow Reserve (FFR) has been
introduced as an alternative for evaluating the hemodynamic
significance of coronary artery stenoses. FFR is defined as
the ratio of flow in the stenosed branch at hyperemia—a
condition of stress, with maximum coronary blood flow—to
the hypothetical hyperemic flow in the same branch under
healthy conditions. This can be shown to be closely approxi-
mated by the ratio of hyperemic cycle-averaged pressure
distal to the stenosis to the cycle-averaged aortic pressure. In
patients with stable angina, FFR is currently the gold stan-
dard for determining the functional severity of a lesion.
Clinical evaluation of FFR is done under angiographic
guidance, using a catheter-based pressure transducer.
Despite the advantages offered by FFR, the use of FFR is
still relatively uncommon due to additional costs, the need
to administer drugs to induce hyperemia, and the invasive
nature of the measurement.

[0006] Recently, blood flow computations performed
using computational fluid dynamics (CFD) algorithms in
conjunction with patient-specific anatomical models
extracted from medical images (e.g., CT scans of the heart
and the coronary arteries) have shown great promise in
being able to predict invasive, lesion-specific FFR from
patient’s medical images taken at resting conditions. The
CFD-based models combine geometrical information
extracted from medical imaging with background knowl-
edge on the physiology of the system, encoded in a complex
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mathematical fluid flow model consisting of partial differ-
ential equations which can be solved only numerically. This
approach leads to a large number of algebraic equations,
making it computationally very demanding. Typically the
solution of the flow problem requires a few hours on
powerful clusters for high-fidelity models representing the
complete three-dimensional velocity field to minutes on a
workstation for reduced-order models which solve for time-
varying pressure and flow rate in each branch. The compu-
tationally demanding aspect of these CFD models and
associated image segmentation process prevents adoption of
this technology for real-time applications such as intra-
operative guidance of interventions.

[0007] An alternative approach with high predictive
power is based on machine learning (ML) algorithms. In this
case, the relationship between input data (e.g. the anatomy
of a vascular tree, and quantities of interest) is represented
by a model built from a database of samples with known
characteristics and outcome. Once the model is trained, its
application to unseen data provides results almost instanta-
neously.

[0008] Acute Coronary Syndrome (ACS) refers a range of
conditions associated with sudden, reduced blood flow to the
heart. There are generally three categories of ACS. First, in
ST-segment elevation myocardial infarction (STEMI), a
thrombus fully occludes a coronary artery leading to necro-
sis in part of the myocardium, whose size depends on how
fast blood flow is reestablished. Secondly, in Non ST-
segment elevation myocardial infarction (NSTEMI), blood
flow is partially blocked by a thrombus, leading to signifi-
cant myocardial damage. The third category of ACS is
Unstable Angina (UA), wherein blood flow is partially
blocked by a thrombus with no significant myocardial
damage

[0009] While STEMI can quickly be diagnosed from
echocardiogram (ECG) signals, it is initially difficult to
distinguish between NSTEMI and UA. Typically, with
NSTEMI the symptoms (e.g., chest pain, nausea, and
elevated heart rate) are more severe, and a blood test
performed for cardiac troponins around twelve hours after
the onset of the event enables a distinction between the two
types of ACS.

[0010] In patients with ACS, the culprit artery (i.e., the
artery which caused the myocardial infarction/lead to a state
with unstable angina) may be distinguished from non-culprit
arteries (i.e., all other coronary arteries, which may or may
not contain stenoses causing stable angina). Since a large
percentage of ACS patients have multi-vessel disease, the
number of non-culprit lesions requiring decision making
may be significant. After percutaneous coronary intervention
(PCI) of the culprit artery, patients with multi-vessel disease
have increased one-year mortality, and overall worse out-
comes.

[0011] In STEMI patients there has been a continuous
debate whether to stent or not the non-culprit stenoses (the
stenosis of the culprit artery is stented in almost all cases).
Meta-analyses and non-randomized registry studies have
indicated that if all non-culprit vessels are treated the
number of adverse invents increases compared to the case
when only the culprit vessel is treated. Thus, the 2013
ACC/AHA/SCAI STEMI guidelines stated that only the
culprit stenosis should be stented. However, prior to the
publication of these guidelines, two small scale studies have
indicated that PCI of non-culprit arteries reduces the risk of
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MI and the need to repeat revascularization. The results of
three recent larger scale studies (PRAMI, CvLPRIT and
PRIMULTTI) have then confirmed that better patient outcome
statistics are obtained if, besides the culprit artery, all other
arteries with hemodynamically significant stenoses are
treated. The essential question is: how to decide if a non-
culprit stenosis is hemodynamically significant? Similar to
the case of stable patients, angiographic markers have a
limited accuracy in ACS patients, but there has also been a
continuous debate whether FFR is suitable for decision-
making.

[0012] Besides angiography, two other medical imaging
techniques are typically used in ACS patients: Intravascular
ultrasound (IVUS) and Optical coherence tomography
(OCT). IVUS was the established standard intracoronary
imaging technique, but due to its significantly better reso-
lution, OCT usage has increased over the last years and
represents currently the state-of-the-art. Besides lumen
assessment, OCT is employed for visualizing and assessing
coronary plaque (rupture, thin cap fibroatheroma, fibrous
cap thickness). OCT is now considered indispensable in
ACS patients. It has been shown that disruption and inflam-
mation of the plaque are major factors in ACS, conditions
which can readily be identified through OCT. Furthermore,
OCT has been employed to predict patient outcome after
PCI: patients with no reflow have a higher incidence of thin
cap fibroatheroma compared to patients with good reflow.
OCT may further be used to assess stent thrombosis, which
has been shown to cause ACS. OCT and IVUS have been
furthermore used to generate more accurate 3D reconstruc-
tions of the coronary arteries by fusing 3D centerlines
generated from two angiographic projections and lumen
information from OCT/IVUS.

[0013] Biomarkers are also typically used in risk stratifi-
cation of ACS patients. As mentioned above, a troponin test
can distinguish between NSTEMI and UA. High sensitivity
cardiac troponin T (hs-cTnT) assay can now be used for a
more sensitive detection of low troponin concentrations.
hs-cTnT has been previously correlated with vulnerable
plaque: the increase in troponin concentration may be
caused by small plaque ruptures, which cause micro-injury
in the myocardial beds. Another biomarker, N-terminal
pro-B-type natriuretic peptide (NT-proBNP), has been
linked with an increased risk of a major adverse cardiac
event (MACE) in patients with stable CAD. Very recently
hs-cTnT and NT-proBNP have been associated with various
plaque characteristics (total plaque volume, calcified vol-
ume, etc.), as extracted from computed tomography angiog-
raphy (CTA) images.

