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GENERATING A MODEL LIBRARY OF
MODELS OF AN ELECTROMAGNETIC
SOURCE

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 62/663,049, filed on Apr. 26, 2018,
entitled “MACHINE LEARNING USING SIMULATED
CARDIOGRAMS,” which is hereby incorporated by refer-
ence in its entirety.
[0002] This application is related to the following appli-
cations filed concurrently: U.S. application Ser. No.
(Attorney Daocket No. 129292-8003.US00), entitled “GEN-
ERATING SIMULATED ANATOMIES OF AN ELEC-
TROMAGNETIC SOURCE™; U.S. application Ser. No.
(Attorney Docket No. 129292-8005.US00), entitled
“USER INTERFACE FOR PRESENTING SIMULATED
ANATOMIES OF AN ELECTROMAGNETIC SOURCE”;
U.S. application Ser. No. (Attorney Docket No.
129292-8006.US00), entitled “CONVERTING A POLYHE-
DRAL MESH REPRESENTING AN ELECTROMAG-
NETIC SOURCE”; U.S. application Ser. No. (Attor-
ney  Docket No.  129292-8007.US00), entitled
“GENERATING APPROXIMATIONS OF CARDIO-
GRAMS FROM DIFFERENT SOURCE CONFIGURA-
TIONS”; U.S. application Ser. No. (Attorney
Docket No. 129292-8008.US00), entitled “BOOTSTRAP-
PING A SIMULATION-BASED ELECTROMAGNETIC
OUTPUT OF A DIFFERENT ANATOMY™; U.S. applica-
tion Ser. No. (Attorney Docket No. 129292-8009.
US00), entitled “IDENTIFYING AN ATTRIBUTE OF AN
ELECTROMAGNETIC SOURCE CONFIGURATION BY
MATCHING SIMULATED AND PATIENT DATA”; U.S.
application Ser. No. (Attorney Docket No. 129292-
8010.US00), entitled “MACHINE LEARNING USING
CLINICAL AND SIMULATED DATA”; U.S. application
Ser. No. (Attorney Docket No. 129292-8011.US00),
entitled “DISPLAY OF AN ELECTROMAGNETIC
SOURCEBASED ON A PATIENT-SPECIFIC MODEL”;
and U.S. application Ser. No. (Attorney Docket No.
129292-8012.US00), entitled “DISPLAY OF AN ELEC-
TRICAL FORCE GENERATED BY AN ELECTRICAL
SOURCE WITHIN A BODY,” each is hereby incorporated
by reference in its entirety.

BACKGROUND

[0003] Many heart disorders can cause symptoms, mor-
bidity (e.g., syncope or stroke), and mortality. Common
heart disorders caused by arrhythmias include inappropriate
sinus tachycardia (“1ST”), ectopic atrial rhythm, junctional
rhythm, ventricular escape rhythm, atrial fibrillation (“AF”),
ventricular fibrillation (“VF”), focal atrial tachycardia (“fo-
cal AT”), atrial microreentry, ventricular tachycardia
(“VT”), atrial flutter (“AFL”), premature ventricular com-
plexes (“PVCs”), premature atrial complexes (“PACs”),
atrioventricular nodal reentrant tachycardia (“AVNRT”),
atrioventricular reentrant tachycardia (“AVRT”), permanent
Junctional reciprocating tachycardia (“PJRT”), and junc-
tional tachycardia (“JT”). The sources of arrhythmias may
include electrical rotors (e.g., ventricular fibrillation), recur-
ring electrical focal sources (e.g., atrial tachycardia), ana-
tomically based reentry (e.g., ventricular tachycardia), and

Oct. 31,2019

so on. These sources are important drivers of sustained or
clinically significant episodes. Arrhythmias can be treated
with ablation using different technologies, including radiof-
requency energy ablation, cryoablation, ultrasound ablation,
laser ablation, external radiation sources, directed gene
therapy, and so on by targeting the source of the heart
disorder. Since the sources of heart disorders and the loca-
tions of the source vary from patient to patient, even for
common heart disorders, targeted therapies require the
source of the arrhythmia to be identified.

[0004] Unfortunately, current methods for reliably identi-
fying the source locations of the source of a heart disorder
can be complex, cumbersome, and expensive. For example,
one method uses an electrophysiology catheter having a
multi-electrode basket catheter that is inserted into the heart
(e.g., left ventricle) intravascularly to collect from within the
heart measurements of the electrical activity of the heart,
such as during an induced episode of VF. The measurements
can then be analyzed to help identify a possible source
location. Presently, electrophysiology catheters are expen-
sive (and generally limited to a single use) and may lead to
serious complications, including cardiac perforation and
tamponade. Another method uses an exterior body surface
vest with electrodes to collect measurements from the
patient’s body surface, which can be analyzed to help
identify an arrhythmia source location. Such body surface
vests are expensive, are complex and difficult to manufac-
ture, and may interfere with the placement of defibrillator
pads needed after inducing VF to collect measurements
during the arrhythmia. In addition, the vest analysis requires
a computed tomography (“CT”) scan and is unable to sense
the interventricular and interatrial septa where approxi-
mately 20% of arrhythmia sources may occur.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] This application contains at least one drawing
executed in color. Copies of this application with color
drawing(s) will be provided by the Office upon request and
payment of the necessary fees.

[0006] FIG. 11is a block diagram that illustrates the overall
processing of the MLMO system in some embodiments.
[0007] FIG. 2 is a flow diagram that illustrates the overall
processing of generating a classifier by the MLMO system
in some embodiments.

[0008] FIG. 3 is a block diagram that illustrates training
and classifying using a convolutional neural network in
some embodiments.

[0009] FIG. 4 is a flow diagram that illustrates processing
of a generate classifier component of the MLMO system in
some embodiments.

[0010] FIG. 5 is a flow diagram that illustrates the pro-
cessing of a generate simulated VCGs comporent of the
MLMO system in some embodiments.

[0011] FIG. 6 is a flow diagram that illustrates the pro-
cessing of a generate training data component for cycles of
the MLMO system in some embodiments.

[0012] FIG. 7 is a flow diagram that illustrates the pro-
cessing of an identify cycles component of the MLMO
system in some embodiments.

[0013] FIG. 8 is a block diagram that illustrates the
processing of a normalize cycle component of the MLMO
system in some embodiments.
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[0014] FIG. 9 is a flow diagram that illustrates processing
of a generate training data for a sequence of similar cycles
component of the MLMO system in some embodiments.
[0015] FIG. 10 is a flow diagram that illustrates the
processing of a classify component of the MLMO system in
some embodiments.

[0016] FIG. 11 is a block diagram illustrating components
of the MLG system in some embodiments.

[0017] FIG. 12 is a block diagram that illustrates the
generating of a simulated anatomy from seed anatomies.
[0018] FIG. 13 is a display page that illustrates a user
experience for viewing simulated anatomies in some
embodiments.

[0019] FIG. 14 is a flow diagram that illustrates the
processing of a generate model library component of the
MLG system in some embodiments.

[0020] FIG. 15 is a flow diagram that illustrates the
processing of a generate simulated anatomies component of
the MLG system in some embodiments.

[0021] FIG. 16 is a flow diagram that illustrates the
processing of a generate simulated anatomy component of
the MLG system in some embodiments.

[0022] FIG. 17 is a flow diagram that illustrates the
processing of a generate source configurations component of
the MLG system in some embodiments.

[0023] FIG. 18 is a flow diagram that illustrates the
processing of a generate model component of the MLG
system in some embodiments.

[0024] FIG. 19 is a flow diagram that illustrates the
processing of a display simulated anatomy component of the
MLG system in some embodiments.

[0025] FIG. 20 is a block diagram that illustrates the
process of bootstrapping a simulation based on an EM mesh
of a prior simulation with similar anatomical parameters.
[0026] FIG. 21 is a flow diagram that illustrates the
processing of a component to generate a voltage solution for
a representative arrhythmia model of a group of the MLG
system in some embodiments.

[0027] FIG. 22 is a flow diagram that illustrates the
processing of a generate voltage solution component for a
group of arrhythmia models based on a representative volt-
age solution of the MLG system in some embodiments.
[0028] FIG. 23 is a block diagram that illustrates the
process of approximating a cardiogram based on a voltage
solution for an arrhythmia model with different anatomical
parameters.

[0029] FIG. 24 is a flow diagram that illustrates the
processing of an approximate VCG component of the MLG
system in some embodiments.

[0030] FIG. 25 is a block diagram that illustrates the
process of converting an arrhythmia model based on a first
polyhedron to an arrhythmia model based on a second
polyhedron in some embodiments.

[0031] FIG. 26 is a flow diagram that illustrates the
processing of a convert polyhedral model component of the
MLG system in some embodiments.

[0032] FIG. 27 is a flow diagram that illustrates the
processing of an identify attributes component of the PM
system in some embodiments.

[0033] FIG. 28 is a flow diagram that illustrates the
processing of an identify matching VCGs component of the
PM system in some embodiments.
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[0034] FIG. 29 is a flow diagram that illustrates the
processing of an identify classes based on clustering com-
ponent of the PM system in some embodiments.

[0035] FIG. 30 is a flow diagram that illustrates the
processing of a generate cluster classifiers component of the
PM system in some embodiments.

[0036] FIG. 31 is a block diagram that illustrates the
overall processing of a patient classifier system of a MLCD
system in some embodiments.

[0037] FIG. 32 is a flow diagram that illustrates the
processing of a generate patient classifier component of the
patient classifier system in some embodiments.

[0038] FIG. 33 is a flow diagram that illustrates the
processing of a generate cluster patient classifier of the
patient classifier system in some embodiments.

[0039] FIG. 34 is a block diagram that illustrates compo-
nents of a patient-specific model classifier system of a
MLCD system in some embodiments.

[0040] FIG. 35 is a flow diagram that illustrates processing
of a generate patient-specific model classifier component of
the PSMC system in some embodiments.

[0041] FIG. 36 is a flow diagram that illustrates the
processing of an identify similar models component of the
PSMC system in some embodiments.

[0042] FIG. 37 is a block diagram that illustrates the
overall processing of a patent-specific model display system
in some embodiments.

[0043] FIG. 38 is a flow diagram that illustrates the
processing of a generate patient heart display component of
the PSMD system in some embodiments.

[0044] FIG. 39 is a flow diagram that illustrates the
processing of a calculate display values component of the
PSMD system in some embodiments.

[0045] FIG. 40 illustrates various surface representations
of vectorcardiograms.

[0046] FIG. 41 is a flow diagram that illustrates the
processing of a visualize VCG component of the EFD
system in some embodiments.

[0047] FIG. 42 is a flow diagram that illustrates the
processing of a display VCG surface representation compo-
nent of the EFD system in some embodiments.

DETAILED DESCRIPTION

[0048] Methods and systems are provided for generating
data representing electromagnetic states (e.g., normal sinus
rhythm versus ventricular fibrillation) of an electromagnetic
source (e.g., a heart) within a body for various purposes such
as medical, scientific, research, and engineering purposes.
The systems generate the data based on source configura-
tions (e.g., dimensions of, and scar or fibrosis or pro-
arrhythmic substrate location within, a heart) of the electro-
magnetic source and a computational model of the
electromagnetic output of the electromagnetic source. The
systems may dynamically generate the source configurations
to provide representative source configurations that may be
found in a population. For each source configuration of the
electromagnetic source, the systems run a simulation of the
functioning of the electromagnetic source to generate mod-
eled electromagnetic output for that source configuration.
The systems generate derived electromagnetic data (e.g., a
vectorcardiogram) for each source configuration from the
modeled electromagnetic output of that source configura-
tion. The system may then use the modeled electromagnetic
output for various purposes such as identifying locations of
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disorders within the electromagnetic source of a patient’s
body, guiding a procedure to repair (e.g., directed gene
therapy) or modify (e.g., ablate) the electromagnetic source,
predicting results of a procedure on the electromagnetic
source, analyzing genetic defects, and so on. The systems
may include a machine learning based on modeled output
system and a model library generation system, which are
described below.

Machine Learning Based on Modeled Output System

[0049] A method and a system are provided for generating
a classifier for classifying electromagnetic data derived from
an electromagnetic source within a body. A body may be, for
example, a human body, and the electromagnetic source may
be a heart, a brain, a liver, a lung, a kidney, or another part
of the body that generates an electromagnetic field that can
be measured from outside or inside the body. The electro-
magnetic fields can be measured by various measuring
devices (e.g., electrocardiograph and electroencephalo-
graph) using, for example, one or more (e.g., 12) leads
connected to electrodes attached to or adjacent to (e.g., via
a smart watch device) a patient’s body, a body surface vest
worn by a patient, an intra-electromagnetic source device
(e.g., a basket catheter), a cap worn by a patient, and so on.
The measurements can be represented via a cardiogram such
as an electrocardiogram (“ECG”) and a vectorcardiogram
(“VCG”), an electroencephalogram (“EEG”), and so on. In
some embodiments, a machine learning based on modeled
output (“MLMO”) system is provided to generate a classifier
by modeling electromagnetic output of the electromagnetic
source for a variety of source configurations and using
machine learning to train a classifier using derived electro-
magnetic data that is derived from the modeled electromag-
netic output as training data. The MLMO system is
described below primarily to generate a classifier for elec-
tromagnetic data of the heart.

[0050] Insome embodiments, the MLMO system employs
a computational model of the electromagnetic source to
generate training data for training the classifier. A compu-
tational model models electromagnetic output of the elec-
tromagnetic source over time based on a source configura-
tion of the electromagnetic source. The electromagnetic
output may represent electrical potential, a current, a mag-
netic field, and so on. When the electromagnetic (“EM™)
source is a heart, the source configuration may include any
subset of the group consisting of information on geometry
and muscle fibers of the heart, torso anatomy, normal and
abnormal cardiac anatomy, normal and abnormal cardiac
tissue, scar, fibrosis, inflammation, edema, accessory path-
ways, congenital heart disease, malignancy, sites of prior
ablation, sites of prior surgery, sites of external radiation
therapy, pacing leads, implantable cardioverter-defibrillator
leads, cardiac resynchronization therapy leads, pacemaker
pulse generator location, implantable cardioverter-defibril-
lator pulse generator location, subcutaneous defibrillator
lead location, subcutaneous defibrillator pulse generator
location, leadless pacemaker location, other implanted hard-
ware (e.g., right or left ventricular assist devices), external
defibrillation electrodes, surface ECG leads, surface map-
ping leads, a mapping vest, other normal and pathophysi-
ologic feature distributions, and so on, and the EM output is
a collection of the electric potentials at various heart loca-
tions over time. To generate the EM output, a simulation
may be performed for simulation steps of a step size (e.g.,
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1 ms) to generate an EM mesh for that step. The EM mesh
may be a finite-element mesh that stores the value of the
electric potential at each heart location for that step. For
example, the left ventricle may be defined as having
approximately 70,000 heart locations with the EM mesh
storing an electromagnetic value for each heart location. If
s0, a three-second simulation with a step size of 1 ms would
generate 3,000 EM meshes that each include 70,000 values.
The collection of the EM meshes is the EM output for the
simulation. A computational model is described in C. T.
Villongco, D. E. Krummen, P. Stark, J. H. Omens, & A. D.
McCulloch, “Patient-specific modeling of ventricular acti-
vation pattern using surface ECG-derived vectorcardiogram
in bundle branch block,” Progress in Biophysics and
Molecular Biology, Volume 115, Issues 2-3, August 2014,
Pages 305-313, which is hereby incorporated by reference.
In some embodiments, the MLMO system may generate
values for points between the vertices as the mesh, rather
than just at the vertices. For example, the MLMO system
may calculated the values for such points using a Gaussian
quadrature technique.

