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ENDOVASCULAR IMPLANT DECISION SUPPORT IN MEDICAL IMAGING

BACKGROUND

[0001] The present embodiments relate to endovascular implant planning.
Clinicians face an increasing number of choices when treating endovascular
pathologies and have to integrate multiple sources of information for planning
the procedures. For instance, for patients with aneurysms, the choices could
be coiling the aneurysm or placement of any one of different models of flow
diverters with multiple possible implantation configurations. The clinician
decides if implantation of endovascular devices like flow diverters or stents
would be beneficial to the patient, and if so, make an optimal choice of the
device type and its parameters (e.g. diameter, length, porosity, metal
coverage area, material mechanical properties, etc.). In the case of patients
with aneurysms, many patients frequently end up requiring multiple flow
diverters (e.g., overlapping or extending into different outlet branches). So,
the decision also has to consider whether the patient might require multiple
devices, as well as their optimal placement.

[0002] Deployment of virtual stents and flow diverters has been modeled.
A graphics-based approach maps the stent geometry to a cylinder as a
texture map and deforms the texture map together with the cylinder
deformation. Other approaches model the stent as a simplex and use
external deformation forces to derive the stent implantation. These methods
forgo imposing boundary conditions from the vessel or use ad-hoc external
forces and internal stresses, which may not correspond with the mechanical
properties of the stent. A similarly automatic, fast but purely geometric
method is implemented based on Hermite spline fitting. An interactive
bending method uses the commercial software Rhinoceros 4.0. A complete
explicit representation of the mesh and the Finite Element Analysis method is
computationally expensive. An open torus model driven geometric approach

only applies to braided stents.
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SUMMARY

[0003] By way of introduction, the preferred embodiments described below
include methods, systems, instructions, and non-transitory computer readable
media for vascular implant decision support using a medical imaging system.
A physics-based model of the endovascular implant is used to simulate
deployment in a vessel model of a patient based on medical imaging. A
porosity of the deployed implant and the simulation are used to determine a
value for each of one or more hemodynamic parameters to support the
decision for endovascular treatment. A machine-learned network uses
patient-specific information to select the endovascular implant, placement,
and/or other implant configuration used to simulate deployment and/or to
predict outcome from deployment for the patient. The clinician may use the
decision support to select among options for implanting and/or to confirm
adequacy of a plan. Various of these approaches may be used alone or in
combination.

[0004] In afirst aspect, a method is provided for vascular implant decision
support using a medical imaging system. The medical imaging system scans
a patient, providing data representing a vessel of the patient. A fit of a lattice
of connected nodes in a regular grid to the vessel as represented in the data
is simulated. The nodes have assigned masses and constraints, and the
masses and constraints are from a fit of the lattice to the vascular implant. A
porosity of the vascular implant in the vessel of the patient is determined
based on the lattice resulting from the simulating. A hemodynamic quantity is
calculated from the porosity and a fit of the vascular implant to the vessel as
represented in the data resulting from the simulating. A machine-learned
network predicts an outcome for the patient based on the hemodynamic
guantity and based on the fit of the vascular implant to the vessel. The
outcome is displayed.

[0005] In a second aspect, a method is provided for vascular implant
decision support using a medical imaging system. The medical imaging
system scans the patient, providing data representing a vessel of the patient.
A machine-learned network selects the vascular implant and placement of the

vascular implant based on the data representing the vessel of the patient.
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Deployment of the selected vascular implant in the vessel is simulated. A
hemodynamic quantity is calculated from a model of the vascular implant as
deployed in the vessel of the patient from the simulation. The hemodynamic
quantity is displayed.

[0006] In a third aspect, a method is provided for vascular implant decision
support using a medical imaging system. The medical imaging system scans
a patient, providing data representing a vessel of the patient. Deployment of
an endovascular device within the vessel is modeled based on physics. A
value of a hemodynamic parameter resulting from the deployment as modeled
is determined. The value is displayed.

[0007] The presentinvention is defined by the following claims, and
nothing in this section should be taken as a limitation on those claims.

Further aspects and advantages of the invention are discussed below in
conjunction with the preferred embodiments and may be later claimed

independently or in combination.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] The components and the figures are not necessarily to scale,
emphasis instead being placed upon illustrating the principles of the invention.
Moreover, in the figures, like reference numerals designate corresponding
parts throughout the different views.

[0009] Figure 1 illustrates a flow chart diagram of one embodiment of a
method for endovascular implant clinical decision support;

[0010] Figure 2 is a flow chart diagram of another embodiment of a
method for endovascular implant clinical decision support;

[0011] Figure 3 illustrates an example mass-spring model for physics-
based representation of different endovascular implants;

[0012] Figure 4 illustrates an example fitting of the mass-spring model to a
particular endovascular implant;

[0013] Figure 5 illustrates a first example of simulating deployment of a
mass-spring model in a patient-specific mesh for a vessel;

[0014] Figure 6 illustrates a second example of simulating deployment of a

mass-spring model in a patient-specific mesh for a vessel;
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[0015] Figure 7 illustrates example deployments in different vessel
arrangements;

[0016] Figure 8 shows example porosity variation resulting from
deployment;

[0017] Figure 9 is an example angiograph generated from the modeled
deployment;

[0018] Figure 10 shows example decision support regarding implantation
based on the simulation of deployment; and

[0019] Figure 11 is one embodiment of a system for endovascular implant

clinical decision support.

DETAILED DESCRIPTION OF THE DRAWINGS AND PRESENTLY
PREFERRED EMBODIMENTS

[0020] A decision support system is provided for endovascular procedure
planning. The decision support provides automatic optimization and/or
guidance of decisions, such as to test outcome (e.g., flow) for selected
implant plan and/or to assist is selection of the implant plan.