[0014] Thus, clinical decision making in patients with
acute coronary syndromes is challenging. As opposed to the
case of stable CAD, where FFR, with a universally accepted
cut-off value, is the gold standard, the diagnosis and treat-
ment of ACS patients (especially of non-culprit lesions in
ACS patients) remains controversial. Several small studies
have indicated that FFR can be readily used for determining
the functional significance of non-culprit lesions in STEMI
patients, and both culprit and non-culprit lesions in NSTEMI
and UA patients.

[0015] Computational modeling has up to date been used
to estimate FFR in stable CAD patients. However, it has not
been applied for ACS patients, primarily due to the large
computational time which is in contradiction with the
requirement of fast decision making in the clinical setting.

Nov. 1, 2018

With the introduction of machine learning based techniques,
which provide results in an interactive manner, non-invasive
estimations of diagnostic measures of interest may be used
to improve patient stratification, and reduce costs and risks.
To enable accurate estimations, however, the computational
techniques (computational modeling/machine learning
based) need to be adapted to the conditions of ACS.

SUMMARY

[0016] Embodiments of the present invention address and
overconie one or more of the above shortcomings and
drawbacks, by providing methods, systems, and apparatuses
related to a personalized assessment of patients with ACS.
More specifically, the techniques described herein utilize
ML algorithms for predicting hemodynamic measures of
interest (FFR, IFR, wall stress, etc.) in ACS patients. The
prediction is based on various features extracted from non-
invasive patient data, medical imaging (invasive and non-
invasive, perfusion), invasive measurements, blood bio-
markers, etc. Furthermore, the disclosed techniques may
also be applied to the prediction of risk of future events.
[0017] According to some embodiments, a computer-
implemented method for personalized assessment of
patients with acute coronary syndrome (ACS) includes
extracting (i) patient-specific coronary geometry data from
one or more medical images of a patient; (ii) a plurality of
features of a patient-specific coronary arterial tree based on
the patient-specific coronary geometry data; and (i) a
plurality of ACS-related features from additional patient
measurement data. The additional patient measurement data
may include, for example, one or more of perfusion imaging
data, invasive measurements, blood biomarkers, ECG sig-
nals, or contrast propagation information. A surrogate model
1s used to predict patient-specific hemodynamic measures of
interest related to ACS based on the plurality of features of
the patient-specific coronary arterial tree and the plurality of
ACS-related features from the additional patient measure-
ment data. These patient-specific hemodynamic measures of
interest may include, for example, one or more of Fractional
Flow Reserve, Coronary Flow Reserve, wall shear stress,
and/or a risk of plaque rupture. In some embodiments, the
method further includes predicting a risk of future events for
patients with ACS based on the patient-specific hemody-
namic measures of interest.

[0018] In some embodiments of the aforementioned
method, the surrogate model is trained using a process
comprising generating a database of coronary arterial trees
representative of ACS conditions. Each coronary artery tree
may be generated, for example, by specifying or adapting
one or more of (i) a culprit artery; (i) a TCRIL,_, value; or
(iil) an indication of extent of myocardial area correspond-
ing to the coronary artery tree. Flow computations are
performed on each artery included in the database of coro-
nary arterial trees to extract hemodynamic measures of
interest. Next, features of coronary arterial trees and ACS
related features are extracted from the database of coronary
arterial trees. Then, one or more machine learning methods
are applied to train the surrogate model to predict the
hemodynamic measures of interest based on the features of
coronary arterial trees and the ACS related features.

[0019] The database of coronary arterial trees used for
training the surrogate model may include, for example, a
plurality of synthetic coronary arterial trees. In some
embodiments, the database of coronary arterial trees com-
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prises a plurality of in silico models and the flow compu-
tations performed during training comprise computational
fluid dynamics (CFD) computations. In other embodiments,
the database of coronary arterial trees comprises a plurality
of in vitro models and the flow computations comprise flow
experiments. In addition to (or as an alternative to) synthetic
coronary arterial trees, the database may include non-syn-
thetic coronary arterial trees.

[0020] In some embodiments of the method discussed
above, the method further include determining a confidence
interval or a measure of uncertainty for the patient-specific
hemodynamic measures of interest related to ACS. For
example, in one embodiment, the confidence interval or
measure of uncertainty is determined by comparing the
predictions of the surrogate model based on medical images
of the patient-specific coronary geometry acquired with at
least two different imaging modalities.

[0021] According to another aspect of the present inven-
tion, a second computer-implemented method for personal-
ized assessment of patients with ACS includes extracting (i)
patient-specific coronary geometry data from a plurality of
medical images and (i) geometric features of a patient-
specific vessel tree based on the patient-specific coronary
geometry data. A first machine learning algorithm is used to
determine one or more patient-specific hemodynamic mea-
sures of interest under stable conditions based on the patient-
specific vessel tree. Next, ACS-related features are extracted
from additional patient measurement data. Then, a second
machine learning algorithm is used to refine the one or more
patient-specific hemodynamic measures of interest based on
the plurality of ACS-related features. In some embodiments,
the method further includes predicting a risk of future events
for patients with ACS based on the one or more patient-
specific hemodynamic measures of interest. Additionally (or
alternatively), the method may include predicting the evo-
lution in time of the hemodynamic measures of interest after
onset of ACS.

[0022] According to other embodiments, a parallel pro-
cessing computing system includes host computer which is
configured to (i) extract patient-specific coronary geometry
data from one or more medical images of a patient, (ii)
extract features of a patient-specific coronary arterial tree
based on the patient-specific coronary geometry data, and
(i) extract a plurality of ACS-related features from addi-
tional patient measurement data. The parallel processing
computing system also includes a device computer which is
configured to predict patient-specific hemodynamic mea-
sures of interest related to ACS based on the features of the
patient-specific coronary arterial tree and the ACS-related
features from the additional patient measurement data by
applying one or more machine learning algorithms in par-
allel across a plurality of computation units.