[0051] In some embodiments, the MLMO system gener-
ates the training data by running many simulations, each
based on a different source configuration, which is a set of
different values for the configuration parameters of the
computational model. For example, the configuration
parameters for the heart may be cardiac geometry, rotor
location, focal source location, ventricular orientation in the
chest, ventricular myofiber orientation, cardiomyocyte intra-
cellular potential electrogenesis and propagation, and so on.
Each configuration parameter may have a set or range of
possible values. For example, the rotor location may be 78
possible parameter sets corresponding to different locations
within a ventricle. Since the MLMO system may run a
simulation for each combination of possible values, the
number of simulations may be in the millions.

[0052] Insomeembodiments, the MLMO system uses EM
outputs of the simulations to train the classifier for the
generation of a classification based on EM data collected
from a patient. The MLMO system may generate derived
EM data for each EM output of a simulation. The derived
EM data correspond to EM data generated based on mea-
surements that would be collected by an EM measuring
devices that use, for example, 12 leads to generate an ECG
or a VCG, a body surface vest, an intra-electromagnetic
source device, and so on. The ECG and VCG are equivalent
source representations of the EM output. The MLMO then
generates a label (or labels) for each derived EM data to
specify its corresponding classification. For example, the
MLMO system may generate a label that is the value of a
configuration parameter (e.g., rotor location) used when
generating the EM output from which the EM data was
derived. The collection of the derived EM data, which
correspond to feature vectors, and their labels compose the
training data for training the classifier. The MLMO system
then trains the classifier. The classifier may be any of a
variety or combination of classifiers including neural net-
works such as fully-connected, convolutional, recurrent,
autoencoder, or restricted Boltzmann machine, a support
vector machine, a Bayesian classifier, and so on. When the
classifier is a deep neural network, the training results in a
set of weights for the activation functions of the deep neural
network. The classifier selected may be based on the type of
disorder to be identified. For example, certain types of
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neural networks may be able to effectively train based on
focal sources, but not rotor sources.

[0053] In some embodiments, the MLMO system may
augment the training data with additional features from the
configuration parameters of the source configuration used to
generate the training data. For example, the MLMO system
may generate additional features to represent the geometry
of the heart, the orientation of the heart, scar or fibrosis or
pro-arrhythmic substrate location or locations, ablation loca-
tion, ablation shape, and so on. The MLMO system may
input these additional features into the fully connected layer
along with the output generated by the layer before the fully
connected layer of a convolutional neural network (“CNN”),
which is described below. The output of the layer before the
fully connected layer (e.g., pooling layer) may be “flattened”
into a one-dimensional array, and the MLMO system may
add the additional features as further elements of the one-
dimensional array. The output of the fully connected layer
may provide a probability for each label used in the training
data. The probabilities will thus be based on the combination
of the derived EM data and the additional features. The
classifier will be able to output different probabilities even
when the derived EM data is the same or similar to reflect,
for example, that the same or similar EM data may be
generated for patients with different heart geometries and
different scar or fibrosis or pro-arrhythmic substrate loca-
tions. The MLMO system may alternatively employ an
additional classifier that (1) inputs the probabilities gener-
ated by the CNN based only on the derived EM data and (2)
inputs the additional features and then outputs a final prob-
ability for each classification that factors in the additional
features. The additional classifier may be, for example, a
support vector machine. The CNN and the additional clas-
sifier may be trained in parallel.

[0054] In some embodiments, the MLMO system normal-
izes the VCGs of each cycle of the training data in both the
voltage and time axes. A cycle may be defined as a time
interval (e.g., start time to end time) defining a single unit or
beat of periodic electrical activity during normal or abnor-
mal rhythms. Cycles facilitate beat-by-beat analysis of
source configuration evolution over time and enable subse-
quent voltage and time normalization over each cycle.
Normalization preserves salient features of voltage-time
dynamics and improves generalizability of the training data
to variations in source configuration parameters (e.g., torso
conductivities, lead placement and resistance, myocardial
conduction velocity, action potential dynamics, overall heart
size, etc.) anticipated in real patients. The MLMO system
may normalize the voltages to a range between -1 and 1 and
the time to a fixed range of O to 1 in increments of
milliseconds or percentages. To normalize the voltages for a
cycle, the MLMO system may identify the maximum mag-
nitude of the vectors across the axes. The MLMO system
divides each voltage by the maximum magnitude. To nor-
malize the time axis, the MLMO system performs an inter-
polation from the number of points in the VCG, which may
be more or less than 1000, to the 1000 points of the
normalized cycle.

[0055] Insomeembodiments, after the classifier is trained,
the MLMO system is ready to generate classifications based
on EM and other routinely available clinical data collected
from patients. For example, an ECG may be collected from
a patient, and a VCG may be generated from the ECG. The
VCG is input to the classifier to generate a classification
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indicating, for example, a rotor location for the patient. As
a result, even though the geometry of the patient’s heart is
not known or no simulation was based on the same geometry
as the patient’s heart, the MLMO system can be used to
generate a classification. If other patient measurements such
as cardiac dimensions and orientation, scar or fibrosis or
pro-arrhythmic substrate configuration, etc. are available,
they may be included as input with the EM data to improve
accuracy. This allows the classifier to effectively learn
complex hidden features in various clinical data that are not
directly represented by the training data.

[0056] In some embodiments, the MLMO system may
classify source stability (i.e., the beat-to-beat consistency of
a dominant arrhythmia source localized to a particular
region in the heart) by generating training data that is based
on sequences of consecutive cycles that have similar EM
features. A technique for determining the stability of
arrhythmia sources is described in Krummen, D., et al.,
Rotor Stability Separates Sustained Ventricular Fibrillation
from Self-Terminating Episodes in Humans, Journal of
American College of Cardiology, Vol. 63, No. 23, 2014,
which is hereby incorporated by reference. This reference
demonstrates the efficacy of targeted ablation at stable
source sites for preventing recurring arrhythmic episodes.
For example, given a VCG, the MLMO system may identify
the cycles and then identify sequences of two consecutive
cycles, three consecutive cycles, four consecutive cycles,
and so on in which all the VCG cycles in the sequence are
of similar morphology to each other. Each identified
sequence may be labeled based on the value of a parameter
of the source configuration used to generate the VCG. The
MLMO system may then train a separate classifier for each
sequence length (e.g., 2, 3, 4, and so on) using the training
data for the sequences of that sequence length. For example,
the MLMO system may train a classifier for sequences of
two cycles and a separate classifier for sequences of three
cycles. To generate a classification for a patient, the MLMO
system may identify sequences of similar cycles of varying
sequence lengths in the VCG of the patient and input those
sequences into the classifier for the appropriate sequence
length. The MLMO system may then combine the classifi-
cations from all the classifiers to arrive at a final classifica-
tion or may simply output all the classifications.

[0057] Although a classifier could be trained using actual
patient ECGs or VCGs and corresponding intracardiac bas-
ket catheter measurements of source location, the cost of
collecting, preparing, and labeling a sufficient number of
data would be prohibitive. Moreover, training data based on
actual patients would likely be too sparse and noisy to be
effective at training a classifier for a large population. In
some embodiments, the MLMO system could be trained
using a combination of actual patient VCGs and VCGs
derived from simulations.

[0058] FIG. 11is a block diagram that illustrates the overall
processing of the MLMO system in some embodiments. The
MLMO system includes classifier generation components
110 and classification components 120. The computational
model for a heart is a heart model that may include data and
code stored in a heart model data store 111. A generate
simulations component 112 inputs the heart model and the
parameter sets for the simulations. The parameter sets, also
referred to as source configurations, may include a param-
eter set for each combination of possible values of the
parameters or may specify how to generate (e.g., via a
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computer code) the parameter sets. For example, the com-
puter code for the rotor location parameter may include a list
of possible rotor locations and for the ventricle orientation
parameter may dynamically generate the values from a base
orientation axis along with code for generating possible tilt
angles from that base orientation such as an x-axis and
ay-axis increment. The output of the generate simulations
component is stored in a voltage solutions data store 113
where a voltage solution is an EM output. A voltage solution
is an example of an EM mesh. A generate VCGs component
114 generates a VCG from the voltage solutions and stores
the VCG in a VCG data store 115. The generate VCGs
component may generate an ECG from the voltage solutions
and then generate a VCG from the ECG. The generation of
a VCG from an ECG is described in J. A. Kors, G. Van
Herpen, A. C. Sittig, & J. H. Van Bemmel, “Reconstruction
of the Frank vectorcardiogram from standard electrocardio-
graphic leads: diagnostic comparison of different methods,”
European Heart Journal, Volume 11, Issue 12, 1 Dec. 1990,
Pages 1083-1092, which is hereby incorporated by refer-
ence. A generate training data component 116 inputs the
VCGs and labels each VCG with a label or labels that may
be derived from the parameter sets and stores the training
data in a training data store 117. A label may be, for example,
the value of a parameter of the parameter set used to
generate the EM output from which the VCG is derived. A
train classifier component 118 inputs the training data, trains
a classifier, and stores the weights (e.g., of activation func-
tions of a convolutional neural network) in a classifier
weights data store 119. To generate a classification, a collect
ECG component 121 inputs an ECG collected from a
patient. A generate VCG component 122 generates a VCG
from the ECG. A classify component 123 inputs the VCG
and generates a classification using the classifier weights of
the trained classifier.

[0059] The computing systems (e.g., network nodes or
collections of network nodes) on which the MLMO system
and the other described systems may be implemented may
include a central processing unit, input devices, output
devices (e.g., display devices and speakers), storage devices
(e.g., memory and disk drives), network interfaces, graphics
processing units, cellular radio link interfaces, global posi-
tioning system devices, and so on. The input devices may
include keyboards, pointing devices, touch screens, gesture
recognition devices (e.g., for air gestures), head and eye
tracking devices, microphones for voice recognition, and so
on. The computing systems may include high-performance
computing systems, cloud-based servers, desktop comput-
ers, laptops, tablets, e-readers, personal digital assistants,
smartphones, gaming devices, servers, and so on. For
example, the simulations and training may be performed
using a high-performance computing system, and the clas-
sifications may be performed by a tablet. The computing
systems may access computer-readable media that include
computer-readable storage media and data transmission
media. The computer-readable storage media are tangible
storage means that do not include a transitory, propagating
signal. Examples of computer-readable storage media
include memory such as primary memory, cache memory,
and secondary memory (e.g., DVD) and other storage. The
computer-readable storage media may have recorded on
them or may be encoded with computer-executable instruc-
tions or logic that implements the MLMO system and the
other described systems. The data transmission media are
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used for transmitting data via transitory, propagating signals
or carrier waves (e.g., electromagnetism) via a wired or
wireless connection. The computing systems may include a
secure cryptoprocessor as part of a central processing unit
for generating and securely storing keys and for encrypting
and decrypting data using the keys.

[0060] The MLMO system and the other described sys-
tems may be described in the general context of computer-
executable instructions, such as program modules and com-
ponents, executed by one or more computers, processors, or
other devices. Generally, program modules or components
include routines, programs, objects, data structures, and so
on that perform tasks or implement data types of the MLMO
system and the other described systems. Typically, the
functionality of the program modules may be combined or
distributed as desired in various examples. Aspects of the
MLMO system and the other described systems may be
implemented in hardware using, for example, an applica-
tion-specific integrated circuit (“ASIC”) or field program-
mable gate array (“FPGA”).

[0061] FIG. 2 is a flow diagram that illustrates the overall
processing of generating a classifier by the MLMO system
in some embodiments. A generate classifier component 200
is executed to generate a classifier. In block 201, the com-
ponent accesses the computational model to be used to run
the simulations. In block 202, the component selects the next
source configuration (i.e., parameter set) to be used in a
simulation. In decision block 203, if all the source configu-
rations have already been selected, then the component
continues at block 205, else the component continues at
block 204. In block 204, the component runs the simulation
using the selected source configuration to generate an EM
output for the simulation and then loops to block 202 to
select the next source configuration. In block 205, the
component selects the next EM output that was generated by
a simulation. In decision block 206, if all the EM outputs
have already been selected, then the component continues at
block 210, else the component continues at block 207. In
block 207, the component derives the EM data from the EM
output. For example, the EM output may be a collection of
EM meshes, and the EM data may be an ECG or a VCG
derived from the electromagnetic values of the EM mesh. In
some embodiments, the component may in addition identify
cycles (periodic intervals of arrhythmic activity) within the
ECG or VCG. A cycle may be delimited by successive
crossings from a negative voltage to a positive voltage
(“positive crossings™) or successive crossings from a posi-
tive voltage to a negative voltage (“negative crossings”)
with respect to a spatial direction or set of directions
comprising a reference frame or set of reference frames. A
reference frame may coincide with anatomical axes (e.g,,
left-to-right with x, superior-to-inferior with y, anterior-to-
posterior with z), imaging axes (e.g., CT, MR, or x-ray
coordinate frames), body-surface lead vectors, principal
axes computed by principal component analysis of measured
or simulated EM source configurations and outputs, or
user-defined directions of interest. For example, a three-
second VCG may have three cycles, and each cycle may be
delimited by the times of the positive crossings along the
x-axis. Alternatively, the cycles may be delimited by cross-
ings along the y-axis or z-axis. In addition, cycles may be
defined by negative crossings. Thus, in some embodiments,
the component may generate training data from a single
VCG based on various cycle definitions that are various
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combinations of positive crossings and negative crossings
with the cycles for all the axes being defined by crossings on
one of the x-axis, y-axis, and z-axis or the cycles for each
defined by crossings on that axis. Moreover, the training data
may include cycles identified based on all possible cycle
definitions or a subset of the cycle definition. For example,
the training data may include, for each axis, a cycle defined
by positive crossings of the x-axis, negative crossings of the
y-axis, and positive crossings of that axis itself. Cycles
definitions may also be defined by the timing of electrical
events derived from the values stored in the EM mesh. For
example, a point or set of points in the mesh may periodi-
cally cross voltage thresholds signifying electrical activation
and deactivation. Thus, a cycle may be defined by activa-
tion-deactivation, or successive activation-activation or
deactivation-deactivation intervals corresponding to a point
or set of points within the mesh. The resulting timings of
these intervals can be co-localized to the ECG or VCG for
cycles identification. In block 208, the component labels the
EM data based on the source configuration (e.g., a source
location). When cycles are identified, the component may
label each cycle with the same label. For example, the
component may label the identified cycles with the same
rotor location. In block 209, the component adds the EM
data along with the label to the training data and then loops
to block 205 to select the next EM output. In block 210, the
component trains the classifier using the training data and
then completes.