[0021] Aneurysm treatment planning in clinical practice depends on
acquiring suitable medical images describing the pathologic vascular region.
Based on the imaging data in combination with patient demographics (age,
gender, weight, body mass index, etc.), past medical history (diabetes, current
list of medications, previous stroke, etc.) and/or blood biomarkers (e.g., blood
counts, clotting factors, hematocrit, blood viscosity, glucose level, etc.), a
patient-individualized treatment strategy is set up and performed. The
decision support for the treatment planning process is based on a systemic
analysis of the above-mentioned factors along with simulated treatment of the
patient’s aneurysm using a virtual implantation of a flow-diverting stent. Only
the data acquired prior to the treatment planning (medical images, blood
biomarkers, patient medical history and demographics) is used for further
processing. The model may also utilize simulated outcomes using machine
learning or physics-based simulators, such as computational fluid dynamics
models. For such simulations, an anatomical model may be extracted using
either manual, semi-automatic or automatic segmentation algorithms. The

virtual deployment system is integrated into the decision support.
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[0022] Figure 1 shows a flow chart or outline of one embodiment of the
decision support for endovascular procedure planning. The outline illustrates
a workflow, including device modeling (fitting the device characteristics to a
physics model), deployment of the device model in a representation of the
vessel of the patient, and outcome prediction based on the deployment.
[0023] In stage 10, the patient is imaged. The imaging is used to form a
model of the vessel of the patient, such as segmenting a boundary mesh or
fitting a vessel model. In stage 12, other patient-specific data (e.g.,
demographics, patient history, and blood biomarkers) are gathered from a
patient electronic medical record, user input, and/or access to a laboratory
database.

[0024] In stage 14, implantation is simulated. For a selected implant, a
simulation models deployment of a physics-based model of the implant in the
model of the vessel of the patient. The deployment simulation tracks
deformation of the implant and the vessel. Depending upon the use case, the
therapy simulation model may be a relatively fast machine-learned or reduced
order model, or a more comprehensive, high-fidelity simulation. For both
cases, the simulation may either be computed locally or computed on a
networked machine or cluster with the results delivered over the network.
[0025] The physics-based model of the implant and the simulated
deployment may account for the intrinsic parameters of the different therapy
options. For instance, for flow diverter or stent deployment, the physics-
based model of the implant may incorporate complex geometric forms and
strut connections, not only braided devices. Further, different material
properties (e.g., stress-strain relations for Nitinol, thermal properties, etc.) may
be included if needed. For reduced order formulations, the models may
include appropriately homogenized material descriptions. For instance, flow-
diverters and stents may be represented as continuous sheets of spatially
variable or uniform porosity instead of modeling each wire and strut.

[0026] In stage 16, a machine-learned network predicts outcome based on
the simulated deployment, imaging data (e.g., segmented vessel), and/or
other patient-specific information. The machine-learned network may be used

to output implant information (e.g., type, size, placement, number of devices,
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configuration of device, etc.) used for the simulation in stage 14. Alternatively
or additionally, the machine-learned network may be used to predict outcome
or prognosis for a simulated deployment. The decision support system may
be trained on outcome data, if available, to predict not only short-term
physiological response, but also long-term outcomes and/or costs. The
outcome or prognosis may be used to compare or select implant information,
or the network directly outputs the selection.

[0027] In stage 18, the simulated deployment, predicted outcome, and/or a
calculated hemodynamic characteristic based on the deployment are provided
to the clinician. The information may be used to support decisions for
planning an endovascular implantation.

[0028] Figure 2 is a flow chart of one embodiment of a method for vascular
implant decision support using a medical imaging system. Clinical decision
support is based on non-invasive medical imaging data, knowledge from
machine learning, and/or other patient-specific data. The hemodynamic
results from simulated deployment, selection of implant information, and/or
outcome prediction are provided to a user to support decisions for planning for
endovascular implantation. Figure 2 represents an implementation of the
outline of Figure 1.

[0029] The acts are performed in the order shown (e.g., top to bottom or
numerical) or other orders. For example, act 21 is performed before act 20 or
as part of act 25. As another example, acts 21-25 are repeated to test
different implants and/or deployments.

[0030] Additional, different, or fewer acts may be provided. For example,
the method is performed without acts 23, 24, 25, and/or 26. As another
example, acts for configuring a medical scanner are provided.

[0031] The acts are performed by the system of Figure 11 or another
system. For example, act 20 is performed by medical scanner or imaging
system. Acts 21-25 are performed by a decision support processor
interacting with a user interface and/or a memory. In one example, the
medical imaging system performs all the acts. In yet another example, a
workstation, computer, portable or handheld device (e.g., tablet or smart

phone), server, or combinations thereof performs one or more of the acts.
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The decision support system may be deployed as a standalone application on
a workstation or other local computing device or as a service deployed on
network (cloud) architecture (e.g., a sever connected to a client computer by a
network).

[0032] In act 20, a medical imaging system scans a patient. Any medical
imaging system for scanning the inside of the patient may be used, such as a
computed tomography, magnetic resonance, x-ray, or ultrasound scanner.
[0033] One or more medical images or datasets are acquired. The
medical image is a frame of data representing the patient. The data may be
in any format. While the terms “image” and “imaging” are used, the image or
imaging data may be in a format prior to actual display of the image. For
example, the medical image may be a plurality of scalar values representing
different locations in a Cartesian or polar coordinate format different than a
display format (i.e., scan or voxel data). As another example, the medical
image may be a plurality red, green, blue (e.g., RGB) values output to a
display for generating the image in the display format. The medical image
may not yet be a displayed image, may be a currently displayed image, or
may be previously displayed image in the display or other format. The image
or imaging is a dataset that may be used for anatomical imaging, such as
scan data representing spatial distribution of anatomy (e.g., coronary arteries)
of the patient.

[0034] The medical image is obtained by loading from memory and/or
transfer via a computer network. For example, previously acquired scan data
is accessed from a memory or database. As another example, scan data is
transmitted over a network after acquisition from scanning a patient. In other
embodiments, the medical image or scan data is directly obtained by
scanning the patient.

[0035] The data represents a vessel of the patient. The vessel may or
may not include branches. The heart or part of the heart may be represented.
Based on the received detected intensities, a three-dimensional
representation of the vessel of the patient is generated. Data representing an
interior region including the vessel of a patient is obtained. The frame of data
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represents a three-dimensional region of the patient. Values are provided for
each of multiple locations (e.g., voxels) distributed in three dimensions.
[0036] The vessel may be segmented, or other tissue masked. The
segmentation provides locations of the vessel. Alternatively, boundary or
another vessel detection is applied to identify the interior and/or exterior
surface of the vessel. The vessel may be identified by fitting a model, such as
anatomical or statistical shape model, to the scan data. A machine-learned
network may detect the vessel or vessel locations from the scan data.

[0037] The vessel may be represented by a mesh. The mesh is
personalized to the patient by fitting to or dividing up the surface of the
segmented or identified vessel. Other representations than a mesh may be
used for the vessel, such as the identified surface locations.