[0023] Additional features and advantages of the inven-
tion will be made apparent from the following detailed
description of illustrative embodiments that proceeds with
reference to the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0024] The foregoing and other aspects of the present
invention are best understood from the following detailed
description when read in connection with the accompanying
drawings. For the purpose of illustrating the invention, there
is shown in the drawings embodiments that are presently
preferred, it being understood, however, that the invention is
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not limited to the specific instrumentalities disclosed.
Included in the drawings are the following Figures:

[0025] FIG. 1 illustrates a generic workflow that may be
used for predicting measures of interest for patients with
acute coronary syndrome, according to some embodiments;
[0026] FIG. 2 shows a workflow used for the estimation of
a quantity of interest in ACS patients from a single machine
learning model, according to some embodiments;

[0027] FIG. 3 shows a workflow used for the estimation of
a quantity of interest in ACS patients, based on angiography
blood biomarkers and ECG signals, according to some
embodiments;

[0028] FIG. 4 illustrates a workflow used for the estima-
tion of a quantity of interest in ACS patients from cascaded
machine learning models, according to some embodiments;
[0029] FIG. 5 provides an example of evolution in time of
FFR before and after the onset of ACS;

[0030] FIG. 6 shows a machine learning based workflow
to correct lumen boundary, as may be applied in some
embodiments;

[0031] FIG. 7 illustrates a workflow used to predict risk of
future events for patients with acute coronary syndrome,
according to some embodiments; and

[0032] FIG. 8 provides an example of a parallel processing
memory architecture that may be utilized to perform com-
putations related to execution of the various workflows
discussed herein, according to some embodiments of the
present invention.

DETAILED DESCRIPTION OF ILLUSTRATIVE
EMBODIMENTS

[0033] The following disclosure describes the present
invention according to several embodiments directed at
methods, systems, and apparatuses related to personalized
assessment of patients with ACS. Briefly, invasive and/or
non-invasive data of the patient is acquired. Features are
extracted from the input data, which may be related to the
coronary geometry or to other measures acquired from the
patient. Next, hemodynamic indices of interest are pre-
dicted. An oflline trained machine learning algorithm is used
to predict these indices at any location of the coronary
arterial tree. The training is based on computational mod-
eling. Then, the predicted hemodynamic indices of interest
for the ACS patient may be visualized.

[0034] FIG. 1 displays a generic workflow 100 that may be
used for predicting measures of interest for patients with
acute coronary syndrome, according to some embodiments.
The central element of the workflow is represented by one
or more trained ML algorithms which use a set of features
for the prediction. This workflow is described below as a
series of steps; however, it should be understood that order
should not be implied by the description of these steps. For
example, acquisition steps 105-115 could be perform in any
order and multiple acquisition steps may be performed in
parallel.

[0035] At step 105, non-invasive patient data is received
such as, for example, blood pressure, heart rate, ECG
signals, demographics, patient history, family history, etc.
Non-invasive/invasive medical images of the patient are
received at step 110. These images may generally be
received from any source including, for example, angiogra-
phy, computed tomography, echocardiography, IVUS, and
OCT scanners. At step 115, blood biomarkers are received.
The information acquired at steps 105-115 may be acquired
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at a single time point, or at different time points. For
example, features extracted from a Cardiac Computed
Tomography Angiography (CCTA) exam performed several
months before the event of ACS and from an angiographic
exam performed right after the ACS event may be used to
predict the measure of interest. Similarly, blood biomarkers
(the same or different) may have been acquired at different
time points and used as features of the ML algorithm.

[0036] At step 120, features of interest are extracted from
the patient data acquired at steps 105-115, for example,
using feature extraction techniques generally known in the
art. The term “extraction,” as used herein refers to the act or
process of retrieving data out of one or more data sources for
further processing or storage. The act of extracting data may
include the identification of data in a data source. For
example, during extraction relevant features from an image
may be identified and retrieved from the data (e.g., by
cropping). Alternatively, a feature extraction process may
take such an identification as input and only perform the
steps associated with retrieval.

[0037] Returning to FIG. 1, at step 125, one or more
trained ML algorithms are used to predict/estimate one or
more measures of interest such as FFR, risk score, etc. The
one or more ML algorithms may be used in a cascaded or
parallel workflow, and may be trained on patient-specific
and/or on synthetic data, generated in vitro or in silico. In
general, any ML algorithm known in the art may be applied
including, for example, algorithms based on artificial neural
networks (ANN), deep learning, or learning classifier/re-
gression systems.

[0038] Continuing with reference to FIG. 1, at step 130,
patient-specific predictions are visualized based on the out-
put of the ML algorithms. For example, in some embodi-
ments, the data is presented in a numeric (e.g. tabular) form
to the clinician. In other embodiments, the data is presented
in a graphical way (e.g., overlaid on the medical images) and
presented to the clinician.

[0039] There are two general approaches for estimating
the hemodynamic measures of interest in patients including,
without limitation, Fractional Flow Reserve (FFR), Coro-
nary Flow Reserve (CFR), instant wave-free ratio (iFR),
Basal Stenosis Resistance (BSR), Hyperemic Stenosis
Resistance (HSR), and wall shear stress (WSS). In some
embodiments, the workflow can be implemented with a
single ML model. In other embodiments, the workflow is
implemented with cascaded ML models. Each of these
implementation strategies are described below in detail.

[0040] Where a single ML model is employed, the model
may be trained based on the estimations extracted from a
computational model of the coronary circulation. Conven-
tional systems for patient-specific computational modeling
of the coronary circulation in stable patients rely on an
anatomical model of the coronary circulation generated from
medical images and on a method for personalizing the
boundary conditions of the flow computation so as to match
the patient-specific measurements. In the ACS setting the
methodology is similar, however, due to the myocardial
infarction/unstable angina, the microvasculature is affected
and the capability of achieving maximal hyperemia is
impaired.

[0041] A total coronary resistance index (TCRI) is typi-
cally used to describe the effect of hyperemia on the micro-
vasculature:
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where MAP is the mean aortic pressure, Q is the flow rate,
R, 1s the coronary microvascular resistance, and hyper and
rest refer to the hyperemic/rest state of the patient. In stable
patients the mean value of TCRI determined in physiologi-
cal studies was of 0.22. ACS patients will typically have
larger TCRI values due to the microvascular impairment.
This effect will be more pronounced for the culprit arteries
and in STEMI patients, and less pronounced in non-culprit
arteries and NSTEMI/UA patients.

[0042] Hence, anindex TCRI, ., may be defined. Whereas
the original TCRI value is considered to be identical for all
arteries, TCRI, . is defined separately for each artery in the
range between a minimal value corresponding to stable
patients (e.g., 0.22 as indicated above) and 1.0 (hyperemic
response of the myocardial bed is completely absent).
[0043] Various methods may be used to estimate TCRI, ¢
for each artery (for each outlet of the coronary anatomical
model). Several methods are discussed in further detail
below, including techniques that estimate TCRI, . based on
medical imaging techniques, blood biomarkers, contrast
propagation information, invasive coronary pressure/veloc-
ity measures, and myocardial jeopardy scores. Any of these
methods may be used independently or combined so as to
obtain an improved estimation of the hyperemic impairment
and of TCRI, - respectively.