[0062] FIG. 3 is a block diagram that illustrates training
and classifying using a convolutional neural network in
some embodiments. The convolutional neural network may
be one-dimensional in the sense that it inputs an image that
is a single row of pixels with each pixel having a red, green,
and blue (“RGB”) value. The MLMO system sets the values
of the pixels based on the voltages of a VCG of the training
data. The image has the same number of pixels as vectors of
a VCG of the training data. The MLMO system sets the red,
green, and blue values of a pixel of the image to the x, y, and
7 values of the corresponding vector of the VCG. For
example, if a cycle of a VCG is 1 second long, and the VCG
has a vector for each millisecond, then the image is 1 by
1000 pixels. The one-dimensional convolutional neural net-
work (“1D CNN”) trainer 310 learns the weights of activa-
tion functions for the convolutional neural network using the
training data 301. To generate a classification for a patient,
the MLMO system provides the VCG 302 for the patient as
a one-dimensional image. The 1D CNN 320 then classifies
the VCG based on the weights and outputs the classification,
such as rotor location.

[0063] CNNs are a type of neural network that has been
developed specifically to process images. A CNN may be
used to input an entire image and output a classification of
the image. For example, a CNN can be used to automatically
determine whether a scan of a patient indicates the presence
of an anomaly (e.g., tumor). The MLMO system considers
the derived EM data to be a one-dimensional image. A CNN
has multiple layers such as a convolution layer, a rectified
linear unit (“ReLU”) layer, a pooling layer, a fully connected
(“FC”) layer, and so on. Some more complex CNNs may
have multiple convolution layers, RelL.U layers, pooling
layers, and FC layers.

[0064] A convolution layer may include multiple filters
(also referred to as kernels or activation functions). A filter
inputs a convolution window of an image, applies weights to
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each pixel of the convolution window, and outputs an
activation value for that convolution window. For example,
if the image is 256 by 256 pixels, the convolution window
may be 8 by 8 pixels. The filter may apply a different weight
to each of the 64 pixels in a convolution window to generate
the activation value also referred to as a feature value. The
convolution layer may include, for each filter, a node (also
referred to as a neuron) for each pixel of the image assuming
a stride of one with appropriate padding. Each node outputs
a feature value based on a set of weights for the filter that are
learned during a training phase for that node. Continuing
with the example, the convolution layer may have 65,536
nodes (256*256) for each filter. The feature values generated
by the nodes for a filter may be considered to form a
convolution feature map with a height and width of 256. If
an assumption is made that the feature value calculated for
a convolution window at one location to identify a feature or
characteristic (e.g., edge) would be useful to identify that
feature at a different location, then all the nodes for a filter
can share the same set of weights. With the sharing of
weights, both the training time and the storage requirements
can be significantly reduced. If each pixel of an image is
represented by multiple colors, then the convolution layer
may include another dimension to represent each separate
color. Also, if the image is a 3D image, the convolution layer
may include yet another dimension for each image within
the 3D image. In such a case, a filter may input a 3D
convolution window.

[0065] The RelLU layer may have a node for each node of
the convolution layer that generates a feature value. The
generated feature values form a ReL.U feature map. The
ReLU layer applies a filter to each feature value of a
convolution feature map to generate feature values for a
ReLU feature map. For example, a filter such as max(0,
activation value) may be used to ensure that the feature
values of the ReLU feature map are not negative.

[0066] The pooling layer may be used to reduce the size of
the ReLU feature map by downsampling the ReL.U feature
map to form a pooling feature map. The pooling layer
includes a pooling function that inputs a group of feature
values of the RelLU feature map and outputs a feature value.
For example, the pooling function may generate a feature
value that is an average of groups of 2 by 2 feature values
of the ReLU feature map. Continuing with the example
above, the pooling layer would have 128 by 128 pooling
feature map for each filter.

[0067] The FC layer includes some number of nodes that
are each connected to every feature value of the pooling
feature maps. For example, if an image is to be classified as
being a cat, dog, bird, mouse, or ferret, then the FC layer
may include five nodes whose feature values provide scores
indicating the likelihood that an image contains one of the
animals. Each node has a filter with its own set of weights
that are adapted to the type of the animal that the filter is to
detect.

[0068] In the following, the MLMO system is described in
reference to the following data structures. The brackets
indicate an array. For example, VCG[2].V[5].x represents
the voltage for the x-axis for the fifth time interval in the
second VCG. The data structures are further described
below when first referenced.
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VCG data structures
VCG[ ]
size
vI]
X
v
z
nvCG
VI

Cycles data structure
#C
Crl]

start

end
Training data structure
#ID
D[]

nVCG[ ]

label(s)

[0069] FIG. 4 is a flow diagram that illustrates detailed
processing of the generate classifier component of the
MLMO system in some embodiments. The generate classi-
fier component 400 is invoked to generate a classifier. In
block 401, the component invokes a generate simulated
VCGs component to simulate VCGs (VCGJ ]) for a variety
of parameter sets. In blocks 402-405, the component loops,
generating the training data for each simulation. In block
402, the component sets an index i to 1 for indexing the
parameter sets. In decision block 403, if index i is equal to
the number of parameter sets, then all the training data has
been generated and the component continues at block 406,
else the component continues at block 404. In block 404, the
component invokes a generate training data component,
passing an indication of the indexed parameter set. In block
405, the component increments index i and then loops to
block 403. In block 406, the component invokes a train
classifier component to train the classifier based on the
generated training data and then completes.

[0070] FIG. 5 is a flow diagram that illustrates the pro-
cessing of a generate simulated VCGs component of the
MLMO system in some embodiments. The generate simu-
lated VCGs component 500 is invoked to generate a simu-
lated VCG for each parameter set. In block 501, the com-
ponent sets an index i to 1 for indexing through the
parameter sets. In decision block 502, if index 1 is greater
than the number of parameter sets, then the component
completes, else the component continues at block 503. In
block 503, the component sets an index j to 1 for indexing
through the simulation steps. In decision block 504, if index
j is greater than the number of simulation steps, then the
simulation for the indexed parameter set is complete and the
component continues at block 507, else the component
continues at block 505. In block 505, the component applies
the computational model based on the indexed parameter set
and the indexed simulation step to generate a voltage
solution (VS[j]) for the indexed simulation step. In block
506, the component increments index j and then loops to
block 504 to process the next simulation step. In block 507,
the component generates a VCG (VCGi]) for the indexed
parameter set from the voltage solution (VS| ]) that was
calculated for the parameter set. In block 508, the compo-
nent increments index i and then loops to block 502 to
process the next parameter set.
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[0071] FIG. 6 is a flow diagram that illustrates the pro-
cessing of a generate training data component for cycles of
the MLMO system in some embodiments. The generate
training data component 600 is invoked, passing an index i,
that indexes a VCG generated for a parameter set and
generates the training data from the VCG. In block 601, the
component invokes an identify cycles component, passing
an indication of the indexed VCG (VCGJi]) and receiving a
normalized VCG (nVCG[ ) for each cycle along with a
count (#C) of the cycles that were identified. In block 602,
the component sets an index k to 1 for indexing through the
cycles. In decision block 603, if index k is greater than the
count of the cycles, then the training data for all the cycles
of the indexed VCG has been generated and the component
completes, else the component continues at block 604. In
block 604, the component increments a running count (¥TD)
of the training data (TD) that is used as an index into the
training data. In block 605, the component sets the normal-
ized nVCG of the indexed training data (TD[#TD].nVCG)
to the portion of the VCG specified by the indexed cycle.
The component extracts the portion from the x-axis, y-axis,
and z-axis as defined by the start and end points of the cycle.
In block 606, the component sets the label(s) of the indexed
training data based on the function of the indexed parameter
set (e.g., rotor location). In block 607, the component
increments index k to index to the next cycle and then loops
to block 603 to process the next cycle.

[0072] FIG. 7 is a flow diagram that illustrates the pro-
cessing of an identify cycles component of the MLMO
system in some embodiments. The identify cycles compo-
nent 700 is invoked to identify the cycles within a VCG and
provides the normalized VCGs (nVCGJ ]) for the cycles. In
block 701, the component initializes an index j to 2 for
indexing through the VCG and sets an index k to O for
indexing through the identified cycles. In decision block
702, if index j is greater than the size of the VCG, then the
component has identified all the cycles and the component
completes, providing the normalized nVCG, else the com-
ponent continues at block 703. In block 703, if the prior
voltage of the x-axis of the VCG (VCG.V[j-1].x) is greater
than or equal to zero and the indexed voltage of the x-axis
of the VCG (VCG.V[j] x) is less than zero (i.e., a negative
crossing of the x-axis), then the start of a possible cycle has
been identified and the component continues at block 704 to
identify the cycle, else the component continues at block
709. In block 704, the component sets the start of the
indexed cycle (C[k].start) equal to index j. In decision block
705, if at least one cycle has already been identified, then the
end of the prior cycle is known and the component incre-
ments index k and continues at block 706, else the compo-
nent increments index k and continues at block 709. In block
706, the component sets the end of the prior cycle to index
j-1. In block 707, the component extracts the VCG (eVCG)
for the prior indexed cycle delimited by the start and the end
of the prior cycle. In block 708, the component invokes a
normalize cycle component, passing an indication of the
extracted VCG (eVCG), and receives the normalized cycle
(nVCG). In block 709, the component increments the index
j for indexing through the VCG and loops to block 702.

[0073] FIG. 8 is a block diagram that illustrates the
processing of a normalize cycle component of the MLMO
system in some embodiments. The normalize cycle compo-
nent 800 is invoked, passing an indication of the VCG of a
cycle, and normalizes the cycle. In block 801, the compo-
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nent identifies the maximum vector magnitude V' of the
vectors in the cycle. For example, a vector magnitude of a
vector may be calculated by taking the square root of the
sum of the squares of the x, y, and z values of the vector. In
block 802, the component sets index i to index a next axis
of the VCG. In decision block 803, if all the axes have
already been selected, then the component completes, pro-
viding the normalized VCG, else the component continues at
block 804. In block 804, the component initializes an index
jto 1 for indexing through the vectors of a normalized cycle.
In decision block 805, if index j is greater than the number
of vectors of a normalized cycle, then the component loops
to block 802 to select the next axis, else the component
continues at block 806. In block 806, the component sets the
normalized VCG for the indexed vector for the indexed axis
to an interpolation of the passed VCG, the indexed vector,
and the maximum vector magnitude V'. The interpolation
effectively compresses or expands the VCG to the number of
vectors in the normalized VCG and divides the x, v, and z
values of the vector by the maximum vector magnitude V'.
In block 807, the component increments the index j and then
loops to block 805.

[0074] FIG. 9 is a flow diagram that illustrates processing
of a generate training data for a sequence of similar cycles
component of the MLMO system in some embodiments.
The generate training data for a sequence of similar cycles
component 900 is invoked to identify sequences of two
consecutive cycles of the VCG indexed by the passed index
1 that are similar and generate training data based on the
identified sequences of similar cycles. The cycles in a
sequence are similar according to a similarity score that
reflects the stability of the cycles. In block 901, the com-
ponent invokes the identify cycles component to identify the
cycles (nVCG[ ]) for the VCG. In block 902, the component
sets an index j to 2 for indexing through the identified cycles.
In decision block 903, if index j is greater than the number
of identified cycles, then all the cycles have been indexed
and then component completes, else the component contin-
ues at block 904. In block 904, the component generates a
similarity score for the cycles indexed by j-1 and j. The
similarity score may be based on, for example, a cosine
similarity, a Pearson correlation, and so on. In decision block
905, if similarity score is above a similarity score threshold
(T) indicating similar cycles, then a sequence of similar
cycles has been identified and the component continues at
block 906, else the component continues at block 909. In
block 906, the component increments a running count (#1D)
of the training data. In block 907, the component sets the
training data to the sequence of similar cycles. In block 908,
the component sets the label for the training data to a label
derived from the parameter set (PS[i]) used to generate the
VCG and then continues at block 909. In block 909, the
component increments index i to select the next sequence of
cycles and loops to block 903.

[0075] FIG. 10 is a flow diagram that illustrates the
processing of a classify component of the MLMO system in
some embodiments. The classify component 1000 is
invoked, passing a VCG derived from a patient, and outputs
a classification. In block 1001, the component invokes the
identify cycles component, passing an indication of the
VCQG, and receives the normalized VCGs for the cycles and
a count of cycles. In block 1002, the component sets an
index k to 1 for indexing through the cycles. In decision
block 1003, if index k is greater than the number of cycles,
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then the component completes with the classifications, else
the component continues at block 1004. In block 1004, the
component applies the classifier to the indexed cycle to
generate the classification. In block 1005, the component
increments the index and then loops to block 1003 to process
the next cycle. A different classification (e.g., different rotor
location) may be generated for each cycle. In such a case, the
overall classification may be derived from the combination
of the different classifications (e.g., average of the rotor
locations).