[0038] The mesh may be assigned characteristics to model the vessel.
For example, the mesh has a linear elasticity assigned to represent response
of vessel tissue to applied force. As another example, a vessel model
including tissue characteristics as fit to the scan data provides the
characteristics for modeling deployment. The characteristics may be default
values, such as expert provided estimates, empirically determined values,
values from measuring representative tissue, and/or machine-learned values.
The characteristics, like the mesh, may be personalized to the patient, such
as assigning elasticity characteristics of the vessel tissue based on patient
age, weight and/or blood biomarkers.

[0039] Other patient-specific data may be acquired. The other patient-
specific information may include genetic information, demographic
information, patient history, and/or blood biomarkers. A decision support
processor or other processor acquires the other patient data from a
computerized medical record database or other memory. The stored
information for a specific patient is accessed by look-up, mining, searching,
and/or receipt over a network. Other medical equipment, such as a
stethoscope, blood pressure meter, and/or laboratory diagnostics device (e.g.,
blood pressure, heart rate, ECG signals), may be used to provide patient

data.
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[0040] In act 21, the decision support processor receives a selection of an
endovascular device. The selection is of a type of endovascular device, such
as a flow diverter. In the following examples, a flow diverter implantation in
cerebral aneurysms is used. Other endovascular devices include stents for
vascular obstructions and peripheral artery disease (PAD), coiling of
aneurysms, and any other device for implantation in a vessel. Other vessel
conditions than an aneurysm may be treated.

[0041] The selection may include various characteristics of the device.
The radius, length, porosity, material used, manufacturer, design (e.g., type of
connections between struts and curvature of struts), flexibility, and/or other
physical option for the device may be selected. A number of different devices
may be available, each having a different construction in some way (e.g.,
thicker struts, different connections, different lengths, different curvatures,
etc.). More than one device may be used in a given patient, so the selection
may be a number of devices.

[0042] The placement of the device relative to the vessel may be selected.
Starting and ending locations of the device in the vessel are selected. A
region for packing may be selected. Placement of multiple devices relative to
each other may be selected.

[0043] The user may select an endovascular device and/or placement.
The user selects from a drop-down menu, enters a code, enters the
characteristics, or otherwise makes the selection using the user interface. For
placement, the user may indicate the starting and ending points on an image
of the vessel or vessel model (e.g., 3D mesh rendered to 2D display image).
Any locations of packing to increase porosity may be indicated. Other user
inputs of the device and/or placement may be used, such as configuration for
multiple devices. Alternatively, a default selection may be used.

[0044] In other embodiments, the decision support processor selects. A
selection function may be used, such as relating one or more different patient-
specific characteristics to characteristics of or specific ones of the available
devices. In one embodiment, a machine-learned network selects the
vascular implant and/or placement of the vascular implant. Any input may be

used by the machine-learned network, such as basing the selection on the
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data representing the vessel of the patient (e.g., the scan data and/or the
personalized vessel model), one or more blood biomarkers for the patient,
patient history, and/or one or more demographic indicators for the patient.
The machine-learned network is trained to select the endovascular device
from a group of available endovascular devices, select a placement within the
vessel, a configuration of the device or devices in the vessel, a number of
endovascular devices, and/or other device characteristic (e.g., radius, length,
and/or porosity limit (min and/or max)). Any input information may be used in
training for the selection.

[0045] Machine learning uses training data as labeled or with ground truth
to learn to predict the clinical decision. The training data is used as
knowledge of past cases to train the network to classify the patient into
decision groups or options. The training associates the features of the input
vector with clinical decisions. For selection, the training associates the input
information with the selection.

[0046] The decision support uses the anatomical and/or physiological
knowledge using any of the different machine learning models. For training,
many samples with known ground truth (e.g., selections) are used. For the
samples, the machine learning model inputs may be real (from patients, or
bench-scale measurements), virtual (synthetic or not representative of a given
patient or physical bench arrangement), or a combination of the two. For
patient data, the input samples may contain the patient images, blood
biomarkers, demographics, measurements and/or genetic data. For the
ground truth, the input data includes the therapy that was chosen for the
patient. Other ground truths may alternatively or additionally be used, such as
the recorded outcome at different temporal points (e.g., 30 days, 90 days,
etc.) and/or the occurrence or lack thereof of adverse events. For the
simulation or synthetic samples, a computational tool is used to produce
multiple realizations of the possible patient geometry, pathological conditions,
and device deployments (e.g., expert selected or computationally optimized
deployment for each possible geometry and/or condition). The physics of
deployment and therapy are performed on the synthetic geometries. The

machine learning model is then used to learn the correspondence between
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the parameters of the synthetic geometries and the output selection. The
initial trained model may be continuously updated using online learning or
other machine learning approaches.

[0047] Any machine learning or training may be used. A probabilistic
boosting tree, support vector machine, neural network, sparse auto-encoding
classifier, Bayesian network, or other now known or later developed machine
learning may be used. Any semi-supervised, supervised, or unsupervised
learning may be used. Hierarchal or other approaches may be used. In one
embodiment, the classification is by a machine-learnt classifier learnt with
deep learning. As part of identifying features that distinguish between
different outcomes, the classifier is also machine learnt. Any deep learning
approach or architecture may be used. For example, a convolutional neural
network is used. The network may include convolutional, sub-sampling (e.g.,
max pooling), fully connected layers, and/or other types of layers. By using
convolution, the number of possible features to be tested is limited. The fully
connected layers operate to fully connect the features as limited by the
convolution layer after maximum pooling. Other features may be added to the
fully connected layers, such as non-imaging or clinical information. Any
combination of layers may be provided. Hierarchical structures are employed,
either for learning features or representation or for classification or regression.
The computer-based decision support system employs a machine learning
algorithm for automated decision making.

[0048] The machine-learnt predictor, with or without deep learning, is
trained to associate the categorical labels (output clinical decision of the
selections) to the extracted values of one or more features. The machine-
learning uses training data with ground truth to learn to select based on the
input vector. The resulting machine-learnt network is a matrix for inputs,
weighting, convolution kernels, and/or combinations to output a clinical
decision. Using the learned network, the processor inputs the extracted
values for features and outputs the selection.