[0044] In some embodiments, medical imaging techniques
are employed to estimate the perfusion of the myocardium
(echocardiography with contrast agent, SPECT, PET, CT-
Perfusion, etc.). Next, TCRI, is defined as a function of
the distance d between the myocardial bed of the current
coronary artery and the myocardial area affected by the
ACS:

TCRI, -s=f{d,TCRI) @

where TCRI is the index value prior to the MI (the popu-
lation average value of 0.22 may be used, or a patient-
specific value determined in a previous exam either inva-
sively or through non-invasive perfusion imaging). For
example, to apply this method, first the myocardial bed
corresponding to each terminal coronary artery is identified,
and, then the distance may be measured between the cen-
troid of the current myocardial bed and the centroid of the
myocardial bed affected by the ACS. If perfusion imaging is
not available, population average distances between myo-
cardial beds may be employed (typically the culprit artery is
identified in the cath lab during the post-MI angiographic
exam).
[0045] In other embodiments, blood biomarkers may be
used to estimate TCRI, . as follows:
TCRI;s=fcTnl,cTnT hs-cTnT,NT-proBNP,CK,CK-
MB,CHOL,CRPgetc.) 3)

where cTnl is cardiac troponin I, ¢TnT is cardiac troponin T,
CK is creatine kinase, and CK-MB is creatine kinase myo-
cardial band, CHOL is total cholesterol. CRP is the level of
serum C-reactive protein, which is another known prognos-
tic factor for acute coronary events and sudden cardiac
death, as well as coronary calcification. Other blood bio-
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markers may also be used, like: C-reactive protein, lactate
dehydrogenase (LDH), aspartate transaminase (AST), myo-
globin (Mb), ischemia-modified albumin (IMA), glycogen
phosphorylase isoenzyme BB, high-density lipoprotein
(HDL) cholesterol, low-density lipoprotein (LDL) choles-
terol, pregnancy associated plasma protein A (PAPP-A),
insulin-like growth factor binding protein-4 (IGFBP-4) and
its fragments, myeloperoxidase (MPO), fatty acid binding
protein (FABP), troponin C (TnC), D-dimer and high
molecular weight fibrin degradation products, soluble CD40
ligand (sCD40L), cystatin C, human serum albumin (HSA),
procalcitonin (PCT), glycogen phosphorylase isoenzyme
BB (GPBB), serum amyloid A (SAA), retinol-binding pro-
tein 4 (RBP4), soluble lectin-like oxidized LDL receptor
(sLOX-1), adiponectin (Adn), S100 protein. The values of
these biomarkers may be used to estimate the severity of
myocardial infarction, and, thus also the level of hyperemic
impairment.

[0046] In other embodiments, TCRI, s may be estimated
using contrast propagation information. Angiographic
images may be acquired at rest and at pharmacologically
induced hyperemia and employed to derive surrogate mea-
sures for the rest and hyperemic coronary flow velocities
(v=d/(n-At)) where d is the distance along the centerline of
the vessel, n is the number of frames required by the contrast
agent to travel the distance d and At is the interval of time
between two frames. Thus, TCRI . may be determined as
follows:

Viyper (4)
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[0047] In other embodiments, TCRI, . is estimated using
invasive coronary pressure and velocity measurements by
combining computational modeling and invasive measure-
ments so as to enhance the estimations output by the
computational model. For example, the coronary flow veloc-
ity may be measured, and the flow rate may be derived from
the volume of the reconstructed anatomical model. TCRI ¢
may then be determined as the ratio of measured hyperemic
flow rate and flow rate estimated at rest.

[0048] In other embodiments, TCRI, . is estimated based
on myocardial jeopardy scores. several such measures have
been introduced in the past to estimate risk scores related to
the myocardium based on the severity of the stenoses and on
the volume of myocardium supplied by the corresponding
artery. Examples of techniques that may be used for calcu-
lating TCRI ¢ include, without limitation, duke jeopardy
score, myocardial jeopardy index, and the Alberta Provincial
Project for Outcome Assessment in Coronary Heart Disease
(APPROACH) lesion score.

[0049] In ACS in general and STEMI in particular, a
necrotic myocardial area may develop, where the oxygen
demand is significantly reduced. As a result both rest and
hyperemic flow rate values are reduced. After a period of
time of recovery the TCRI index may recover to its original
value, but both hyperemic and rest flow rates remain
reduced. Several methods may be used to estimate the
reduction in rest state flow rate for coronary arteries sup-
plying partially necrotic myocardial beds. In some embodi-
ments, a medical imaging technique is employed to estimate
perfusion of the myocardium (echocardiography with con-
trast agent, SPECT, PET, CT-Perfusion, etc.):

Nov. 1, 2018

Gresd A CS™ Trest ©)

where q,,, 1s the rest state flow rate of the coronary artery
before the ACS, (q,.,,)¢s 18 the rest state flow rate of the
coronary artery after the ACS, and r is the ratio between
necrotic volume and total volume of the myocardial bed
supplied by the coronary artery. In other embodiments,
contrast propagation information is used to derive the rest
state flow rate. As described above, the coronary velocity
may be estimated from the angiographic images, and then
used in conjunction with the volume of the reconstructed
anatomical model to derive the flow rate. In other embodi-
ments, the reduction in rest state flow rate is estimated using
features extracted from the ECG signals. The TCRI - value
of the culprit artery may then be estimated with one of the
methods described above.

[0050] Techniques are known in the art for training a ML
model based on synthetically generated coronary geometries
for predicting hemodynamic metrics of interest. For the
training phase, the target values of the hemodynamic metrics
of interest were generated by a computational blood flow
model run on the synthetic coronary geometries. This meth-
odology can be extended as follows for the ACS setting.
First, synthetic coronary geometries are generated as
described before. The parameter values used for the genera-
tion of the synthetic geometries may be adapted so as to
reflect ACS patients (one culprit artery may be defined for
each coronary tree with a severe stenosis or with total
occlusion). Secondly, a TCRI, ¢ value may be defined for
each coronary artery, e.g. based on the distance from the
current artery to the culprit artery. Third, an arbitrary value
of r (Equation (5)) may be used to define the extent of MI
in the synthetic geometry. These parameters are used also as
features during the training and prediction phase (a binary
feature determining if the current artery is a culprit or a
non-culprit artery, TCRI, ¢ value of each terminal artery, r
value for the culprit artery).