Model Library Generation System

[0076] A method and system for generating a model
library of models of an EM source within a body is provided.
In some embodiments, a model library generation (“MLG”)
system generates models based on source configurations
with configuration parameters that include anatomical
parameters and electrophysiology parameters for the EM
source. The anatomical parameters specify dimensions or
overall geometry of the EM source. When the EM source is
a heart, then the models may be arrhythmia models based on
anatomical parameters that may include any subset of the
group consisting of thickness of a heart wall (e.g., thickness
of the endocardium, myocardium, and epicardium), dimen-
sions of chambers, diameters, ventricular orientation in the
chest, torso anatomy, fiber architecture, the location(s) of
scar, fibrosis, and pro-arthythmia substrate, scar shape and
so on. The geometry of a heart may be measured when
maximal chamber volume and minimal wall thickness and
activation occur. With normal sinus, activation occurs at the
time of the end-diastolic portion of a beat. With an arrhyth-
mia, activation may occur at a different time during a beat.
Therefore, the MLG system may allow the geometry to be
specified at times other than the end-diastolic portion. The
torso anatomy may be used tailor the EM output based on
the size, shape, composition, and so on of the torso. The
electrophysiology parameters are the non-anatomical
parameters that may include any subset of the group con-
sisting of inflammation, edema, accessory pathways, con-
genital heart disease, malignancy, sites of prior ablation,
sites of prior surgery, sites of external radiation therapy,
pacing leads, implantable cardioverter-defibrillator leads,
cardiac resynchronization therapy leads, pacemaker pulse
generator location, implantable cardioverter-defibrillator
pulse generator location, subcutaneous defibrillator lead
location, subcutaneous defibrillator pulse generator location,
leadless pacemaker location, other implanted hardware (e.g,,
right or left ventricular assist devices), external defibrillation
electrodes, surface ECG leads, surface mapping leads, a
mapping vest, and other normal and pathophysiologic fea-
ture distributions, action potential dynamics, conductivities,
arrhythmia source location, and so on. The configuration
parameters that are selected for a simulation may be based
on the machine learning algorithm employed. For example,
the fiber architecture parameter may be selected for a
convolutional neural network, but not for other types of
neural networks. The MLG system generates source con-
figurations from which the arrhythmia models are generated.
For each source configuration, the MLG system generates an
arrhythmia model that includes a mesh and model parameter
such as variable weights for the arrhythmia model. The
MLG system generates the mesh based on the anatomical
parameters. After the computational mesh is generated, the
MLG generates model parameters of the arrhythmia model
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at point within the mesh based on the electrophysiology
parameters of that source configuration. The electrophysi-
ology parameters control the modeling of, for example, the
electromagnetic propagation at that point based on the
electrophysiology parameters. The collection of arrhythmia
models forms an arrhythmia model library. The MLMO
system can then generate a modeled EM output for each
arrhythmia model and use the modeled EM outputs to train
a classifier. The arrhythmia model library may be used for
other purposes such as studying the efficacy of different
types of ablations.

[0077] In some embodiments, the MLG system generates
sets of anatomical parameters for the heart, with each set
having a value (e.g., scalar, vector, or tensor) for each
anatomical parameter. A set of anatomical parameters speci-
fies an anatomy of a heart. The MLG system generates
simulated anatomies that are based on a set of seed anato-
mies (specifying values for the dimensions of the EM
source) and sets of weights that include a weight for each
seed anatomy. The seed anatomies may also include values
for features derived from the specified values such as the
mass, the volume, ratios of length and width, the sphericity,
and so on of a chamber. The seed anatomies may represent
extreme anatomies found in patients. For example, the seed
anatomies may be generated from ultrasound, computed
tomography, and magnetic resonance imaging scans of
patients who have extreme heart conditions such as an
enlarged right ventricle, a very thick or thin endocardium,
and so on. The MLG system generates a simulated anatomy
for each set of weights. Each weight in a set of weights
indicates the contribution of the anatomical parameters of a
seed anatomy to a simulated anatomy. For example, if four
seed anatomies are specified, then the weights may be 0.4,
0.3, 0.2, and 0.1. The MLG system sets the value of each
anatomical parameter for a simulated anatomy for a set of
weights to a weighted average of the values of each ana-
tomical parameter of the seed anatomies. The MLG system
may use various techniques for generating the sets of
weights, such as defining a fixed interval (e.g., 0.001),
randomly selecting weights that add to 1.0, using a design-
of-experiments technique, and so on. The MLG system may
also validate the simulated anatomies based on comparison
of the anatomical parameters to actual anatomical param-
eters of actual patients. For example, if the combination of
a height, width, and depth of a heart chamber results in a
volume that has not been seen in an actual patient (e.g., not
found in a patient population), then the MLG system may
discard that simulated anatomy as it is unlikely to appear in
an actual patient.

[0078] In some embodiments, the MLG system may
employ a bootstrapping technique to speed up the generating
of the modeled EM output based on the arrhythmia models.
Since a mesh for a left ventricle may have 70,000 vertices,
a simulation to generate the modeled EM output for an
arrhythmia model for the left ventricle would require the
calculation of 70,000 values per EM mesh. If the simulation
is for three seconds with a step size of 1 ms, then 70x10°
values for the vertices would need to be calculated. If the
arrhythmia model library includes a million arrhythmia
models, then the number of values that need to be calculated
would be 70x10'2. In addition, the calculation of a single
value may involve many mathematical operations, and mul-
tiple values may be calculated for each vertex. To help
reduce the number of values that need to be calculated, the
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MLG system effectively shares some of the values for the
EM meshes generated for one simulation based on one
arrhythmia model with another simulation that is based on
another arrhythmia model. For example, when a simulation
is started, it may take approximately one second before some
of the values of the EM mesh have an appreciable effect on
the values. For example, at the one-second point in simu-
lations, the EM meshes for simulations based on arrhythmia
models with the same source configuration except for scar or
fibrosis or pro-arrhythmic substrate location may have very
similar values. To reduce the number of values that need to
be calculated, the MLG system groups together arrhythmia
models with source configurations that are the same or
nearly the same except for their scar or fibrosis or pro-
arrhythmic substrate locations. The groupings may also not
factor in conduction velocity and action potential param-
eters. The MLG system then runs the simulation for a
representative arrhythmia model of the group (e.g., one
without a scar or fibrosis or pro-arrhythmic substrate loca-
tion). To run the simulations for the other arrhythmia mod-
els, the MLG system sets the values of the initial EM meshes
to the values of the EM mesh at the one-second point in the
simulation for the representative arrhythmia model. The
MLG system then runs the other simulations for two seconds
starting with the values of the initial EM mesh. The modeled
EM output for each other arrhythmia model includes the EM
meshes for the first second of the representative arrhythmia
model and the EM meshes for the two seconds of that other
arthythmia model. In this way, the MLG system can sig-
nificantly reduce the number of values (e.g., approximately
by one-third) that need to be calculated during some of the
simulations, which can significantly speed up the generating
of the model EM output or voltage solutions for an arrhyth-
mia model library.

[0079] In some embodiments, the MLG system may
employ other bootstrapping techniques to speed up the
generating of modeled EM output. One bootstrapping tech-
nique may allow for rapid generation for different configu-
ration parameters such as different geometries, different
action potentials, and different conductivity parameters. For
example, for a given focal or rotor source location and a set
of set of other configuration parameters, a simulation may be
run for two seconds. The EM mesh from that simulation is
then modified based on a different geometry, or the model
parameters are adjusted based on different action potentials
or conductivity parameters. The simulation is then contin-
ued. It may take a second or so for the activation potentials
to stabilize based on the different configuration parameters.
Another bootstrapping technique speeds up the generation
for a rotor anchored to a different scar location. For example,
for a given anchoring scar location, the simulation may be
run for two seconds. After the first second, the rotor may
stabilize anchored to the scar location. During the second
second, sufficient modeled EM output is simulated to gen-
erate a cardiogram. The EM mesh from that simulation is
then modified to have the anchoring scar location moved
nearby and possibly modified based on a different geometry.
The simulation is then continued. The simulation will allow
the rotor to detach from the prior anchoring scar location and
attach to the new anchoring scar location. Once attached, the
modeled EM output for the next second or so can be used to
generate ECGs or VCGs. Also, rather than modifying the
anchoring scar location, an ablation shape and pattern can be
added to the EM mesh to simulate the effect of that ablation,
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or the configuration of the anchoring scar may be modified
to rapidly simulate the effect of that configuration.

[0080] Insome embodiments, the MLG system may speed
up the generating of derived EM data that is derived from the
modeled EM outputs generated for the arrhythmia models of
the arrhythmia model libraries. The derived EM data may be
a VCG (or other cardiogram) generated from a modeled EM
output (e.g., 3,000 EM meshes). The MLG system may
group together arrhythmia models with source configura-
tions that have similar anatomical parameters. Each arrhyth-
mia model in a group will thus have similar electrophysi-
ology parameters and different anatomical parameters. The
MLG system then runs the simulation for a representative
arrhythmia model of the group. The MLG system, however,
does not need to run the simulations for the other arrhythmia
models in the group. To generate the VCG for one of the
other arrhythmia models, the MLG system inputs the mod-
eled EM output of the representative arrhythmia model and
the anatomical parameters of the other arrhythmia model.
The MLG system then calculates the VCG values for the
other arrhythmia model based on the values of the modeled
EM output with adjustments based on differences in the
anatomical parameters of the representative arrhythmia
model and the other source configuration. In this way, the
MLG system avoids running any simulations except for the
representative arrhythmia model of each group of arrhyth-
mia models.

[0081] In some embodiments, the MLG system converts
the arrhythmia models based on one polyhedral model to
arrhythmia models based on another polyhedral model.
Different finite-mesh problem solvers may be based on
different polyhedral models. For example, one polyhedral
model may be a hexahedral model, and another polyhedral
model may be a tetrahedral model. With a hexahedral model,
a mesh is filled with hexahedrons. With a tetrahedral model,
a mesh is filled with tetrahedrons. If an arrhythmia model
library is generated based on a hexahedral model, that
arrhythmia library cannot be input to a tetrahedral problem
solver. A separate arthythmia model library based on a
tetrahedral model could be generated based on the source
configurations, but it would be computationally expensive to
do so. To reduce this computational expense of generating a
tetrahedral arrhythmia model library, the MLG system con-
verts hexahedral arrhythmia models to tetrahedral arrhyth-
mia models. To convert a tetrahedral arrhythmia model, the
MLG system generates a surface representation of the
tetrahedral arrhythmia model, for example, based on the
surface faces of the mesh of the hexahedral arrhythmia
model. The MLG system then populates the volume formed
by the surface representation with tetrahedrons to generate a
tetrahedral mesh. The MLG system then generates a value
for each vertex of the tetrahedral mesh by interpolating the
values of the vertices of the hexahedral mesh that are
proximate to that vertex of the tetrahedral mesh. In this way,
the MLG system can use an arrhythmia model library for
one type of polyhedron to generate an arrhythmia model
library for another type of polyhedron and avoid the com-
putational expense of generating the arrhythmia model
library for the other type of polyhedron from source con-
figurations. The MLG system may also convert an arrhyth-
mia model from one polyhedral model to another polyhedral
model for display of the electromagnetic source. For
example, the MLG system may run a simulation using a
hexahedral ventricular mesh and then, for display, convert to
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a surface-triangle ventricular mesh to provide a more real-
istic looking display of the ventricle.

[0082] FIG. 11 is a block diagram illustrating components
of the MLG system in some embodiments. The MLLG system
1100 includes a generate model library component 1101, a
generate simulated anatomies component 1102, a generate
simulated anatomy component 1103, a generate source
configurations component 1104, a generate model compo-
nent 1105, a display simulated anatomy component 1106, a
generate voltage solution for representative component
1107, a generate voltage solution for group component 1108,
an approximate VCGs component 1109, and a convert
polyhedral model component 1110. The MLG system also
includes a model library 1111 that stores arrhythmia models,
a seed anatomy library 1112, which stores seed anatomies
(for example, of a heart), and a simulated anatomy library
1113, which stores simulated anatomies (for example, of a
heart). The generate model library component controls the
overall generation of the model library. The generate simu-
lated anatomies component generates the simulated anato-
mies for various sets of weights by invoking the generate
simulated anatomy component for each set of weights. The
generate source configurations component generates various
source configurations based on the simulated anatomies and
possible values for electrophysiology parameters. The gen-
erate model component generates a model based on a source
configuration. The display simulated anatomy component
may provide an application programming interface or a user
experience for specifying the sets of weights and viewing
seed and simulated anatomies. The generate voltage solution
for representative component generates a voltage solution
for a representative source configuration of a group. The
generate voltage solution for group component generates
voltage solutions for source configurations in a group based
on bootstrapping using the voltage solution for a represen-
tative source configuration. The approximate VCGs compo-
nent generates an approximate VCG based on a voltage
solution for similar source configuration but with different
anatomical parameters. The convert polyhedral model com-
ponent converts a hexahedral model to a tetrahedral model.

[0083] FIG. 12 is a block diagram that illustrates the
generating of a simulated anatomy from seed anatomies. In
this example, seed anatomies 1201-1206 are used to gener-
ate a simulated anatomy 1210. Each seed anatomy has an
associated weight that specifies the contribution of the seed
anatomy to the simulated anatomy. The weights may sum to
1.0. In some embodiments, rather than a single weight for
each seed anatomy, the MLG system may employ a weight
for each anatomy parameter of the seed geometry. For
example, the weights may include a weight for dimensions
of a heart chamber, a weight for the thickness of a heart wall,
and so on. The weights for an anatomy parameter of the seed
anatomies may sum to 1.0. For example, the weights of seed
anatomies 1201-1206 may be 0.1, 0.1, 0.1, 0.1, 0.3, and 0.3,
respectively, for the dimensions of the left ventricle and 0.2,
0.2,0.2,0.2, 0.1, and 0.1, respectively, for the thickness of
an endocardium, myocardium, and epicardium. Alterna-
tively, the weights for the seed anatomies or an anatomical
parameter of the seed anatomies need not sum to 1.0.

[0084] FIG. 13 is a display page that illustrates a user
experience for viewing simulated anatomies in some
embodiments. A display page 1300 includes a graphics area
1310, a weights area 1320, and an options area 1330. The
graphics area displays a graphic of each seed anatomy of a
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heart and the weights along with a graphic of the simulated
anatomy of the heart based on those weights. A user can use
the weights area to specify the weight of each seed anatomy.
The user may use the options area to add additional seed
anatomies, delete a seed anatomy, and specify weight rules
based on a user interface (not illustrated) for each option.
The MLG system may specify a data structure for storing the
anatomical parameters of a seed anatomy. A user can upload
the data structure when adding a new seed anatomy. The
MLG system may also allow a user to create a library of seed
anatomies that can be used to generate simulated anatomies.
A weight rule specifies how to generate sets of weights for
a library of simulated anatomies. For example, a weight rule
may specify to generate every combination of sets of unnor-
malized weights that range between 0.0 and 1.0 in incre-
ments of 0.2 and then normalize the weights so that the
weights in each set of weights sums to 1.0. Given this weight
rule and six seed anatomies, 5x10° sets of weights are
specified. The graphics may be generated using a 3D com-
puter graphics software toolset such as Blender.