[0049] The machine-learned network is trained to output a selection,
outcome, risk, deployment, or other clinical support information. The

information extracted from the model may include the predicted outcomes and
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risks under different therapy choices. The information may select the therapy
configuration, such as (i) start and end locations of the flow diverter, (ii) the
number of flow diverters deployed, (iii) the configuration (overlapping or
deployment into different branches), (iv) the reference radius of the flow
diverter to use, (v) mean and maximum porosity in the neck/non-vessel area,
etc. The information output by the machine-learned network may include
identification of similar patients and the therapy choices made for the similar
patients identified from a patient database and their outcomes. Other outputs
may be provided.

[0050] The selection of act 21 may be of a single or single set of
endovascular devices, singular configuration, and singular placement.
Alternatively, two or more endovascular devices, multiple configurations,
and/or two or more placements are selected. A single deployment or multiple
deployments for a given patient are to be modeled. The modeling may be
repeated for different selections for comparison or further decision support.
[0051] In act 22, the decision support processor models deployment of the
selected endovascular device within the vessel based on physics. The
modeling uses the selected device and the vessel model, such as the mesh
with assigned elasticity. The vessel represented by the deformable mesh and
a model of the selected endovascular device are used to model deployment of
the device in the vessel. Vessels are deformed by implants and/or
intervention. This deformation is estimated as part of deployment. Similarly,
the device is deformable, so the deformation is estimated as part of the
deployment.

[0052] The deployment is modeled using physics, but a machine-learned
network may be used to estimate deformation or spatial results of
deployment. For the machine-learned network, deformation resulting from
post-operational imaging is used as the ground truth in training. Simulations
performed on a large database of real or synthetic geometries may be used
for the training data.

[0053] For physics, physics-based models of the selected device and
vessel are used. For the vessel, the mesh with the assigned elasticity or

other representation may be used. For the selected device, a model of the
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specific structure is used, such as modeling the various struts, material,
connections and arrangements. Rather than modeling each device
differently, a simplified model fit to the devices may be used. For example, a
mass-spring model is used. The same mass-spring model, but with values
based on fitting to the specific structures, is used for each device.

[0054] The flow diverter or other implant device may be modeled using
one of multiple representations, with arbitrary levels of physical fidelity, going
from simple geometric or mass-spring models, useful for extremely fast model
computations, to multi-physics models including detailed material properties
and high-order (such as Finite Element) computations. A mass-spring model
is used as an example, but the approach of fitting a lattice or generic model to
specific devices may use other types of physics-based modeling.

[0055] In one embodiment, the device is modeled by a lattice of connected
nodes in a regular grid. The nodes have assigned masses and constraints.

In the mass-spring approach, the constraints are for springs modeled as
edges between the nodes. Viscoelastic or other spring representation may be
used. The endovascular device is modeled as a mass-spring system, which
lies upon a closed surface (topologically a cylinder) and which is comprised of
a lattice whose vertices hold masses and whose edges are viscoelastic
springs. The springs have prescribed stiffness constants and damping
factors. For example, there are three types of springs: structural constraint
springs that model resistance to out-of-plane motion, shear constraint springs
that model resistance to shearing, and bending constraint springs that model
resistance to bending. Figure 3 illustrates the lattice of nodes and example
constraints for one mass (i.e., node). Other arrangements may be used. The
cylindrical topology of the device is implemented by, for example, enforcing
periodicity of information in one of the lattice directions.

[0056] The device model is fit to the selected endovascular device.
Geometric as well as functional fitting of the mass-spring or other physics
model is performed. In an undeployed configuration, the lattice may be
unwrapped to a flat rectangle, periodic in one direction, and initial mass,
stiffness and damping properties (constant everywhere) are set. An image or

representation of the “unwrapped” version of the flow diverter or other
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selected device is overlapped with the lattice as shown in Figure 4. Each of
the lattice vertices that is “intersected” by one of the metal struts of the
selected device is tagged for personalization. Each of the lattice vertices has
an associated rectangular “control box” around the node, and intersection is
detected if the metal strut of the device intersects the control box. For each
such tagged vertex, the mass is altered based on the length, thickness, and/or
other characteristic of the strut in the control box, and the elasticity constants
of the springs connected to that vertex are defined as functions of the angles
made with the metal strut. This type of geometric fitting allows fast
initialization of a real mechanical simulation system, even for complex
geometries. The same approach may be used for various geometries of
devices. The fitting of the lattice is a rasterization of the selected device so
that any selected device may be represented by the same regular grid with
masses and constraints assigned based on the given device.

[0057] For functional fitting, the mass-spring system is initialized using the
physical mass of the real flow diverter, which is distributed to the lattice point
masses. [f stiffness information for the device material is available, the
stiffness is used to initialize the stiffness constants. Default stiffness constants
may be used. The stiffness constants may be refined by optimization that
minimizes an energy function dependent on goodness-of-fit features between
the output of a simulated deployment with a real device deployment. Any
goodness-of-fit measure may be used, such as a geometric error metric or a
specialist score (e.g. a clinician assessment of an excellent or a poor match
with a real deployment) . The goodness-of-fit measure may be a qualitative
measure or quantitative measure (e.g., distance maps between the device
and the vessel wall). A large number of such simulations may be used to train
a machine learning system for learning these parameters, so the machine-
learned network outputs the mass and/or constraints to be used for different
nodes given an input characterization of the selected device.

[0058] The device model is used to simulate deployment. The masses,
springs, and constraints from the fit of the lattice to the vascular implant are
used with the vessel model to simulate a fit of the lattice of connected nodes

in a regular grid to the vessel as represented in the scan data. The lattice or
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other physics model of the vascular implant and the 3D deformable mesh
model of the vessel are used to simulate deployment. The deployment results
in deformation of the device and the vessel, so the lattice and the 3D mesh
are deformed as part of modeling deployment.

[0059] Any physics-based simulation may be used, such as Finite
Element. Any force on a mass particle (internal viscoelastic or external like
balloon, crimping or bending forces) is changed into acceleration and
integrated explicitly over a time step, using for example Verlet integration, to
find the new particle position. For fast collision handling, a level set may be
used such that the vessel wall is located at the zero level. Collision detection
is based on a fast computation of the level set value of a particle using
interpolation. Collision handling may be performed using a friction force
model or other simulation.