[0051] FIG. 2 displays the workflow 200 of the above
described methodology. The workflow 200 includes an
offline training phase and an online prediction phase. During
the offline training phase, a data-driven surrogate model is
trained as follows. Starting at step 205 a database of syn-
thetic coronary arterial trees is generated, for example, in
silico or in vitro models. In some embodiments, if real
patient data is available, it may be used to supplement or
replace the synthetic data generated at step 205. Next, at step
210, the culprit artery is set and the TCRI, ¢ is set for each
artery, for example, based on user input or through automatic
selection techniques generally known in the art. Addition-
ally, at step 205 the extent of necrotic myocardial area is set.
[0052] Continuing with reference to FIG. 2, CFD compu-
tation is performed at step 215 for in silico models. Alter-
natively (or additionally), for any in vitro models, flow
experiments may be performed at 220 to evaluate flow
across the artery of interest. Next, at step 220, measures of
interest are extracted from the CFD computations or flow
experiments. These may include, for example, diagnostic
indices (FFR, CFR, etc.), WSS, or risk of plaque rupture. At
step 230, performed prior to, during, or after steps 215-220,
features of coronary arterial trees and ACS related features
are extracted from the data provided at steps 205 and 210.
Finally, at step 225, the data extracted at steps 220 and 230
is used to train a data-driven surrogate model for predicting
measures of interest. The form of training will depend on the
ML method being employed. For example, for a neural
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network, an iterative learning process may be utilized in
which data cases are presented to the network one at a time,
and the weights associated with the input values are adjusted
each time.

[0053] During online-prediction phase, at step 235,
patient-specific coronary geometry is extracted from medi-
cal images (e.g., X-ray, Angiography, OCT, IVUS). A fusion
of the images may be performed to provide more accurate
values for the geometric features. Next, at step 240, features
of a patient-specific coronary arterial tree are extracted from
the image data. At step 245, ACS related features are
extracted from additional data sources such as perfusion
imaging (e.g., Echo, SPECT, PET, CT, etc.), invasive mea-
surements, blood biomarkers, ECG signals, and/or contrast
propagation information. At step 250, the trained surrogate
model is used to predict patient-specific measures of interest
such as diagnostic indices (FFR, CFR, etc.), WSS, or risk of
plaque rupture

[0054] Although FIG. 2 focuses on the configuration with
synthetic geometries and synthetic data, patient-specific
geometries and features may be used during the training
phase (exclusively or alongside synthetic data). In a typical
clinical setting, an ACS patient receives an angiographic
exam, ECG test and a blood test for biomarkers. Hence the
workflow displayed in FIG. 2 may be adapted for this use
case, as displayed in the workflow 300 shown in FIG. 3. In
FIG. 3, portions of the workflow 300 that are identical to the
workflow 200 in FIG. 2 have been grayed out. Thus, the
variation is that at step 305, all ACS related features are
extracted from the contrast propagation information, blood
biomarkers, or the risk scores. Some of the features used in
the workflow in FIG. 2 may be estimated from the available
data or from population average values including, without
limitation, the distance between the myocardial bed of the
current coronary artery and/or the myocardial area affected
by the ACS and the ratio between necrotic volume and total
volume of the myocardial bed supplied by the coronary
artery.

[0055] The alternative to the approach described in the
previous section is to use cascaded ML, models, whereas the
last ML model in the cascade predicts the measure of interest
for the ACS patient. As an example, a workflow with two
cascaded models may be used. The first ML model predicts
the patient specific measure of interest under conditions of
stable ischemia. Any of the methods described in the pre-
vious patent applications may be used. The second ML
model in the workflow adapts the output of the first model
so as to predict the patient specific measure of interest in the
setting of ACS.

[0056] FIG. 4 displays an example of the workflow 400 for
the above described methodology. Starting at step 405,
patient-specific geometry information is extracted from
medical images. Next, at step 410, geometric features of the
patient-specific vessel tree are extracted. Then, at step 415,
a first machine learning algorithm trained purely on syn-
thetic data is used to predict a hemodynamic metric such as
stable ischemia under stable conditions.

[0057] Continuing with reference to FIG. 4, at step 420,
ACS related features are extracted from patient character-
istics. These characteristics may include, for example, mea-
sures of the infracted myocardial bed, as determined through
perfusion imaging (Echo, SPECT, PET, CT); patient demo-
graphics (age, gender, BMI, height, mass, smoker/non-
smoker, etc.); blood biomarkers (¢TnT, ¢Tnl, hs-cTnT, NT-
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proBNP, etc.); medication used in the past or present
(aspirin, Beta-blocker, Nitrate, Statins, angiotensin convert-
ing enzyme inhibitors, Calcium-channel blockers, ARBs); or
invasive pressure/flow measurements at any location of the
coronary geometry ECG signals. Additionally (or alterna-
tively), the features may include pathological history such as
the presence of hypertension, presence of hyperlipidemia,
diabetes mellitus, previous cardiovascular history (stroke,
infarct, PCI, stent, CABG, etc.), non-invasive stress tests
(e.g. stress echo), peripheral vascular disease, kidney dis-
ease, or exercise-based tests (e.g., exercise ECG, stress test,
exercise radioisotope test, nuclear stress test, myocardial
scintigraphy, etc.). Then, at step 425 a second ML algorithm
uses the result predicted by the first algorithm at step 415 as
feature, alongside the other patient characteristics and mea-
sures extracted at step 420, in order to obtain the final
prediction, corresponding to the ACS conditions.

[0058] Any of the above mentioned approaches may be
used not only to predict a quantity of interest at a certain time
point, but the evolution in time of the quantity of interest
after the onset of ACS. FIG. 5 shows an example graph 500
illustrating FFR as quantity of interest. This evolution may
correspond to both a culprit and a non-culprit artery (whose
myocardial bed is affected by the ACS). As can be observed
under conditions of stable CAS, the FFR value lies below
the diagnostic threshold of 0.8. After the onset of ACS, the
FFR value increases suddenly since the capability of achiev-
ing maximal hyperemia is impaired. The level of impairment
then gradually decreases as time passes and the myocardial
bed recovers. The myocardial bed may recover completely
or not, depending on whether the myocardial bed of the
artery of interest contains necrotic tissue or not.

[0059] A ML model may be trained to predict the curve
describing the evolution of the quantity of interest after the
onset of ACS. This curve may be parameterized (linear,
logarithmic, exponential, etc.) and the ML model may
predict parameter values corresponding to the evolution
curve (e.g. time constant of the decay). Any of the features
and methods described in the previous sections may be used
during training and prediction.