[0085] FIG. 14 is a flow diagram that illustrates the
processing of a generate model library component of the
MLG system in some embodiments. The generate model
library component 1400 is invoked to generate a model
library, such as an arrhythmia model library, based on seed
anatomies and, for each model, a set of weights for the seed
anatomies for generating the anatomical parameters along
with electrophysiology parameter specifications that specify
the range of values for each electrophysiology parameter.
The component generates source configurations from com-
binations of the anatomical parameters and electrophysiol-
ogy parameters. In block 1401, the component invokes a
generate simulated anatomies component to generate the
simulated anatomies from the seed anatomies. In block
1402, the component invokes a generate source configura-
tions component to generate the source configurations based
on the anatomical parameters of the simulated anatomies
and the electrophysiology parameter specifications. In
blocks 1403-1406, the component loops, generating a model
for each source configuration. In block 1403, the component
selects the next source configuration i. In decision block
1404, if all the source configurations have already been
selected, then the component completes, else the component
continues at block 1405. In block 1405, the component
invokes a generate model component, passing an indication
of the source configuration i, to generate a model (model[i])
for that source configuration. In block 1406, the component
adds the generated model to the model library and then loops
to block 1403 to select the next source configuration.

[0086] FIG. 15 is a flow diagram that illustrates the
processing of a generate simulated anatomies component of
the MLG system in some embodiments. The generate simu-
lated anatomies component 1500 is invoked to generate
simulated anatomies based on seed anatomies and associated
sets of weights. In block 1501, the component selects the
next set of weights 1. In decision block 1502, if all the sets
of weights have already been selected, then the component
completes, else the component continues at block 1503. In
block 1503, the component invokes the generate simulated
anatomy component, passing an indication of the selected
set of weights i and receiving an indication of the anatomical
parameters for the simulated anatomy. In block 1504, the
component stores the anatomical parameters and then loops
to block 1501 to select the next set of weights.
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[0087] FIG. 16 is a flow diagram that illustrates the
processing of a generate simulated anatomy component of
the MLG system in some embodiments. The generate simu-
lated anatomy component 1600 is invoked, passing an
indication of a set of weights, and generates a simulated
anatomy based on that set of weights. In block 1601, the
component selects the next anatomical parameter i. In deci-
sion block 1602, if all the anatomical parameters have
already been selected, then the component returns an indi-
cation of the anatomical parameters for the simulated
anatomy, else the component continues at block 1603. In
block 1603, the component initializes the selected anatomi-
cal parameter i. In blocks 1604-1606, the component loops,
adjusting the selected anatomical parameter based on the
weights and the value for that anatomical parameter for each
seed anatomy. In block 1604, the component selects the next
seed anatomy j. In decision block 1605, if all the seed
anatomies have already been selected, then the component
loops to block 1601 to select the next anatomical parameter,
else the component continues at block 1606. In block 1606,
the component sets the selected anatomical parameter i to
the sum of the selected anatomical parameter i and that
anatomical parameter i for the selected seed anatomy j
divided by the weight for the selected seed anatomy. The
component then loops to block 1604 to select the next seed
anatomy.

[0088] FIG. 17 is a flow diagram that illustrates the
processing of a generate source configurations component of
the MLG system in some embodiments. The generate source
configurations component 1700 is invoked to generate
source configurations for use in generating a model library.
A source configuration is specified by a simulated anatomy
and a combination of values of anatomical parameters. In
block 1701, the component selects a next simulated
anatomy. In decision block 1702, if all the simulated anato-
mies have already been selected, then the component com-
pletes, else the component continues at block 1703. In
blocks 1703-1707, the component loops, selecting sets of
anatomical parameters for the selected simulated anatomy.
In block 1703, the component selects the next value for the
fiber architecture anatomical parameter. In decision block
1704, if all the values for the fiber architecture anatomical
parameter have already been selected for the selected simu-
lated anatomy, then all the source configurations for the
selected simulated anatomy have been generated and the
component loops to block 1701 to select the next simulated
anatomy, else the component continues to select a value for
each of the other anatomical parameters, as illustrated by the
ellipsis. In block 1705, the component selects the next
source location for the selected simulated anatomy and set of
values for the other anatomical parameters. In decision block
1706, if all the source locations have already been selected
for the selected simulated anatomy and set of values for the
other anatomical parameters, then the component loops to
block 1705 to select a new set of values. In block 1707, the
component stores an indication of the selected simulated
anatomy and the set of selected values for the anatomical
parameters as a source configuration and then loops to block
1705 to select the next source location.

[0089] FIG. 18 is a flow diagram that illustrates the
processing of a generate model component of the MLG
system in some embodiments. The generate model compo-
nent 1800 is invoked, passing an indication of a source
configuration 1, and generates a model. The model includes
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one or more model parameters for each vertex of a mesh
representing the sinulated anatomy of the source configu-
ration. In block 1801, the component generates the mesh
based on the anatomical parameters. The mesh may be
represented by a data structure that includes, for each vertex,
a reference to its adjacent vertices explicitly or implicitly
along with a value for one or more model parameters for use
in generating, for example, a voltage for that vertex. In block
1802, the component selects the next vertex j. In decision
block 1803, if all the vertices have already been selected,
then the component completes, else the component contin-
ues at block 1804. In block 1804, the component selects the
next model parameter k of the computational model for the
selected vertex. In decision block 1805, if all the model
parameters have already been selected, then the component
loops to block 1802 to select the next vertex, else the
component continues at block 1806. In block 1806, the
component calculates the selected model parameter k for the
selected vertex j based on the source configuration i and then
loops to block 1804 to select the next model parameter.

[0090] FIG. 19 is a flow diagram that illustrates the
processing of a display simulated anatomy component of the
MLG system in some embodiments. The display simulated
anatomy component 1900 is invoked to display a simulated
anatomy that has been generated based on seed anatomies.
In block 1901, the component displays a simulated repre-
sentation of a simulated anatomy, such as graphic 1311. In
blocks 1902-1906, the component loops, displaying a seed
representation of each seed anatomy. In block 1902, the
component selects the next seed anatomy that was used to
generate the simulated anatomy. In decision block 1903, if
all the seed anatomies have already been selected, then the
component continues at block 1907, else the component
continues at block 1904. In block 1904, the component
displays a seed representation of the selected seed anatomy,
such as graphics 1301-1306. In block 1905, the component
displays an arrow from the seed representation to the simu-
lated representation. In block 1906, the component displays
the weight associated with the seed anatomy adjacent to the
arrow and then loops to block 1902 to select the next seed
anatomy. In decision block 1907, if a user indicates to
change the weight, then the component continues at block
1908, clse the component completes. In block 1908, the
component displays a new simulated representation of a
simulated anatomy that is based on the changed weight. The
component may invoke the generate simulated anatomy
component to generate the simulated anatomy and a com-
ponent to generate the graphic for the simulated anatomy. In
block 1909, the component displays the changed weight
near the arrow from the seed representation of the seed
anatomy whose weight has been changed and then com-
pletes.

[0091] FIG. 20 is a block diagram that illustrates the
process of bootstrapping a simulation based on an EM mesh
of a prior simulation with similar anatomical parameters.
The simulation may be bootstrapped based on a prior
simulation that in turn is based on an arrhythmia model for
the same source configuration except for different scar or
fibrosis or pro-arrhythmic substrate locations. To generate
the initial EM mesh, a generate simulation component 2020
inputs an arrhythmia model 2010 with a first scar or fibrosis
or pro-arrhythmic substrate location and outputs a voltage
solution 2030. The generate simulation component 2020
includes an initialize mesh to default component 2021 and a
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run simulation component 2022. The initialize EM mesh
component initializes an EM mesh with default values for
the voltages of the vertices. The run simulation component
2022 runs a simulation (e.g., for 3 seconds) based on the
initialized EM mesh and the arrhythmia model 2010 to
generate a voltage solution (e.g., 3,000 EM meshes) and
outputs the voltage solution 2030. To bootstrap a simulation,
a generate simulation component 2060 inputs an arrhythmia
model 2050 with a second scar or fibrosis or pro-arrhythmic
substrate location and outputs a voltage solution 2070. The
generate simulation component 2060 includes an initialize
EM mesh based on voltage solution component 2061 and a
run simulation component 2062. The initialize EM mesh
based on voltage solution component 2061 inputs the volt-
age solution 2030 and initializes the EM mesh to, for
example, the EM mesh corresponding to the one-second
point of the voltage solution 2030. The run simulation
component 2062 runs a simulation based on the initialized
EM mesh. For example, if the simulations are three seconds
and the initialized EM mesh is based on an EM mesh at the
one-second point, then the run simulation component 2062
runs a simulation for two additional seconds. The run
simulation component 2062 stores the voltage solution in a
voltage solution store 2070.

[0092] FIG. 21 is a flow diagram that illustrates the
processing of a component to generate a voltage solution for
a representative arrhythmia model of a group of the MLG
system in some embodiments. The generate voltage solution
for representative component 2100 generates a voltage solu-
tion for an arrhythmia model i. In block 2101, the compo-
nent initializes an index j to track the number of simulation
steps. In decision block 2102, if the index j is greater than
the number of simulation steps. then the component com-
pletes, indicating the voltage solution, else the component
continues at block 2103. In block 2103, the component
applies the computational model based on the arrhythmia
model and the selected simulation step to generate a voltage
solution for the selected simulation step. In block 2104, the
component increments to the next simulation step and loops
to block 2102.

[0093] FIG. 22 is a flow diagram that illustrates the
processing of a generate voltage solution component for a
group of arrhythmia models based on a representative volt-
age solution of the MLG system in some embodiments. The
generate voltage solution for group component 2200 is
passed an indication of a representative voltage solution and
a set of arrhythmia models. In block 2201, the component
selects the next arrhythmia model i. In decision block 2202,
if all the arrhythmia models have already been selected, then
the component completes, else the component continues at
block 2203. In block 2203, the component initializes the
voltage solution for the selected arrhythmia model to the
representative voltage solution for the first 1000 simulation
steps. In blocks 2204-2206, the component loops, running
the simulation starting at simulation step 1001 and continu-
ing to the end of the simulation. In block 2204, the com-
ponent selects the next simulation step j, starting at simu-
lation step 1001. In decision block 2205, if the current
simulation step is greater than the number of simulation
steps, then the component loops to block 2201 to select the
next arrhythmia model, else the component continues at
block 2206. In block 2206, the component applies the
arrhythmia model based on the simulation step to generate
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a voltage solution for the simulation step and then loops to
block 2204 to select the next simulation step.

[0094] FIG. 23 is a block diagram that illustrates the
process of approximating a vectorcardiogram based on a
voltage solution for an arrhythmia model with different
anatomical parameters. To generate the voltage solution for
an arrhythmia model 2301 based on a first set of anatomical
parameters, a generate simulation component 2302 inputs
the arrhythmia model and outputs a voltage solution 2303.
A generate VCG component 2304 then generates a VCG
from the voltage solution and stores it in a VCG store 2305.
To approximate a VCG for an arrhythmia model based on a
similar source configuration but with different anatomical
parameters, an approximate VCG component 2314 inputs an
arrhythmia model 2311, generates an approximate VCG, and
outputs the VCG 2315.

[0095] FIG. 24 is a flow diagram that illustrates the
processing of an approximate VCG component of the MLG
system in some embodiments. The approximate VCG com-
ponent 2400 inputs a voltage solution (“VS17) generated
based on a first arrhythmia model with first anatomical
parameters and approximates a VCG for a second arrhyth-
mia model with second anatomical parameters. In block
2401, the component sets an index i for indexing through the
simulation steps. In decision block 2402, if index i is greater
than the number of simulations steps, then the component
continues at block 2408, else the component continues at
block 2403. In block 2403, the component sets an index j for
indexing through the points (e.g., vertices or Gaussian
points) of the mesh of an arrhythmia model. In decision
block 2404, if index j is greater than the number of points,
then the component continues at block 2407, else the com-
ponent continues at block 2405. In block 2405, the compo-
nent sets the value for the voltage solution (“VS2”) for the
second arrhythmia model at the index simulation step and
point to the corresponding value for the voltage solution of
the first arrhythmia model. In block 2405, the component
increments index j and loops to block 2404. In block 2407,
the component increments index 1 and loops to block 2402.
In block 2408, the component generates the VCG for the
second arrhythmia model based on the generated voltage
solution VS2 and then completes.

[0096] FIG. 25 is a block diagram that illustrates the
process of converting an arrhythmia model based on a first
polyhedron to an arrhythmia model based on a second
polyhedron in some embodiments. A first polyhedron
arrhythmia model of a first polyhedron arrhythmia model
2501 is input to an extract surface component 2502. The
extract surface component extracts the surface of the mesh
of the arrhythmia model. A populate with second polyhe-
drons component 2303 inputs the surface and populates the
volume within the surface with the second type of polyhe-
drons. An interpolate model parameters component 2504
inputs the second polyhedron mesh and the first polyhedral
model and generates model parameters of the second poly-
hedral model and outputs the second polyhedral model
2505.

[0097] FIG. 26 is a flow diagram that illustrates the
processing of a convert polyhedral model component of the
MLG system in some embodiments. A convert polyhedral
model component 2600 is invoked to convert a hexahedral
model to a tetrahedral model. In block 2601, the component
extracts the surface from the hexahedral model. In block
2602, the component generates a tetrahedral mesh based on
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the surface of the hexahedral model. In block 2603, the
component maps the vertices of the tetrahedral mesh to the
space of the hexahedral mesh of the hexahedral model, for
example, setting the locations of the vertices relative to the
same origin. In block 2604, the component selects the next
vertex j of the tetrahedral mesh. In decision block 2605, if
all such vertices have already been selected, then the com-
ponent completes, else the comporent continues at 2606. In
block 2606, the component selects the next model parameter
k. In decision block 2607, if all the model parameters have
already been selected for the selected vertex, then the
component loops to block 2604 to select the next vertex, else
the component continues to block 2608. In block 2608, the
component sets the selected model parameter based on
interpolation of the values of the selected model parameter
of neighboring vertices in the hexahedral model. The com-
ponent then loops to block 2606 to select the next model
parameter.