[0060] The deployment is simulated from an initial position of the device at
the deployment placement to expansion of the device to be anchored in the
vessel. In one embodiment, the centerline in the vessel lumen that extends
between the cross-sectional beginning and end locations of the implant is
identified. This centerline is used as a pre-deployment guide of the device. In
one approach, the clinical operation is used to simulate. Figure 5 shows a
sequence where the vessel is represented, then an initial deployment along
the centerline (i.e., device mesh or lattice is initialized from the centerline
shape or curvature), a partial expansion of the device, and then the final
anchoring of the expanded device. The expansion is modeled as inflation by
balloon forces to expand and fill the lumen. Figure 6 shows another
sequence to represent simulation using memory-shape expansion. In a first
stage, the implant model (lattice) is crimped or compressed from 3-5mm to <
0.5mm diameter. In a second stage, the implant model is bent to follow the
curvature of the vessel centerline. In a last stage, the release of the crimping
is simulated so the implant model expands and fills the lumen. Other non-
clinical-based simulation may be used, such as outputting a deployment and
corresponding deformation from a machine-learned network based on inputs
of the scan data, vessel model, patient-specific information, and/or device
model.
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[0061] The simulation adapts to various endovascular devices through the
fitting of the lattice of the mass-spring or other model. The simulation adapts
to various vessel models based on the patient-specific scan data. Figure 7
shows three examples of the variation in vessel curvature and structure. The
physics-based simulation handles the variation with the standard grid of the
lattice to simplify computation.

[0062] In act 23, the decision support processor calculates a porosity of
the endovascular device from the deployment. For the flow diverter or other
implant, the porosity, in part, controls the flow. In-situ implantation may
produce variations in the metal coverage ratio (MCR) and porosity of the
device, especially in the aneurysm and adjacent regions. Hemodynamics is
consequently affected by such regions, so porosity is a consideration when
performing the implantation. By simulating deployment, the porosity that
results in general or by location may be determined for estimating outcome.

In one embodiment, the porosity is determined as a continuously differentiable
field as part of the simulation. The porosity is determined from the lattice or
model of the device as deployed or resulting from the simulation.

[0063] In one embodiment, variable-porosity of the flow-diverter or other
implant is modeled. The mass-spring model deployment approach enables
the computation of a variable porosity component on the deployed device
surface. The porosity of the diverter may be modeled as a continuously
differentiable field on the device surface. The porosity of the undeployed
diverter is initialized to the default manufacturer specifications using the
formula porosity f=1- MCR (metal coverage ratio). The change in the porosity
value at a point is computed at any time step of the deployment as the local
change in the surface area, given by the determinant of the Jacobian of the
deformation field for the lattice. The deformation is computed for each
polygonal “cell” (surface mesh triangle of the lattice) as the triangle area
percentual change, clamped to an allowable percentage interval (i.e., min and
max), which may be set to a subinterval of [0,1]. The local density of nodes is
used in other embodiments. Depending on the needs of the subsequent uses

of the porosity map, the porosity values are mapped by interpolation onto the
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vertices of the device (i.e., lattice model is converted back to the model of the
actual device).

[0064] Figure 8 shows an example rendering of a deployed lattice model in
a vessel model. The grayscale of the lattice is mapped to porosity so that
lighter shades correspond to higher porosity. After device deployment, the
porosity may change considerably from the default or original value.

[0065] In act 24, the decision support processor determines a value for
each of one or more hemodynamic parameters. The hemodynamics for the
vessel change due to the deployment. The simulation of the deployment is
used to calculate one or more hemodynamic quantities.

[0066] The quantity is based on the shape of the vessel as deformed. The
guantity may be based on the porosity and/or variation in porosity of the
simulated endovascular device. The hemodynamic quantity is calculated from
the model of the vessel and the model of the vascular implant as deployed in
the vessel of the patient from the simulation. The calculation is based on the
deformations from the simulation. The porosity and fit of the vascular implant
to the vessel as represented in the data resulting from the simulating is used.
The surface of the device may be modeled as a thin porous sheet that
provides a resistance to flow. The porous region may be modeled using a
Darcy flow model characterized by linear and quadratic resistance
coefficients.

[0067] The hemodynamic calculation uses computational flow dynamics.
The input and/or output flow and pressure may be default values or values
based on patient-specific information. A lumped or other simplified model
may be used to represent the hemodynamics for the input and outputs to the
vessel. In alternative embodiments, a machine-learned network outputs the
hemodynamic quantities based on the deployment and porosity.

[0068] The output from a computational flow dynamic simulation may
include flow, pressure, wall shear stress, and/or other information for many
locations throughout the vessel. To simplify the analysis and to enable
clinicians to develop and test clinical hypotheses, one or more hemodynamic
indicators are derived as the hemodynamic quantities from the available

hemodynamic information. For example, the flow, pressure, and/or shear at
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an aneurysm are determined. Other example hemodynamic quantities are

given in the tables 1-3 below:

Table 1: Quantities defined on vessel surfaces

TAWSS-Mean  Spatial mean of the time-averaged WSS
TAWSS-Max Spatial maximum of the time-averaged WSS

oSl Oscillatory Shear Index

Deltak Energy loss between the inlet and outlet sections

P-Mean Mean time-averaged pressure

P-Max Maximum time-averaged pressure

DeltaP-Mean Mean pressure loss between the inlet and outlet sections

DeltaP-Max Maximum pressure loss between the inlet and outlet
sections

V-Mean Mean velocity

V-Max Maximum velocity

Table 2: Quantities defined on the aneurysm

TAWSS-Mean  Spatial mean of the time-averaged WSS
TAWSS-Max Spatial maximum of the time-averaged WSS

oSl Oscillatory Shear Index

P-Max Maximum pressure, relative to mean surface averaged
pressure

P-Mean Mean pressure

SA Surface area of the aneurysm

D-eff Effective neck diameter

V-Max Maximum velocity in the aneurysm

V-Mean Mean velocity in the aneurysm

E-peak Maximum energy in the aneurysm

E-mean Mean energy in the aneurysm

Table 3: Quantities defined on user-selected planes

TAWSS-Mean Mean time-averaged WSS
TAWSS-Max Maximum time-averaged WSS

oSl Oscillatory Shear Index
P-max Maximum pressure
P-mean Mean pressure

SA Surface area

V-max Maximum velocity
V-mean Mean velocity

Additional, different, or fewer hemodynamic quantities may be used.
[0069] In an optional act, the decision support processor or a graphics

processing unit generates an angiography image. Since physicians or
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radiologists use angiography to view the outcome and/or judge success of an
implantation, an angiography image generated from the simulation of
implantation may assist in deciding whether an implantation plan will have the
desired outcome. To enable easy comparison of pre-treatment and post-
treatment hemodynamics, a virtual angiography is implemented. The VA
model takes as an input the velocity fields produced by the computational fluid
dynamics solver and solves an advection-diffusion equation for the dynamics
of the contrast agent. The contrast agent distribution alone (i.e., without
tissue) may be used as the angiography. Figure 9 shows an example
contrast distribution as the angiography.