[0060] Under conditions of ACS, multiple imaging
modalities are often used to visualize coronary arteries
including angiography to visualize all coronary arteries of
interest and to determine the culprit artery or IVUS/OCT to
visualize the artery of interest, i.e. to determine the plaque
characteristics. In case such multiple images are available
for the same artery they can be used to improve/extend the
predictions of quantities of interest. The lumen boundary of
an artery may be determined from coronary angiography and
partially from OCT. Since OCT provides a more accurate
estimation of the lumen, the OCT based lumen boundary
may be used at locations where it is available.

[0061] By using a ML algorithm to predict the quantity of
interest based on features whose value are determined either
from the angiography or the OCT based lumen, additional
measures of interest may be provided such as, for example,
a confidence interval for the quantities of interest estimated
from angiography or a measure of uncertainty for the
quantities of interest estimated from angiography.

[0062] Additionally, by systematically analyzing the dif-
ferences between the angiography based lumen and OCT
based lumen, the angiography based lumen at locations
where the OCT based lumen is not available may be
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corrected. This may provide better estimations for the quan-
tities of interest at all locations of interest.

[0063] FIG. 6 displays a workflow 600 which uses ML to
correct the lumen boundaries. During the training phase, the
angiography-based lumen and the lumen determined from
intravascular imaging (IVUS/OCT) are determined at steps
605 and 610, respectively. The differences between the two
lumen boundaries are then systematically determined at step
615. Next, at step 620 features related to these differences
are extracted and, at step 625, a ML algorithm is trained to
predict the differences based on the previously extracted
features. During the prediction phase in the exaction, only
the angiography based lumen is available. The lumen bound-
ary is reconstructed from X-ray angiography at step 630.
Various features are extracted at step 635 and used at step
640 to correct the lumen boundary using the previously
trained ML algorithm. Several types of features may be used
including geometric features such as stenosis shape, stenosis
severity, orientation of vessel with respect to angiographic
projection, bifurcation characteristics (stenosis, angle, etc.),
etc. Additional examples of features that could be used
include plaque characteristics (e.g. calcified plaque) or blood
biomarkers. It should be noted that, although the workflow
600 show in FIG. 6 is used to correct the lumen, it may be
readily adapted to correct other geometric characteristics
determined through the different medical imaging tech-
niques: radius/diameter/area of the vessel, length of the
centerline, etc.

[0064] Another variation of the workflow 100 displayed in
FIG. 1 refers to the prediction of a future cardiac event. A
major cause for cardiac events is the rupture of coronary
plaque, which may either block the large coronary arteries or
block the microvasculature. Currently there is no model-
based approach capable of fully explaining the formation,
growth and rupture of the plaque. Several factors are linked
to the risk of plaque rupture: anatomical characteristics of
the plaque, anatomical characteristics of the arteries, hemo-
dynamic measures (wall stress), composition of plaque, etc.
For example, coronary CT angiography may be used to
characterize the morphology of the plaque (extent of remod-
eling, etc.) and determine its composition: lipid core, fibrous
plaque, calcified plaque, necrotic plaque. Blood biomarkers
have been shown to be linked to plaque characteristics. For
example, C-reactive protein has been associated with certain
coronary plaque subtypes (as imaged by Coronary Com-
puted Tomography).

[0065] The arterial wall stress (e.g., shear stress, normal
stress, total stress, cycle-averaged stress, instantaneous
stress) may be used as a predictor of plaque rupture or in
general as a predictor of a cardiac event. Wall stresses may
be derived from pressure/flow measurements, computed by
a blood flow model or predicted by a ML algorithm. In case
of blood flow computations the material properties of the
arterial wall, which are required for fluid structure interac-
tion computations, may be derived from the plaque charac-
teristics.

[0066] Furthermore, any other hemodynamic measure of
interest computed by a blood flow model or predicted by a
ML algorithm may be used to predict the risk of future
events for ACS patients. The features used for the prediction
may be non-invasive patient data (e.g., blood pressure, heart
rate, demographics, patient history, etc.); non-invasive
medical imaging (e.g., CT, Echocardiography, NIRS, etc.);
invasive medical imaging (e.g., angiography, OCT, IVUS,
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etc.); perfusion imaging; blood biomarkers; invasive mea-
surements (e.g., pressure, flow, etc.); hemodynamic mea-
sures of interest estimated from blood flow computations or
predicted by other ML algorithms; myocardial jeopardy
scores; and/or ECG signals. For example vascular echocar-
diography of femoral and carotid arteries may be used to
evaluate arterial stiffness, intima/media thickness, etc.
[0067] The predicted risk may refer to plaque rupture (a
separate risk score for each plaque or a combined score
formulated by combining information from one or more
plaques), re-infarction, cardiac failure, death, etc. The risk
may be determined as a weighted sum of the risk score
derived from each of the anatomical, morphological, hemo-
dynamic and biochemical metrics (a composite risk score).
Each of these individual scores can be computed by using
the already established hypothesis for these respective fac-
tors from the clinical literature. If the risk is predicted by a
ML algorithm, during the training phase, the algorithm is
trained on a database containing multiple training examples
together with ground truth. The training database can be
populated in a number of different ways. For example,
positive training examples can be the plaques that ruptured,
and negative examples (from the same patient) are the
plaques that did not rupture during an acute coronary
syndrome event.

[0068] FIG. 7 displays the corresponding workflow 700.
Briefly, at steps 705-725 and step 730-745 various features
are extracted from myriad data sources. Then, at step 750,
one or more trained ML algorithms are used to predict/
estimate one or more measures of interest. Then, the risk of
future events is predicted at step 755 based on those mea-
sures of interest. It should be noted that the workflow 700
shown in FIG. 7 may also be used to predict other aspects
of interest like the degree of recovery of the hyperemic
response.

[0069] Any of the features and characteristics described
above may be determined fully automatically, semi-auto-
matically or manually by a user. In case of fully automatic
extraction an algorithm determines the values of the char-
acteristics. In case of semi-automated extraction an algo-
rithm may propose an initial value which may then be
corrected/edited by the user. In case of manual extraction,
the user measures/determines the value of the characteris-
tics. The above defined methods may also be used for
therapy planning in ACS patients, i.e. ML algorithms may be
used to indicate which stenosis to stent for an optimum
outcome/minimum future risk of cardiac events, what type
of medical therapy to prescribe, etc.