Patient Matching System

[0098] Methods and systems for identifying attributes or
classification of an EM source within a body based on
patient matching that is matching a patient source configu-
ration to model source configurations of the EM source are
provided. In some embodiments, a patent matching (“PM”)
system uses the matching model source configurations to
speed up the process of identifying the attributes for the
patient or to provide a more accurate classification for the
patient using a classifier. To identify an attribute (e.g.,
arrhythmia source location) for a patient, the PM system
generates a mapping of each model source configuration
used to generate simulated (or modeled) EM output to the
derived EM data that is derived from the simulated EM
output generated based on that model source configuration.
Bach derived (or modeled) EM data is also mapped to an
attribute associated with the EM source having the model
source configuration. For example, when the EM source is
a heart, the model source configurations include configura-
tion parameters such as anatomical parameters and electro-
physiology parameters. The configuration parameters may
include the source location of an arrhythmia, a rotor type,
type of disorder or condition, and so on. One of the con-
figuration parameters, such as arrhythmia source location,
may be designated as an attribute parameter, which repre-
sents the attribute to be identified for a patient. The PM
system generates the mappings of model source configura-
tions to modeled VCGs and generates the mappings of
modeled VCGs to their corresponding source location of the
arrhythmia. The mappings of modeled VCGs to source
locations may be generated in a manner similar to how the
training data is generated by the MLMO system with the
attribute corresponding to the label.

[0099] In some embodiments, the PM system uses the
mappings to identify the attribute for a patient based on a
combination of the patient source configuration of the
patient and a patient VCG of the patient. The attribute can
be identified by comparing the patient VCG to each modeled
VCG to identify the most similar modeled VCG and by
identifying the attribute of that most similar modeled VCG
as the patient attribute of the patient. It can, however, be
computationally very expensive to compare the patient VCG
to each modeled VCG because the number of modeled
VCGs may be in the millions. The PM system may employ
various techniques to reduce the computational expense.
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With one technique, the PM system uses the patient source
configuration to reduce the number of modeled VCGs to
which the patient VCG needs to be compared. The PM
system may allow a user to provide the patient source
configuration for a patient. It would be preferable if a value
for each configuration parameter of the patient source con-
figuration could be provided. In practice, however, it may be
that the values of only certain configuration parameters are
known for a patient. In such cases, the PM system performs
the comparison based on the known values of the configu-
ration parameters, rather than all the configuration param-
eters. The anatomical parameters for a patient may be
calculated based on imaging scans. The action potentials
may be calculated based on output of a basket catheter
inserted into the patient’s heart or the patient’s history of
anti-arrhythmic drug or gene therapy, and the conductivity
may be calculated based on analysis of the patient’s ECG.
The configuration parameters may also include electrophysi-
ology parameters to indicate whether the action potential
and/or conductivity represents a diseased state. In such a
case, if the action potential or conductivity of a patient is not
available, the configuration parameters indicate whether the
action potential or conductivity represent a disease state. The
PM system may use various techniques to assess the simi-
larity between a patient source configuration and a model
source configuration such as one based on least squares,
cosine similarity, and so on. The PM system may generate
a similarity score for each model source configuration and
identify as matching model source configurations those with
a similar score that is above a matching threshold.

[0100] In some embodiments, after the matching model
source configurations are identified, the PM system com-
pares the patient VCG to the modeled VCGs to which the
matching model source configurations are mapped. The PM
system may generate a similar score for each modeled VCG
(e.g., using a Pearson correlation technique) and identify as
matching modeled VCGs those with a similarity score above
a threshold similarity. The PM system then identifies the
attribute(s) for the patient based on the attributes of the
matching modeled VCGs. For example, if the attribute is
source location of an arrhythmia, the PM system may
generate an average of the source locations weighted based
on the similar scores of the matching model VCGs. In this
way, the PM system avoids the computational expense of
comparing a patient VCG to every modeled VCG.

[0101] Insome embodiments, the PM system may employ
other techniques for reducing the computational expense of
comparing the patient VCG to every modeled VCG. For
example, the PM system may identify features of VCGs
such as area, maximum dimensions, and so on. The PM
system then may generate an index that maps values of the
features to the modeled VCGs having those values. To
identify modeled VCGs that match a patient VCG, the PM
system identifies the features of the patient VCG and uses
the index to identify matching modeled VCGs. For example,
the PM system may identify for, each feature, a set of the
modeled VCGs that match that feature of the patient VCG.
The PM system can then identify the modeled VCGs that are
common to each set (e.g., intersection of the sets) or most
common to the sets as the matching modeled VCGs. The PM
system can then compare those matching modeled VCGs to
the patient VCG as described above to identify the attribute.

[0102] Insome embodiments, the PM system may employ
patient matching to improve the classification of VCGs
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based on a trained classifier. The PM system may generate
clusters of similar model source configurations using various
clustering techniques. The clustering techniques may
include a centroid-based clustering technique (e.g., k-means
clustering), a supervised or unsupervised learning clustering
technique (e.g., using a neural network), and so on. With a
centroid-based clustering technique, the PM system genet-
ates clusters by successively adding each model source
configuration to the current cluster of model source con-
figurations to which it is most similar. The PM system may
combine and split clusters dynamically, for example, based
on the number of model source configuration in each cluster,
the similarity of the model source configurations of one
cluster to another, and so on. After the clusters are identified,
the PM system may employ components of the MLMO
system to generate a classifier for each cluster. The PM
system trains the classifier for a cluster based on the modeled
VCGs for the model source configurations of that cluster as
the training data for the classifier.

[0103] In some embodiments, to generate a classification
for a patient, the PM system identifies the cluster with model
source configurations that best matches the patent source
configuration. For example, the PM system may generate a
similarity score for each cluster based on similarity between
a representative model source configuration (e.g., with aver-
age values of a cluster) of that cluster and the patient source
configuration. The PM system then selects the classifier for
the cluster with the highest similarity score and applies that
classifier to the patient VCG to generate the classification for
the patient. Because each classifier is trained based on a
cluster of similar model source configurations, each classi-
fier is adapted to generate classifications based only on the
differences, which may be subtle, in those similar model
source configurations. In contrast, a classifier trained based
on all model source configurations may not be able to factor
in subtle differences between similar model source configu-
rations. As such, a classifier trained based on a cluster of
similar model source configurations may provide a more
accurate classification than a classifier trained based on all
model source configurations.

[0104] In some embodiments, the PM system may gener-
ate the modeled EM output for the model source configu-
rations assuming a standard orientation of a heart. If a
patient, however, has a heart with a somewhat different
orientation, then the matching modeled VCGs may not have
attributes or classifications that would apply to the patient
because of the differences in the orientations. In such a case,
the PM system may perform a VCG rotation prior to
comparing the patient VCG to the modeled VCGs. The PM
system may rotate either each modeled VCG or the patient
VCG. The PM system may generate a rotation matrix based
on the difference in orientations. The PM system then
performs a matrix multiplication between each point (e.g., X,
y, and z values) of a VCG and the rotation matrix (e.g., a
3-by-3 matrix) to generate a rotated point for the rotated
VCG. The MLMO system may also rotate VCGs based on
difference in orientations.

[0105] FIGS. 27-30 are flow diagrams that illustrates the
processing of components of the PM system in some
embodiments. FIG. 27 is a flow diagram that illustrates the
processing of an identify attributes component of the PM
system in some embodiments. The identify attributes com-
ponent 2700 identifies patient attributes of a patient based on
a patient source configuration and a patient cardiogram (e.g.,
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the VCG). In block 2701, the component invokes the gen-
erate simulated VCGs component of the MLMO system to
generate the modeled VCGs and then maps them to the
model source configurations from which they were gener-
ated. Tn block 2702, the component retrieves the patient
source configuration and the patient VCG. In block 2703, the
component invokes the identify matching VCGs component
passing an indication of the patient source configuration and
the patient VCG to identify patient attributes based on the
matching VCGs. In block 2704, the component presents the
patient attributes to inform treatment on the patient and then
completes.

[0106] FIG. 28 is a flow diagram that illustrates the
processing of an identify matching VCGs component of the
PM system in some embodiments. The identify matching
VCGs component 2700 is passed a patient source configu-
ration and a patient VCG and identifies the patient attributes.
In block 2801, the component selects the next mapping of a
model source configuration to a modeled VCG. In decision
block 2802, if all the mappings have already been selected,
then the component completes indicating the patient attri-
butes, else the component continues at block 2803. In
decision block 2003, if the selected model source configu-
ration matches the patient source configuration, then the
component continues at block 2804, else the component
loops to block 2801 to select the next mapping. In decision
block 2804, if the modeled VCG for the selected mapping
matches the patient VCG, then the component continues at
block 2805, else the component loops to block 2801 to select
the next mapping. In block 2805, the component adds the
attribute for the selected modeled VCG to the patient attri-
butes and then loops to block 2801 to select the next
mapping. In some embodiments, the PM system may
include components to identify other types of matching
measurements such as an EEG and measurements corre-
sponding to those collected by a body surface vest, a basket
catheter, a cap worn by a patient, and so on.

[0107] FIG. 29 is a flow diagram that illustrates the
processing of an identify classes based on clustering com-
ponent of the PM system in some embodiments. The identify
classes based on clustering component 2900 identifies the
classes for a patient based on classifiers trained using
clusters of similar model source configurations. In block
2901, the component invokes a generate cluster classifiers
component to generate classifiers for clusters of similar
model source configurations. In block 2902, the component
receives a patient source configuration and a patient VCG. In
blocks 2903-2908, the component loops selecting clusters to
identify the cluster with model source configurations that are
most similar to the patient source configuration. In block
2903, the component initializes the variable to track the
maximum similarity calculated so far. In block 2904, the
component selects the next cluster. In decision block 2905,
if all the clusters have already been selected, then the
component continues at block 2909, else the component
continues at block 2906. In block 2906, the component
invokes a calculate similarity component to calculate the
similarity between the model source configurations of the
selected cluster and the patient source configuration. In
decision block 2907, if the similarity is greater than the
maximum similarity calculated so far, then the component
continues at block 2908, else the component loops to block
2904 to select the next cluster. In block 2908, the component
sets the maximum similarity to the similarity calculated for
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the selected cluster and sets a variable to indicate the index
of the cluster with the maximum similarity calculated so far.
The component then loops to block 2904 to select the next
cluster. In block 2909, the component invokes a classify
based on cluster component to identify the classes for the
patient VCG based on the cluster with the maximum simi-
larity. The classify based on cluster component may corre-
spond to the classify component of the MLMO system that
has been adapted to input the classifier to use. The compo-
nent then completes indicating the classes.

[0108] FIG. 30 is a flow diagram that illustrates the
processing of a generate cluster classifiers component of the
PM system in some embodiments. The generate cluster
classifiers component 3000 is invoked to cluster the model
source configurations and generate a classifier based on each
cluster. In block 2001, the component generates the clusters
of the model source configurations. In block 3002, the
component selects the next cluster. In decision block 3003,
if all the clusters have already been selected, then the
component completes indicating the classifiers, else the
component continues at block 3004. In block 3004, the
component invokes a generate classifier component of the
MLMO system passing an indication of the model source
configurations of the selected cluster to generate a classifier
for that cluster. The component then loops to block 3002 to
select the next cluster.

Machine Learning Based on Clinical Data

[0109] Methods and systems are provided to adapt the
MLMO system to generate classifiers based on actual patient
data. In some embodiments, a machine learning based on
clinical data (“MLCD”) system is provided that generates
(1) a patient classifier based on patient training data asso-
ciated with actual patients using transference of model
classifier weights and (2) generates a patient-specific model
classifier based on model training data that is selected based
on similarity to a patient. The patient classifier is generated
by a patient classifier system of the MLCD system, and
patient-specific model classifier is generated by a patient-
specific model classifier system. The term “patient classi-
fier” refers to a classifier that is generated based on patient
training data generated based on data of patients, and the
term “model classifier” refers to a classifier that is generated
based on model training data generated based on a compu-
tational model of an EM source.

Patient Classifier System

[0110] In some embodiments, the patient classifier (“PC”)
system generates a patient classifier for classifying derived
EM data derived from EM output of an EM source within a
body. For example, the patent classifier classifies VCGs
derived from ECGs. The PC system accesses a model
classifier such as one generated using the MLMO system.
The model classifier is generated using model training data
generated using a computational model of an EM source.
The model classifier includes model classifier weights that
are learned when the model classifier is trained such as the
weights of the activation functions of a CNN. The PC system
also accesses patient training data that includes, for each of
a patient, patient derived EM data (e.g., VCGs) and a patient
classification for that patient such as rotor location and prior
ablation procedure outcome. An example prior ablation
procedure outcome may be that a patient was arrhythmia
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free for a certain time period after being ablated at a certain
location with a certain burn pattern. To train the patient
classifier, the PC system initializes patient classifier weights
of the patient classifier based on the model classifier weights
of the model classifier and then trains the patient classifier
with the patient training data and with the initialized patient
classifier weights. Normally, the weights of a classifier are
initialized to default values such as all to a certain value
(e.g., 0.0, 0.5, or 1.0) or to random values. The learning of
the weights for the classifier is thus considered to be from
“scratch.” The process of initializing the values of the
weights based on previously learned weights is referred to as
“transference” of knowledge. The knowledge gained by the
previous training of a prior classifier is transferred to the
training of a new classifier. The goal of transference is to
both speed up the training of and increase the accuracy of the
new classifier.

[0111] In some embodiments, the PC system uses the
patient classifier to classify patients. For example, when the
EM source is a heart, the PC system may receive a cardio-
gram (e.g., ECG or VCG) of a patient and apply the patient
classifier to that cardiogram. Depending on the patients
selected for training the patient classifier, the patient clas-
sifier may be a more accurate classifier than a model
classifier trained on model training data generated using a
computational model. Moreover, if the patient is similar to
the patients used to train the patient classifier, then the
accuracy of the classifier may be even more accurate. The
PC system may also identify clusters of similar patients and
train a separate patient classifier for each cluster, referred to
as a cluster patient classifier. The similarity of the patients
may be determined in various ways such as based on
comparison of various characteristics such one or more of
derived EM data (e.g., cardiograms) collected from the
patients, patient source configurations of the patients (e.g.,
anatomical parameters, electrical dynamic properties),
patient demographic information, and so on. The cluster
patient classifier for each cluster may be trained based on the
VCGs and corresponding labels of the patients in that
cluster. When a target patient is to be classified, the PC
system identifies the cluster of patients to which the target
patient is most similar. The PC system then applies the
cluster patient classifier of the identified cluster to VCG of
the target patient.