[0070] The angiography image may include tissue information. The view
of the vessel as deformed is created by spatial shifting based on the
deformation field in an image from the scan data. Alternatively, a model of an
x-ray system and the scan data or deformed vessel mesh are used to emulate
angiography of the tissue. The contrast agent information is added to the
image of the tissue, providing the virtual angiography. Alternatively, the
model of the x-ray system uses the scan data or mesh and contrast agent
distribution to generate the angiography.

[0071] In act 25, the decision support processor determines an outcome.
The outcome may be a clinical decision. For example, the outcome may be
acceptance of a selected endovascular device or placement. The outcome
may be a risk, such as a risk of rupture. The outcome may be a prognosis,
such as a prediction of recovery. The prognosis may be a probability or
estimate of reoccurrence within a given period. By providing the prognosis
based on simulation, an estimate may be provided prior to implantation and
without waiting for months after implantation. The outcome may be a
hemodynamic quantity, such as the % flow to each vessel branch.

[0072] The outcome may be updated after actual implantation. The patient
is scanned again. The scan is used to provide hemodynamic information for
the patient, which is used to update the outcome (e.g., update prognosis).
[0073] The outcome may be determined from the hemodynamic quantities,
porosity, and/or simulated deployment. The simulated treatment or

information derived from the simulated treatment is used to determine the
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outcome if the treatment were to be used. Other patient-specific information,
such as the scan data, patient history, demographics, blood biomarkers,
and/or genetic information may be used to determine the outcome.

[0074] The outcome is determined using a look-up table, relational table,
or function. In one embodiment, the outcome is determined by a machine-
learned network. The machine-learned network predicts the outcome for the
patient based on the input information (e.g., hemodynamic quantities, one or
more blood biomarkers for the patient, demographic information for the
patient, patient history information, and simulated fit from deployment). For
example, the machine-learned network outputs a risk or prognosis for the
selected vascular implant. The machine-learned network is trained based on
outcomes for other patient samples and/or synthetic data.

[0075] The machine-learned network may be the same or different network
used for selection. The training data may be the same or different, with the
ground truth being the outcome to be predicted.

[0076] The outcome is used to assist in decision support for treatment of
the patient. Other information may be used to assist in decision support, such
as the hemodynamic quantities, an image of the simulated deployment
results, a generated virtual angiography, and/or porosity information.

[0077] In act 26, the decision support processor generates an image, and
a display screen displays the image. The output (e.g., outcome,
hemodynamic quantity, porosity, visual depiction of the deployment or end
result of deployment, or combinations thereof) is transmitted to a display. The
output may be transmitted to a memory, such as a database of patient
records, or to a network, such as a computer network. The outputs may be
used to prepare an automatic, structured report and/or be added to a PACS
system. The outputs may be inputs into a higher-level machine learning
system or machine-learned network for patient risk assessment and scoring,
outcome assessment, follow-up scheduling, etc.

[0078] The displayed hemodynamic quantity (e.g., values for multiple
hemodynamic parameters), image showing placement of the vascular implant
as deployed relative to the vessel from the simulation, and/or outcome

provides information for the physician decisions. The clinical decision support
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provides an initial or starting recommendation, which may be approved or
disapproved by the treating physician. The physician accesses the
recommended treatment from memory, such as the patient record, and/or
from a display.

[0079] In one embodiment, the clinical decisions are visualized, either as
text or in a graphical way (e.g. overlaid on the medical images) and presented
to the clinician. Decision support information, such as treatments, risks,
guidelines, or other information, may be output. Diagnostic rules for
treatment, such as based on guidelines or studies, may be output as decision
support.

[0080] Any display of the decision or decisions may be used. In one
embodiment, a decision tree shows the clinical decision, other possible
decisions, and further treatment options resulting from the clinical decision.
Besides a basic text-based display, another option is to display in a hierarchy
not only the currently selected clinical decision but also possible subsequent
clinical decisions.

[0081] The displayed image from the deployment simulation may be used
to visually guide the placement of the device or devices. For instance, the
imaging during the procedure may utilize the output to overlay planes for the
start and end locations of the flow diverter to aid in device placement.
Further, the live imaging data during implantation may be used to suggest if
the flow diverter needs to be packed in with a higher density or if additional
diverters may be required. The simulation may be performed during
implantation to guide decisions for modification as the implantation occurs.
[0082] Figure 10 shows an example image generated from simulation of
deployment. The simulation uses scan data for planning and/or scan data
from during deployment. The simulation may be used to determine porosity,
which may be used to determine hemodynamic quantity. It may be
determined that lesser porosity is desired at a given location, so that location
is indicated for packing. The physician may deploy the endovascular device
so that lesser porosity is provided at a given region. Interactive clinical

support is provided, such as where porosity values are found to be too high in
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an aneurysm neck region (left image). The extra packing message is relayed
to the clinician. The results of the fix may be displayed (right image).

[0083] The intra-procedural image information may be used to adapt the
model computations to obtain more accurate, real-time predictions. During
implantation, updated scan data shows the current state of deployment and/or
the vessel. This information may be used to refine the simulation, update
hemodynamic quantity, update porosity, and/or update outcome. This
updated output may be useful, such as accounting for any changes in the
patient state since the pre-procedure imaging and/or to provide more accurate
decision support output (e.g., based on greater resolution scan data from the
angiographic or intra-procedure image quality).

[0084] Acts 22-25 may be repeated. The repetition may be for other
vascular implants to be used for the patient. More than one endovascular
device is selected, so the deployment simulation is repeated with different fits
of the lattice to the different devices. The resulting porosity variation may be
different for the different devices simulated in the same vessel model. The
hemodynamic quantities may be different due to the different porosities and/or
fits of the device to the vessel. The outcomes predicted may be different for
the different devices. The different outcomes or other outputs may be
displayed for comparison. The physician decides based on comparing the
outputs (e.g., comparing outcomes).