[0070] FIG. 8 provides an example of a parallel processing
memory architecture 800 that may be utilized to perform
computations related to execution of the various workflows
discussed herein, according to some embodiments of the
present invention. This architecture 800 may be used in
embodiments of the present invention where NVIDIA™
CUDA (or a similar parallel computing platform) is used.
The architecture includes a host computing unit (“host™) 805
and a graphics processing unit (GPU) device (“device”) 810
connected via a bus 815 (e.g., a PCle bus). The host 805
includes the central processing unit, or “CPU” (not shown in
FIG. 8), and host memory 825 accessible to the CPU. The
device 810 includes the graphics processing unit (GPU) and
its associated memory 820, referred to herein as device
memory. The device memory 820 may include various types
of memory, each optimized for different memory usages. For
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example, in some embodiments, the device memory
includes global memory, constant memory, and texture
memory.

[0071] Parallel portions of a deep learning application may
be executed on the architecture 800 as “device kernels” or
simply “kernels.” A kernel comprises parameterized code
configured to perform a particular function. The parallel
computing platform is configured to execute these kernels in
an optimal manner across the architecture 800 based on
parameters, settings, and other selections provided by the
user. Additionally, in some embodiments, the parallel com-
puting platform may include additional functionality to
allow for automatic processing of kernels in an optimal
manner with minimal input provided by the user.

[0072] The processing required for each kernel is per-
formed by grid of thread blocks (described in greater detail
below). Using concurrent kernel execution, streams, and
synchronization with lightweight events, the architecture
800 of FIG. 8 (or similar architectures) may be used to
parallelize training of a deep neural network. For example,
in some embodiments, the operations of the simulation
platform may be partitioned such that multiple kernels
execute simulate different configurations simultaneously
(e.g., different viewpoints, lighting, textures, materials,
effects, etc.). In other embodiments, the deep learning net-
work itself may be implemented such that various operations
performed with the training and use of the network are done
in parallel.

[0073] The device 810 includes one or more thread blocks
830 which represent the computation unit of the device §10.
The term thread block refers to a group of threads that can
cooperate via shared memory and synchronize their execu-
tion to coordinate memory accesses. For example, in FIG. 8,
threads 840, 845 and 850 operate in thread block 830 and
access shared memory 835. Depending on the parallel
computing platform used, thread blocks may be organized in
a grid structure. A computation or series of computations
may then be mapped onto this grid. For example, in embodi-
ments utilizing CUDA, computations may be mapped on
one-, two-, or three-dimensional grids. Each grid contains
multiple thread blocks, and each thread block contains
multiple threads. For example, in FIG. 8, the thread blocks
830 are organized in a two dimensional grid structure with
m+1 rows and n+1 columns. Generally, threads in different
thread blocks of the same grid cannot communicate or
synchronize with each other. However, thread blocks in the
same grid can run on the same multiprocessor within the
GPU at the same time. The number of threads in each thread
block may be limited by hardware or software constraints.
To address this limitation, workflow operations may be
configured in various manners to optimize use of the parallel
computing platform. For example, in some embodiments,
various stages of feature extraction may be performed in
parallel. Additionally (or alternatively), the ML algorithm
used during the various prediction phases described herein
may be selected and adapted based on the ability of the
algorithms to be parallelized. Thus, for example, certain
neural network algorithms may be preferable where opera-
tions associated with predictions of measures of interest can
be performed in parallel.

[0074] Continuing with reference to FIG. 8, registers 855,
860, and 865 represent the fast memory available to thread
block 830. Fach register is only accessible by a single
thread. Thus, for example, register 855 may only be

Nov. 1, 2018

accessed by thread 840. Conversely, shared memory is
allocated per thread block, so all threads in the block have
access to the same shared memory. Thus, shared memory
835 is designed to be accessed, in parallel, by each thread
840, 845, and 850 in thread block 830. Threads can access
data in shared memory 835 loaded from device memory 820
by other threads within the same thread block (e.g., thread
block 830). The device memory 820 is accessed by all
blocks of the grid and may be implemented using, for
example, Dynamic Random-Access Memory (DRAM).
[0075] Each thread can have one or more levels of
memory access. For example, in the architecture 800 of FIG.
8, each thread may have three levels of memory access.
First, each thread 840, 845, 850, can read and write to its
corresponding registers 855, 860, and 865. Registers provide
the fastest memory access to threads because there are no
synchronization issues and the register is generally located
close to a multiprocessor executing the thread. Second, each
thread 840, 845, 850 in thread block 830, may read and write
data to the shared memory 835 corresponding to that block
830. Generally, the time required for a thread to access
shared memory exceeds that of register access due to the
need to synchronize access among all the threads in the
thread block. However, like the registers in the thread block,
the shared memory is typically located close to the multi-
processor executing the threads. The third level of memory
access allows all threads on the device 810 to read and/or
write to the device memory. Device memory requires the
longest time to access because access must be synchronized
across the thread blocks operating on the device. Thus, in
some embodiments, the processing of each seed point is
coded such that it primarily utilizes registers and shared
memory and only utilizes device memory as necessary to
move data in and out of a thread block.

[0076] The embodiments of the present disclosure may be
implemented with any combination of hardware and soft-
ware. For example, aside from parallel processing architec-
ture presented in FIG. 8, standard computing platforms (e.g.,
servers, desktop computer, etc.) may be specially configured
to perform the techniques discussed herein. In addition, the
embodiments of the present disclosure may be included in
an article of manufacture (e.g., one or more computer
program products) having, for example, computer-readable,
non-transitory media. The media may have embodied
therein computer readable program code for providing and
facilitating the mechanisms of the embodiments of the
present disclosure. The article of manufacture can be
included as part of a computer system or sold separately.
[0077] While various aspects and embodiments have been
disclosed herein, other aspects and embodiments will be
apparent to those skilled in the art. The various aspects and
embodiments disclosed herein are for purposes of illustra-
tion and are not intended to be limiting, with the true scope
and spirit being indicated by the following claims.

[0078] An executable application, as used herein, com-
prises code or machine readable instructions for condition-
ing the processor to implement predetermined functions,
such as those of an operating system, a context data acqui-
sition system or other information processing system, for
example, in response to user command or input. An execut-
able procedure is a segment of code or machine readable
instruction, sub-routine, or other distinct section of code or
portion of an executable application for performing one or
more particular processes. These processes may include
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receiving input data and/or parameters, performing opera-
tions on received input data and/or performing functions in
response to received input parameters, and providing result-
ing output data and/or parameters.