Patient-Specific Model Classifier System

[0112] In some embodiments, a patient-specific model
classifier (“PSMC”) system generates a patient-specific
model classifier for classifying derived EM data of an EM
source within a body. The PSMC system identifies models
that are similar to a patient. The PSMC system identifies
similar models based on a patient-model similarity. The
patient-model similarity may be based on similarity between
model source configuration of a model and patient source
configuration of the patient and/or similarity between mod-
eled derived EM data (e.g., VCGs) of a model and corre-
sponding patient derived EM data of the patient. For
example, the PSMC system may base the similarity on
anatomical parameters (e.g., dimensions of a right ventricle),
certain electrophysiology parameters, and so on. The PSMC
system then may use the MLMO system to generate a
patient-specific model classifier using the model source
configurations of the similar models. The PSMC system may
generate the patent-specific model classifier by first applying
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a computational model of the EM source to generate mod-
eled EM output of the EM source based on the model source
configurations of the similar models. The PSMC system then
generates model training data that includes modeled derived
EM data (e.g., VCGs) from the generated modeled EM
output and labels for the models. Alternatively, if the model
training data has already been generated for the similar
models, then the PSMC system need not regenerate the
model training data. The PSMC system then trains the
patient-specific model classifier based on the model training
data.

[0113] In some embodiments, after a patient-specific
model classifier is generated, the PSMC system applies the
patient-specific model classifier to derived EM data (e.g.,
VCG) of the patient to generate a classification for the
patient. Because the patient-specific model classifier is
trained using model training data that is selected based on
the patient, the patient-specific model classifier provides
classification that is more accurate than a classification that
would be provided by a model classifier trained based on a
collection of model training data that is not specific to the
patient.

[0114] In some embodiments, the PSMC system may
generate a cluster-specific model classifier for a cluster of
target patients. To generate a cluster-specific model classi-
fier, the PSMC system identifies models that are overall
similar to the target patients of the cluster and then trains a
cluster-specific model classifier based on the similar models.
The PSMC system can then apply the cluster-specific model
classifier to generate a classification for the target patients of
the cluster. The PSMC system may also generate clusters of
target patients and generate a cluster-specific model classi-
fier for each cluster. The PSMC system can then generate a
classification for each target patient using the cluster-spe-
cific model classifier for the cluster to which that target
patient is a member. The PSMC system may even use a
cluster-specific model classifier to generate a classification
for a new target patient. The PSMC system identifies the
cluster to which a new target patient is most similar and
applies the cluster-specific model classifier for that identified
cluster to the patient derived EM data for the new target
patient to generate the classification for the new target
patient.

[0115] FIG. 31 is a block diagram that illustrates the
overall processing of a patient classifier system of a MLCD
system in some embodiments. Classifier components 3110
(i.e., components 3111-19) are similar to classifier compo-
nents 110 of FIG. 1. The term “model” has been inserted in
various components to emphasize that the components are
used to generate a classifier based on models represented by
simulated source configurations or parameter sets. Compo-
nents 3120 include a patient data store 3121, a generate
patient training data component 3122, a patient training data
store 3123, a train patient classifier component 3124, and a
patient classifier weights store 3125. The patient data store
may include ECGs collected from patients and correspond-
ing labels such as locations of a heart disorder. The generate
patient training data component generates patient training
data from the patient data, for example, by generating VCGs
from the ECGs and labeling the VCGs and storing the
training data in the patient training data store. The train
patient classifier component inputs the model classifier
weights from a model classifier weights store 3119 as
transference of knowledge from the model classifier and
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trains the patient classifier based on the patient training data.
The train patient classifier then stores the patient classifier
weights in the patient classifier weights store.

[0116] FIG. 32 is a flow diagram that illustrates the
processing of a generate patient classifier component of the
patient classifier system in some embodiments. The generate
patient classifier component 3200 generates a patient clas-
sifier for a collection of patients using transference of
knowledge from a model classifier. In block 3201, the
component invokes a generate classifier component to gen-
erate a model classifier based on model training data if the
model classifier has not already been generated. The gener-
ate classifier component generates model classifier weights
for the model classifier. In block 3202, the component
extracts the model classifier weights of the model classifier.
In block 3203, the component generates the patient training
data, for example, by generating VCGs and labeling the
VCGs. In block 3204, the component initializes the patient
classifier weights of the patient classifier to the model
classifier weights. In block 3205, the component invokes a
train classifier component to train a patient classifier based
on the patient training data and the initialized patient clas-
sifier weights. The component then completes.

[0117] FIG. 33 is a flow diagram that illustrates the
processing of a generate cluster patient classifier of the
patient classifier system in some embodiments. The generate
cluster patient classifier 3300 generates a cluster patient
classifier for clusters of patients. In block 3301, the com-
ponent generates clusters of patients, for example, based on
similarity of their clinical features, source configurations, or
VCGs. In block 3302, the component selects the next cluster.
In decision block 3303, if all the clusters have already been
selected, then the component completes, else the component
continues at block 3304. In block 3304, the component
invokes a generate patient classifier component passing an
indication of the selected cluster to generate a cluster patient
classifier for the patients in the selected cluster and then
loops to block 3302 to select the next cluster. When the
generate patient classifier component is invoked, it does not
need to generate a model classifier for each invocation
because it can reuse the same model classifier weights for
each invocation.

[0118] FIG. 34 is a block diagram that illustrates compo-
nents of a patient-specific model classifier system of a
MLCD system in some embodiments. The PSMC system
includes components 3410 (components 3411-19) are simi-
lar to components 110 of FIG. 1. The PSMC system also
includes an identify similar heart configurations component
3430 and an identify similar VCGs component 3440, which
represent two different embodiments of the PSMC system.
In a first embodiment, the identify similar hearts configu-
ration component inputs a patient heart configuration and
model heart configurations and identifies the model heart
configurations that are similar to the patient heart configu-
ration. The similar model heart configurations are then input
to the generate simulations component to generate the
voltage solutions and ultimately train the patient-specific
model classifier. In a second embodiment, the identify
similar VCGs component inputs a patient VCG and the
training data and identifies VCGs of the training data that are
similar to the patient VCG. The training data for the similar
VCGs is an input to the train PSMC classifier component
3418 to train the patient-specific model classifier. Although
not illustrated, the train PSMC classifier may use transfer-
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ence to initialize the PSMC classifier weights. Also, the first
and second embodiments may be both used to generate
training data based on similar heart configurations and then
select similar VCGs for training.

[0119] FIG. 35 is a flow diagram that illustrates processing
of a generate patient-specific model classifier component of
the PSMC system in some embodiments. The generate
patient-specific model component 3500 generates a patient-
specific model classifier for a target patient. In block 3501,
the component invokes an identify similar models compo-
nent passing an indication of the target patient to identify
similar models. In block 3502, the component generates
model training data based on the identified similar models.
The component may employ the MLMO system to generate
the training data based on the model heart configurations of
the identified similar models or, if already generated,
retrieve the training data based on similar VCGs. In block
3503, the component invokes the train classifier component
to train the patient-specific model classifier based on the
model training data for the similar models and then com-
pletes.

[0120] FIG. 36 is a flow diagram that illustrates the
processing of an identify similar models component of the
PSMC system in some embodiments. The identify similar
models component 3600 identifies models that are similar to
a patient. In block 3601, the component selects the next
model. In decision block 3602, if all the models have already
been selected, then the component completes indicating the
similar models, else the component continues at block 3603.
In block 3603, the component generates a similarity score
between the selected model and the patient. The patient-
model similarity score may be based on heart configurations,
cardiograms, or both. In decision block 3604, if the simi-
larity score is above a similarity threshold, then the com-
ponent continues at block 3605, else the component loops to
block 3601 to select the next model. In block 3605, the
component designates the model as similar to the patient and
loops to block 3601 to select the next model.

Patient-Specific Model Display

[0121] Methods and systems are provided to adapt the
MLMO system to support generating and displaying a
representation of an EM source of a patient that is based on
modeled EM output for a model that is similar to the patient.
In some embodiments, a patient-specific model display
(“PSMD”) system identifies a model for the EM source that
is deemed similar to the EM source of a patient. The PSMD
system then generates a graphical representation of patient’s
EM source based on clinical parameters for the patient such
as infarction and drug history. For example, if the EM source
is a heart, the PSMD system may generate a map represent-
ing an anatomical model of the patient’s heart. The PSMD
system then populates the map with display values that are
derived from the modeled EM output for the similar model.
For example, the PSMD system may select an EM mesh of
that modeled EM output and set each the value of each
vertex of the map based on the corresponding voltage of that
EM mesh. The PSMD system may also map the modeled
EM output from the polyhedral mesh used in the simulation
to another polyhedral mesh to produce a more realistic
looking display such as a hexahedral mesh to a surface-
triangle mesh. The PSMD system may set the values cor-
responding to high voltages to varying intensities of the
color red (or grey scale shading) and the values correspond-
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ing to low voltages to varying intensities of the color green.
As another example, the PSMD system may select a cycle
of the model EM output and set the values based on the
differences or delta between voltages of the first EM mesh
in the cycle and the last EM mesh in the cycle. The PSMD
system may also set the values based on an accumulation,
which may be weighted, of the deltas over successive EM
meshes in a cycle. The PSMD system then displays (e.g.,
using a rasterization technique) the map as the representa-
tion of activity of the patient’s EM source. The PSMD
system may also display an outlined image of a heart based
on the anatomical parameters of the patient. The outlined
image may illustrate boundaries of the chambers of the
heart.

[0122] In some embodiments, the PSMD system may
identify a model that is similar to a patient by comparing
model source configurations and modeled derived EM data
to the patient source configuration and the patent derived
EM data. The comparison may be based on the processing
represented by the processing of the identify matching
VCGs component illustrated in FIG. 28. That component,
however, may be adapted to generate a similarity score for
each matching VCG so that the PSMD system may select the
VCG, and thus the model, that is most similar to the patient.
Alternatively, the PSMD system may generate values for the
pixels of the map based on a weighted combination (e.g., an
average) of the values of the EM mesh for all the matching
models. The PSMD system may also weight the values
based on the similarity scores of the matching models.

[0123] In some embodiments, the PSMD system may
generate a sequence of maps for display as a video repre-
sentation of activation of patient’s EM source over time. For
example, the PSMD may divide the cycle into 30 display
intervals and generate a map for each display interval based
on values of an EM mesh corresponding to that display
interval. The PSMD system may then display the 30 maps in
sequence over the time of the cycle to provide a video based
on the actual cycle time or in sequence over a time longer
than the cycle to provide a slow-motion effect. The PSMD
system may also achieve a slow-motion effect by generating
more maps per second of simulation time than the maximum
frame rate for the display. For example, if the maximum
frame rate is 60 frames-per-second, then generating 120
maps per second of simulation will result in one second of
simulation time being displayed over two seconds. The
slowest and smoothest slow-motion effect may be achieved
by generating a map from the voltage solution for each
simulation time.

[0124] FIG. 37 is a block diagram that illustrates the
overall processing of a patent-specific model display system
in some embodiments. Components 3710 (i.e., components
3711-15) are similar to components 111-115 of FIG. 1.
Components 3720 include a collect ECG component 3721,
a generate VCG component 3722, an identify similar VCG
component 3723, a generate display representation compo-
nent 3724, and a display device 3725. The collect ECG
component receives an ECG for the patient whose heart is to
be represented by the output of the PSMD system. The
generate VCG component receives the patient’s ECG and
generates a VCG for the patient. The identify similar VCG
component compares the patient VCG to the modeled VCGs
of the VCG store to identify a modeled VCG that is similar
to the patient VCG. Similar VCGs may be identified based
on comparison of cycles of the VCGs. Thus, the identify
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similar VCG component may invoke an identify cycles
component to identify the cycles of each VCG. The generate
display representation component inputs the similar mod-
eled VCG and generates a display representation of the
patient’s heart based on the voltage solutions from which the
similar modeled VCG was derived. The generate display
representation component then outputs the display represen-
tation to the display device.

[0125] FIG. 38 is a flow diagram that illustrates the
processing of a generate patient heart display component of
the PSMD system in some embodiments. The generate
patient heart display component 3800 is provided a patient
VCG and a patient heart configuration and generates an
output representation of the patient’s heart. In block 3801,
the component invokes an identify matching VCGs compo-
nent of the patient matching system passing an indication of
the patient VCG and the patient heart configuration to
identify one or more matching VCGs. In block 3802, the
component identifies the closest matching of the VCGs. In
block 3803, the component identifies a cycle within the
closest matching VCG. In block 3804, the component
invokes the calculate display values component passing an
indication of the identified cycle to generate display values
for map. In block 3805, the component generates the display
representation by storing the display values in the map. In
block 3805, the component display values in the map to
represent an outline of the patient’s heart based on anatomi-
cal parameters of that patient. In block 3807, the component
outputs the map and completes.

[0126] FIG. 39 is a flow diagram that illustrates the
processing of a calculate display values component of the
PSMD system in some embodiments. The calculate display
values component 3900 is passed an indication of a cycle
and generates display values based on EM meshes of that
cycle. In block 3901, the component selects the first voltage
solution of the cycle. In block 3902, the component selects
another voltage solution of the cycle such as the last voltage
solution. In block 3903, the component selects the next
value of a voltage solution. In decision block 3904, if all the
values of already been selected, then the component con-
tinues at block 3906, else the component continues at block
3905. In block 3905, the component sets a delta value for the
selected value to the difference between the value for the
first voltage solution and the last voltage solution of the
cycle. The delta value may alternatively be weight accumu-
lation of the differences over a cycle. The component then
loops to block 3903 to select the next value of the voltage
solution. In block 3906, the component selects the next
display value of the map. In decision block 3907, if all the
display values have already been selected, then the compo-
nent completes indicating the display values, else the com-
ponent continues at block 3908. In block 3908, the compo-
nent identifies neighboring delta values that are near the
display value. In block 3910, the component sets the display
value to a function of the neighboring delta values and then
loops to block 3906 to select the next display value. The
function may take the average of the neighboring delta
values, a weighted average based on distance between the
location of the voltage solution and the location and the
patient heart that the display value represents, and so on.