[0085] Figure 11 shows a system for endovascular implant decision
support. The system implements the outline of Figure 1, the method of Figure
2, or another method to output recommended clinical decisions. The
predicted outcome, selection, placement, hemodynamic quantities, simulated
deployment, and/or porosity are output to assist a physician in deciding what
implant to use for a given patient, where to place the implant, the number of
implants, and/or the configuration of implants.

[0086] The system includes a scanner 110, a decision support processor
112, a memory 114, and a display 116. Additional, different, or fewer
components may be provided. For example, a network or network connection
is provided, such as for networking with a medical imaging network or data

archival system or networking between the scanner 110 and/or the decision
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support processor 112. In another example, a user input and corresponding
graphical user interface are provided, such as for selecting a device and/or
placement. As another example, a server is provided for implementing the
decision support processor 112 and/or machine-learnt classifiers 113
remotely from the scanner 110.

[0087] The decision support processor 112, memory 114, display 116,
and/or machine learnt classifiers 113 are part of the scanner 110.
Alternatively, the decision support processor 112, memory 114, display 116,
and/or machine learnt classifiers 113 are part of an archival and/or image
processing system, such as associated with a medical records database
workstation or server, separate from the scanner 110. In other embodiments,
the decision support processor 112, memory 114, display 116, and/or
machine learnt classifiers 113 are a personal computer, such as desktop or
laptop, a workstation, a server, a network, or combinations thereof.

[0088] The scanner 110 is a medical diagnostic imaging CT system. A
gantry supports a source of x-rays and a detector on opposite sides of a
patient examination space. The gantry moves the source and detector about
the patient to perform a coronary CT angiography scan. Various x-ray
projections are acquired by the detector from different positions relative to the
patient. Computed tomography solves for the two or three-dimensional
distribution of the response from the projections. Ultrasound, x-ray,
angiography, fluoroscopy, positron emission tomography, single photon
emission computed tomography, and/or magnetic resonance scanners may
additionally be used.

[0089] The memory 114 may be a graphics processing memory, a video
random access memory, a random-access memory, system memory, cache
memory, hard drive, optical media, magnetic media, flash drive, buffer,
database, combinations thereof, or other now known or later developed
memory device for storing data. The memory 114 is part of the scanner 110,
part of a computer associated with the decision support processor 112, part of
a database, part of another system, a picture archival memory, or a

standalone device.

23



WO 2020/064090 PCT/EP2018/075995

[0090] The memory 114 stores patient data, such as in a computerized
patient record. Any of the patient data discussed herein may be stored, such
as scan data, fit models, parameters from fit models, measurements, clinical
data, demographic information, patient history, genetic information, blood-
biomarker information, non-invasive test results, and/or biochemical
measurements. The memory 114 alternatively or additionally stores the
machine-learned classifier 113. The memory 114 may alternatively or
additionally store data during processing, such as storing information
discussed herein or links thereto.

[0091] The memory 114 or other memory is alternatively or additionally a
non-transitory computer readable storage medium storing data representing
instructions executable by the programmed decision support processor 112 or
a processor implementing the clinical decision support and/or machine-learnt
classifiers 113. The instructions for implementing the processes, methods
and/or techniques discussed herein are provided on non-transitory computer-
readable storage media or memories, such as a cache, buffer, RAM,
removable media, hard drive or other computer readable storage media.
Non-transitory computer readable storage media include various types of
volatile and nonvolatile storage media. The functions, acts or tasks illustrated
in the figures or described herein are executed in response to one or more
sets of instructions stored in or on computer readable storage media. The
functions, acts or tasks are independent of the particular type of instructions
set, storage media, processor or processing strategy and may be performed
by software, hardware, integrated circuits, firmware, micro code and the like,
operating alone, or in combination. Likewise, processing strategies may
include multiprocessing, multitasking, parallel processing, and the like.
[0092] In one embodiment, the instructions are stored on a removable
media device for reading by local or remote systems. In other embodiments,
the instructions are stored in a remote location for transfer through a computer
network or over telephone lines. In yet other embodiments, the instructions
are stored within a given computer, CPU, GPU, or system.

[0093] The decision support processor 112 is a general processor, central

processing unit, control processor, graphics processor, digital signal
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processor, three-dimensional rendering processor, application specific
integrated circuit, field programmable gate array, artificial intelligence
processor, digital circuit, analog circuit, combinations thereof, or other now
known or later developed device for applying a clinical decision support for
endovascular devices. The decision support processor 112 is a single device
or multiple devices operating in serial, parallel, or separately. The decision
support processor 112 may be a main processor of a computer, such as a
laptop or desktop computer, or may be a processor for handling some tasks in
a larger system, such as in the scanner 110. The decision support processor
112 is configured by instructions, design, hardware, and/or software to
perform the acts discussed herein.

[0094] The decision support processor 112 is configured to select one or
more endovascular devices, select placement in a vessel, model deployment
of the device or devices in a patient vessel, calculate porosity variation
resulting from deployment, determine values for one or more hemodynamic
guantities, and predict outcome. The decision support processor 112 is
configured to provide decision support for planning endovascular implantation,
S0 may generate various outputs to assist in planning for a given patient. The
machine-learned classifier or classifiers 113 may be applied to perform any
one or more of the acts. Physics-based modeling, computational flow
dynamics, or other modeling may be implemented by the decision support
processor 112.

[0095] One or more machine-learnt classifiers 113 are provided in the
memory 114 or implemented by the processor 112. For example, one
machine-learnt classifier 113 is provided to select a device or devices for
implanting into a patient. As another example, another machine-learned
classifier 113 is provided to determine a hemodynamic value, indicate
deformation from deployment, determine porosity, predict outcome, and/or
other acts. Cascade, parallel, or multi-class classifiers may be used. In one
embodiment, a single classifier is provided for a single decision, such as one
classifier 113 to predict outcome or risk.

[0096] The decision support processor 112, using the machine-learnt

classifier 113, is configured to output a clinical decision for the patient in
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response to the application of the input feature vector. The output of the
clinical decision may be prior to entry of a treatment into the computerized
patient record by a physician. The recommended decision helps guide the
treating physician, so is provided to the treating physician prior to entry of an
order for the patient. Alternatively, the output decision is used as the order
without the intervening physician. Other timing may be provided.

[0097] The display 116 is a monitor, LCD, projector, plasma display, CRT,
printer, or other now known or later developed devise for outputting visual
information. The display 116 receives images of graphics, text, quantities,
spatial distribution of anatomy or function, or other information from the
decision support processor 112, memory 114, scanner 110, or machine-learnt
classifiers 113.