[0079] A graphical user interface (GUI), as used herein,
comprises one or more display images, generated by a
display processor and enabling user interaction with a pro-
cessor or other device and associated data acquisition and
processing functions. The GUI also includes an executable
procedure or executable application. The executable proce-
dure or executable application conditions the display pro-
cessor to generate signals representing the GUI display
images. These signals are supplied to a display device which
displays the image for viewing by the user. The processor,
under control of an executable procedure or executable
application, manipulates the GUI display images in response
to signals received from the input devices. In this way, the
user may interact with the display image using the input
devices, enabling user interaction with the processor or other
device.

[0080] The functions and process steps herein may be
performed automatically or wholly or partially in response
to user command. An activity (including a step) performed
automatically is performed in response to one or more
executable instructions or device operation without user
direct initiation of the activity.

[0081] The system and processes of the figures are not
exclusive. Other systems, processes and menus may be
derived in accordance with the principles of the invention to
accomplish the same objectives. Although this invention has
been described with reference to particular embodiments, it
is to be understood that the embodiments and variations
shown and described herein are for illustration purposes
only. Modifications to the current design may be imple-
mented by those skilled in the art, without departing from
the scope of the invention. As described herein, the various
systems, subsystems, agents, managers and processes can be
implemented using hardware components, software compo-
nents, and/or combinations thereof. No claim element herein
is to be construed under the provisions of 35 U.S.C. 112,
sixth paragraph, unless the element is expressly recited
using the phrase “means for.”

We claim:

1. A computer-implemented method for personalized
assessment of patients with acute coronary syndrome
(ACS), the method comprising:

extracting patient-specific coronary geometry data from
one or more medical images of a patient;

extracting a plurality of features of a patient-specific
coronary arterial tree based on the patient-specific
coronary geometry data;

extracting a plurality of ACS-related features from addi-
tional patient measurement data; and

using a surrogate model to predict patient-specific hemo-
dynamic measures of interest related to ACS based on
the plurality of features of the patient-specific coronary
arterial tree and the plurality of ACS-related features
from the additional patient measurement data.

2. The method of claim 1, wherein the additional patient
measurement data comprises one or more of perfusion
imaging data, invasive measurements, blood biomarkers,
ECG signals, or contrast propagation information.
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3. The method of claim 1, wherein the patient-specific
hemodynamic measures of interest comprise one or more of
Fractional Flow Reserve and Coronary Flow Reserve.

4. The method of claim 1, wherein the patient-specific
hemodynamic measures of interest comprise wall shear
stress.

5. The method of claim 1, wherein the patient-specific
hemodynamic measures of interest comprise risk of plaque
rupture.

6. The method of claim 1, further comprising training the
surrogate model using a process comprising:

generating a database of coronary arterial trees represen-

tative of ACS conditions;

performing flow computations on each artery included in

the database of coronary arterial trees to extract hemo-
dynamic measures of interest;

extracting features of coronary arterial trees and ACS

related features from the database of coronary arterial
trees,

applying one or more machine learning methods to train

the surrogate model to predict the hemodynamic mea-
sures of interest based on the features of coronary
arterial trees and the ACS related features.

7. The method of claim 6, wherein each coronary arterial
trees representative of ACS conditions are generated by
specifying or adapting one or more of (1) a culprit artery; (ii)
a TCRI ¢ value; or (iii) an indication of extent of myocar-
dial area corresponding to the coronary artery tree.

8. The method of claim 6, wherein the database of
coronary arterial trees comprises a plurality of synthetic
coronary arterial trees.

9. The method of claim 8, wherein the database of
coronary arterial trees comprises a plurality of in silico
models and the flow computations comprise computational
fluid dynamics (CFD) computations.

10. The method of claim 8, wherein the database of
coronary arterial trees comprises a plurality of in vitro
models and the flow computations comprise flow experi-
ments.

11. The method of claim 8, wherein the database of
coronary arterial trees further comprises a plurality of non-
synthetic coronary arterial trees.

12. The method of claim 1, further comprising:

predicting a risk of future events for patients with ACS

based on the patient-specific hemodynamic measures
of interest.

13. The method of claim 1, further comprising:

determining a confidence interval or a measure of uncer-

tainty for the patient-specific hemodynamic measures
of interest related to ACS.

14. The method of claim 13, wherein the confidence
interval or the measure of uncertainty are determined by
comparing the predictions of the surrogate model based on
medical images of the patient-specific coronary geometry
acquired with at least two different imaging modalities.

15. A computer-implemented method for personalized
assessment of patients with acute coronary syndrome
(ACS), the method comprising:

extracting patient-specific coronary geometry data from a

plurality of medical images;

extracting geometric features of a patient-specific vessel

tree based on the patient-specific coronary geometry
data;



US 2018/0310888 A1l

using a first machine learning algorithm to determine one
or more patient-specific hemodynamic measures of
interest under stable conditions based on the patient-
specific vessel tree;

extracting a plurality of ACS-related features from addi-
tional patient measurement data; and

using a second machine learning algorithm to refine the
one or more patient-specific hemodynamic measures of
interest based on the plurality of ACS-related features.

16. The method of claim 15, wherein the additional
patient measurement data comprises one or more of perfu-
sion imaging data, invasive measurements, blood biomark-
ers, ECG signals, or contrast propagation information.

17. The method of claim 15, wherein the one or more
patient-specific hemodynamic measures of interest comprise
one or more of Fractional Flow Reserve and Coronary Flow
Reserve.

18. The method of claim 15, wherein the one or more
patient-specific hemodynamic measures of interest comprise
wall shear stress.

19. The method of claim 15, wherein the one or more
patient-specific hemodynamic measures of interest comprise
risk of plaque rupture.
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20. The method of claim 15, further comprising;

predicting a risk of future events for patients with ACS

based on the one or more patient-specific hemodynamic
measures of interest.

21. The method of claim 15, further comprising:

predicting evolution in time of the hemodynamic mea-

sures of interest after onset of ACS.

22. The method of claim 15, wherein the first machine
learning algorithm is trained on a database of synthetic
coronary arterial trees.

23. A parallel processing computing system comprising:

a host computer configured to:

extract patient-specific coronary geometry data from
one or more medical images of a patient,

extract features of a patient-specific coronary arterial
tree based on the patient-specific coronary geometry
data, and

extract a plurality of ACS-related features from addi-
tional patient measurement data; and

a device computer configured to predict patient-specific

hemodynamic measures of interest related to ACS
based on the features of the patient-specific coronary
arterial tree and the plurality of ACS-related features
from the additional patient measurement data by apply-
ing one or more machine learning algorithms in parallel
across a plurality of computation units.
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