[0098] One or more images are displayed. The images may or may not
include anatomical representation or imaging, such as an anatomical image of
the vessel from scan data, the vessel model, and/or the device model. The
image includes one or more recommended decisions, such as an annotation
on an image or in a display of a report for the patient. Indications of
probability may be included in the image. The image includes an indication,
such as a text, a graphic, or colorization, of the classification of the patient or
outcome for the decision. The display may be for one specific decision. In
other embodiments, the display presents to the user the top n (e.g. 3) possible
decisions, ranked based on their corresponding confidence. The user may
then select the final decision.

[0099] The clinical decision support system is fully automated. The
recommended decisions are output once activated with no more input other
than the activation. Other inputs, such as to select information (e.g., select
placement of the implant) or configure the system, may be used. In an
alternative embodiment, the user or clinician intervenes, leading to semi-
automated decision making. For example, the clinician may select a subset of
decisions that are viable or seem appropriate from a set of possible decisions.
Hence, the decision support system outputs a decision from the sub-set of
available decisions. Multiple machine-learnt classifiers 113 may be trained for

different subsets of possible decisions, or the same machine-learnt classifier
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may be employed irrespective of the selected viable decisions. The decision
with highest probability from the selected set of available decisions may be
suggested. The clinician may intervene in the workflow by choosing to
discard some of the input information or features that are considered
irrelevant.

[00100] While the invention has been described above by reference to
various embodiments, it should be understood that many changes and
modifications can be made without departing from the scope of the invention.
It is therefore intended that the foregoing detailed description be regarded as
illustrative rather than limiting, and that it be understood that it is the following
claims, including all equivalents, that are intended to define the spirit and

scope of this invention.
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| (WE) CLAIM:
1. A method for vascular implant decision support using a medical
imaging system, the method comprising:

scanning a patient with the medical imaging system, the scanning
providing data representing a vessel of the patient;

simulating a fit of a lattice of connected nodes in a regular grid to the
vessel as represented in the data, the nodes having assigned masses and
constraints, the masses and constraints being from a fit of the lattice to the
vascular implant;

determining a porosity of the vascular implant in the vessel of the
patient based on the lattice resulting from the simulating;

calculating a hemodynamic quantity from the porosity and a fit of the
vascular implant to the vessel as represented in the data resulting from the
simulating;

predicting, by a machine-learned network, an outcome for the patient
based on the hemodynamic quantity and based on the fit of the vascular
implant to the vessel; and

displaying the outcome.

2. The method of claim 1 wherein scanning comprises scanning with

computed tomography, x-ray, or magnetic resonance.

3. The method of claim 1 further comprising:

repeating the simulating with different fits of the lattice to other vascular
implants, repeating the determining for other porosities of different fits of the
other vascular implants in the vessel, repeating the calculating of other
hemodynamic quantities from the other porosities, and repeating the
predicting of other outcomes from the other porosities and other fits of the
other vascular implants in the vessel;

wherein displaying comprises displaying the outcome and the other

outcomes.
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4. The method of claim 1 wherein simulating comprises simulating with

the lattice being a mass-spring model.

5. The method of claim 4 wherein simulating comprises simulating with
the constraint being modeled as viscoelastic springs with the fit of the lattice
to the vascular implant being based on intersections of metal struts of the

vascular implant with control boxes of the nodes.

6. The method of claim 4 wherein simulating comprises simulating with

the constraints being based on an optimization of stiffness constants.

7. The method of claim 1 wherein simulating comprises simulating
deployment of the vascular implant using the lattice for the vascular implant
and three-dimensional mesh for the vessel where the three-dimensional mesh
is modeled as deformable so that the deployment deforms the three-

dimensional mesh and the lattice.

8. The method of claim 1 wherein determining the porosity comprises
determining the porosity as a continuously differentiable field as part of the

simulating.

9. The method of claim 1 wherein calculating the hemodynamic quantity
comprises calculating a flow or pressure with the vascular implant modeled as

a porous sheet in a computational fluid dynamics simulation.

10.  The method of claim 1 wherein predicting comprises predicting the

outcome as a risk of rupture or prognosis.

11.  The method of claim 1 wherein predicting comprises predicting based
on input of the hemodynamic quantity, the fit of the vascular implant to the
vessel, a blood biomarker for the patient, a demographic for the patient, and a
patient history.

29



WO 2020/064090 PCT/EP2018/075995

12.  The method of claim 1 wherein displaying the outcome comprises
displaying the outcome with an image showing placement of the vascular

implant from the simulating.

13. A method for vascular implant decision support using a medical
imaging system, the method comprising:

scanning a patient with the medical imaging system, the scanning
providing data representing a vessel of the patient;

selecting, by a machine-learned network, the vascular implant and
placement of the vascular implant based on the data representing the vessel
of the patient;

simulating deployment of the selected vascular implant in the vessel;

calculating a hemodynamic quantity from a model of the vascular
implant as deployed in the vessel of the patient from the simulating; and

displaying the hemodynamic quantity.

14.  The method of claim 13 wherein selecting comprises selecting based
on the data representing the vessel of the patient, a blood biomarker for the

patient, a patient history, and a demographic indicator for the patient.

15. The method of claim 13 further comprising determining a risk or

prognosis by the machine-learned network for the selected vascular implant.

16. The method of claim 13 wherein selecting comprises selecting the
vascular implant, the placement, a number of implants, a configuration of the
vascular implant, a radius of the vascular implant, and a porosity limit for the

vascular implant.

17. A method for vascular implant decision support using a medical
imaging system, the method comprising:

scanning a patient with the medical imaging system, the scanning
providing data representing a vessel of the patient;

modeling deployment of an endovascular device within the vessel

based on physics;
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determining a value of a hemodynamic parameter resulting from the
deployment as modeled; and

displaying the value.

18.  The method of claim 17 wherein modeling comprises modeling the
deployment with the vessel represented by a deformable mesh and the

endovascular device represented by a mass-spring model.

19.  The method of claim 17 further comprising calculating a porosity of the
endovascular device from the deployment, and wherein determining the value

comprises determining the value from the porosity.
20. The method of claim 17 further comprising selecting the endovascular

device from a group of endovascular devices, a placement within the vessel,

and a number of endovascular devices.
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