Display of an Electromagnetic Force

[0127] Methods and systems for generating a visual rep-
resentation of an electromagnetic force generated by an
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electromagnetic source within a body is provided. In some
embodiments, an electromagnetic force display (“EFD”)
system generates a “surface representation” of the electro-
magnetic force from a sequence of vectors representing
magnitude and direction of the electromagnetic force over
time. For example, when the electromagnetic source is a
heart, the sequence of vectors may be a vectorcardiogram.
The vectors are relative to an origin, which may be located
within the electromagnetic source. To generate the surface
representation, the EFD system, for pairs of vectors adjacent
in time, identifies a region based on the origin and the pair
of vectors. For example, if a vector has the values (1.0, 2.0,
2.0) for its x, y, and z coordinates and the adjacent vector has
values (1.1, 2.0, and 2.0), then the region is the area bounded
by the triangle with the vertices at (0.0, 0.0, 0.0), (1.0, 2.0,
2.0), and (1.1, 2.0, and 2.0). The EFD system then displays
a representation of each region to form the surface repre-
sentation of the electromagnetic force. Since the regions will
unlikely lie in one plane, the EFD system may provide
shading or coloring to help illustrate that the regions lie in
different planes. The EFD system may also display a rep-
resentation of the electromagnetic source so that the surface
representation visually emanates from the electromagnetic
source. For example, the EFD system may display a heart
that is based on the anatomical parameters of a patient from
whom the VCG was collected. When the electromagnetic
force has cycles, the regions for a cycle form a surface
representation for that cycle. The EFD system may simul-
taneously display surface representations for multiple
cycles. For example, when the electromagnetic source is a
heart, the cycle may be based on an arrhythmia. The EFD
system may also display the surface representation of each
cycle in sequence (e.g., centered at the same location on the
display) illustrate changes in the electromagnetic force over
time. The EFD system may display each region of a surface
representation in sequence to illustrate the times associated
with the vectors. The EFD system may be used display either
simulated VCGs or VCGs collected from patients.

[0128] FIG. 40 illustrates various surface representations
of vectorcardiograms. Image 4010 illustrates a display of a
surface representation of a vectorcardiogram based on a
perspective view. Image 4020 illustrates a display of a
surface representation of vectorcardiogram shown as ema-
nating from a heart. Images 4031-34 illustrate display of the
surface representation over time to illustrate changes in the
electromagnetic force.

[0129] In some embodiments, the EFD system may
employ a variety of animation techniques to assist a user in
analyzing a VCG. For example, the EFD system may
animate the display of the surface representation by display-
ing each region in sequence with a timing that is the same
as the actual timing of the VCG. If a cycle is 1000 ms, then
EFD system would display the regions in sequence over
1000 ms. When displaying the surface representations for
multiple cycles in sequence and the next region to display
would overlap a region previously displayed, then the EFD
system may first remove the region that would be over-
lapped and then display the next region. The EFD system
may also allow the user to specify that only a portion of the
surface representation for a cycle be displayed. For example,
the user may specify to display a portion corresponding to
250 ms of the surface representation. In such a case, the EFD
system may animate the display of the portion by removing
the tail region when adding a head region. The EFD system
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may also allow the user to speed up or slow down the display
of the surface representations.

[0130] FIG. 41 is a flow diagram that illustrates the
processing of a visualize VCG component of the EFD
system in some embodiments. The visualize VCG compo-
nent 4100 is passed a VCG and generates a surface repre-
sentation for each portion (e.g., cycle) of the VCG. In block
4101, the component displays a representation of a heart. In
block 4102, the component selects the next cycle of the
VCG. In decision block 4103, if all the cycles have already
been selected, then the component completes, else the
component continues at block 4104. In block 4104, the
component invokes a display VCG surface representation
component to display a surface representation for the
selected cycle and then loops to block 4102 to select the next
cycle.

[0131] FIG. 42 is a flow diagram that illustrates the
processing of a display VCG surface representation compo-
nent of the EFD system in some embodiments. The display
VCG surface representation component 4200 is passed a
vectorcardiogram and generates a surface display represen-
tation of the VCG. In block 4201, the component sets an
index t to 2 for indexing through the time intervals of the
VCQG. In decision block 4002, if the index t is greater than
the number of time intervals, then the component completes,
else the component continues at block 4203. In block 4203,
the component generates a VCG triangle based on the origin,
the indexed interval t, and the prior interval t-1. In block
4204, the component fills the VCG triangle with a shading
that may vary based on the plane of the triangle. In block
4205, the component displays the filled VCG triangle. In
block 4206, the component increments the index t. In
decision block 4207, if the index t is greater than the display
span t,,,+1, then the component continues at block 4208,
else the component loops to block 4202. In block 4208, the
component removes from the display the VCG triangle at the
beginning of the currently displayed span and loops to block
4202.

[0132] The following paragraphs describe various
embodiments of aspects of the MLMO system. An imple-
mentation of the MLMO system may employ any combi-
nation of the embodiments. The processing described below
may be performed by a computing system with a processor
that executes computer-executable instructions stored on a
computer-readable storage medium that implements the
MLMO system.

[0133] Insome embodiments, a method performed by one
or more computing systems is provided for generating a
classifier for classifying electromagnetic data derived from
an electromagnetic source within a body. The method
accesses a computational model of the electromagnetic
source, wherein the computational model is for modeling
electromagnetic output of the electromagnetic source over
time based on a source configuration of the electromagnetic
source. For each of a plurality of source configurations, the
method generates, using the computational model, a mod-
eled electromagnetic output of the electromagnetic source
for that source configuration. The method, for each modeled
electromagnetic output, derives the electromagnetic data for
the modeled electromagnetic output and generates a label for
the derived electromagnetic data based on the source con-
figuration for the modeled electromagnetic data. The method
trains a classifier with the derived electromagnetic data and
the labels as training data. In some embodiments, the
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modeled electromagnetic output for a source configuration
includes, for each of a plurality of time intervals, an elec-
tromagnetic mesh with a modeled electromagnetic value for
each of a plurality of locations of the electromagnetic
source. In some embodiments, the derived electromagnetic
data, for a time interval, is an equivalent source represen-
tation of the electromagnetic output. In some embodiments,
the equivalent source representation is generated using prin-
cipal component analysis. In some embodiments, the
method further identifies cycles within the derived electro-
magnetic data for a modeled electromagnetic output. In
some embodiments, the same label is generated for each
cycle. In some embodiments, the method further identifies a
sequence of cycles that are similar, wherein the same label
is generated for each sequence. In some embodiments, the
deriving of the electromagnetic data for a modeled electro-
magnetic output includes normalizing the modeled electro-
magnetic output on a per-cycle basis. In some embodiments,
the classifier is a convolutional neural network. In some
embodiments, the convolutional neural network inputs a
one-dimensional image. In some embodiments, the classifier
is a recurrent neural network, an autoencoder, a restricted
Boltzmann machine, or other type of neural network. In
some embodiments, the classifier is a support vector
machine. In some embodiments, the classifier is Bayesian.
In some embodiments, the electromagnetic source is a heart,
a source configuration represents a source location and other
properties of a heart disorder, the modeled electromagnetic
output represents activation of the heart, and the electro-
magnetic data is based on body-surface measurements such
as an electrocardiogram. In some embodiments, the heart
disorder is selected from a set consisting of inappropriate
sinus tachycardia (“1ST”), ectopic atrial rhythm, junctional
rhythm, ventricular escape rhythm, atrial fibrillation (“AF”),
ventricular fibrillation (“VF”), focal atrial tachycardia (“fo-
cal AT”), atrial microreentry, ventricular tachycardia
(“VT?), atrial flutter (“AFL”), premature ventricular com-
plexes (“PVCs”), premature atrial complexes (“PACs”),
atrioventricular nodal reentrant tachycardia (“AVNRT”),
atrioventricular reentrant tachycardia (“AVRT”), permanent
junctional reciprocating tachycardia (“PJRT”), and junc-
tional tachycardia (“JT7).

[0134] In some embodiments, a method performed by a
computing system is provided for classifying electromag-
netic output collected from a target that is an electromag-
netic source within a body. The method accesses a classifier
to generate a classification for electromagnetic output of an
electromagnetic source. The classifier is trained using train-
ing data generated from modeled electromagnetic output for
a plurality of source configurations of an electromagnetic
source. The modeled electromagnetic output is generated
using a computational model of the electromagnetic source
that models the electromagnetic output of the electromag-
netic source over time based on a source configuration. The
method collects target electromagnetic output from the
target. The method applies the classifier to the target elec-
tromagnetic output to generate a classification for the target.
In some embodiments, the training data is generated by
running, for each of the source configurations, a simulation
that generates an electromagnetic mesh for each of a plu-
rality of simulation intervals, each electromagnetic mesh
having an electromagnetic value for a plurality of locations
of the electromagnetic source. In some embodiments, the
electromagnetic source is a heart, a source configuration
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represents a source location of a heart disorder, and the
modeled electromagnetic output represents activation of the
heart, and the classifier is trained using electromagnetic data
derived from an electrocardiogram representation of the
electromagnetic output.

[0135] In some embodiments, one or more computing
systems are provided for generating a classifier for classi-
fying electromagnetic output of an electromagnetic source.
The one or more computing systems include one or more
computer-readable storage mediums and one or more pro-
cessors for executing the computer-executable instructions
stored in the one or more computer-readable storage medi-
ums. The one or more computer-readable storage mediums
store a computational model of the electromagnetic source.
The computational model models electromagnetic output of
the electromagnetic source over time based on a source
configuration of the electromagnetic source. The one or
more computer-readable storage mediums store computer-
executable instructions for controlling the one or more
computing systems to, for each of a plurality of source
configurations, generate training data from the electromag-
netic output of the computational model that is based on the
source configuration and train the classifier using the train-
ing data. In some embodiments, the computer-executable
instructions that generate the training data for a source
configuration further control the one or more computing
systems to generate derived electromagnetic data from the
electromagnetic output for the source configuration and
generate a label for the electromagnetic data based on the
source configuration.

[0136] In some embodiments, a method performed by a
computing system generating a simulated anatomy of an
electromagnetic source within a body is provided. The
method accesses seed anatomies of the electromagnetic
source. Each seed anatomy has a seed value for each of a
plurality of anatomical parameters of the electromagnetic
source. The method accesses a set of weights that includes
a weight for each seed anatomy. For each of the anatomical
parameters, the method generates a simulated value for that
anatomical parameter by combining the seed values for that
anatomical parameter, factoring in the weights of the seed
anatomies. In some embodiments, the method validates the
simulated anatomy based on comparison to values for ana-
tomical parameters found in a population. In some embodi-
ments, the anatomical parameters include dimensions of the
electromagnetic source and wherein a simulated value for a
dimension is validated when a patient in the population
includes value for that dimension that is approximately the
same as the simulated value. In some embodiments, the
anatomical parameters of the seed anatomies are collected
by scanning actual electromagnetic sources within bodies. In
some embodiments, the electromagnetic source is a heart. In
some embodiments, the method generates a simulated value
for an anatomical parameter based on a weighted average of
the seed values for that anatomical parameter. In some
embodiments, the method further generates a plurality of
simulated anatomies wherein each simulated anatomy is
based on a different set of weights.

[0137] In some embodiments, a computing system for
generating simulated anatomies of a heart is provided. The
computing system comprises one or more computer-read-
able storage mediums storing seed anatomies of a heart.
Each seed anatomy having a seed value for each of a
plurality of anatomical parameters of a heart. The one or
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more computer-readable storage mediums also stores sets of
weights that each includes a weight for each seed anatomy.
The one or more computer-readable storage mediums store
computer-executable instructions for controlling the com-
puting system to, for each set of weights and for each of the
anatomical parameters for that set of weights, generate a
simulated value for that anatomical parameter by combining
the seed values for that anatomical parameter, factoring in
the weights of the seed anatomies. The computing system
further comprises one or more processors for executing the
computer-executable instructions stored in the one or more
computer-readable storage mediums. In some embodiments,
the instructions further control the computing system to
validate each simulated anatomy based on comparison to
values for anatomical parameters found in a population. In
some embodiments, the anatomical parameters include
thickness of walls of a heart and dimensions of a chamber of
the heart. In some embodiments, a simulated value for a
dimension is validated when a patient in the population
includes value for that dimension that is approximately the
same as the simulated value. In some embodiments, the seed
anatomies represent extremes of hearts found in a popula-
tion. In some embodiments, the anatomical parameters of
the seed anatomies are collected by scanning hearts. In some
embodiments, the generating of a simulated value for an
anatomical parameter is based on a weighted average of the
seed values for that anatomical parameter. In some embodi-
ments, a method performed by a computing system for
generating an arrhythmia model library for modeling a heart
is provided. The method accesses simulated anatomies of
anatomical parameters of the heart. The simulated anatomies
are generated based on seed anatomies of anatomical param-
eters of the heart and sets of weights that include a weight
for each seed anatomy. The method accesses configuration
parameters that include one or more of torso anatomy,
normal and abnormal cardiac anatomy, normal and abnor-
mal cardiac tissue, scar, fibrosis, inflammation, edema,
accessory pathways, congenital heart disease, malignancy,
sites of prior ablation, sites of prior surgery, sites of external
radiation therapy, pacing leads, implantable cardioverter-
defibrillator leads, cardiac resynchronization therapy leads,
pacemaker pulse generator location, implantable cardio-
verter-defibrillator pulse generator location, subcutaneous
defibrillator lead location, subcutaneous defibrillator pulse
generator location, leadless pacemaker location, other
implanted hardware (e.g., right or left ventricular assist
devices), external defibrillation electrodes, surface ECG
leads, surface mapping leads, a mapping vest, and other
normal and pathophysiologic feature distributions within the
heart, action potential dynamics for the heart, sets of con-
ductivities for the heart, arrhythmia source locations within
the heart, and so on. The method establishes source con-
figurations that are each based on a simulated anatomy and
a combination of electrophysiology parameters. For each of
a plurality of the source configurations, the method gener-
ates a mesh based on the simulated anatomy of that source
configuration, the mesh having vertices, and for each vertex
of the mesh, generates model parameters of a computational
model of the heart based on the combination of electro-
physiology parameters of that source configuration. The
computational model for modeling electromagnetic propa-
gation at that vertex based on the electrophysiology param-
eters of that source configuration. In some embodiments, the
method generates a simulated anatomy by accessing seed
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anatomies of a heart where each seed anatomy has a seed
value for each of the anatomical parameters of the heart;
accesses a set of weights that includes a weight for each seed
anatomy; and for each of the anatomical parameters, gen-
erates a simulated value for that anatomical parameter by
combining the seed values for that anatomical parameter,
factoring in the weights of the seed anatomies. In some
embodiments, the simulated anatomies are validated based
on comparison to values for anatomical parameters found in
a population. In some embodiments, the anatomical param-
eters of the seed anatomies are collected by scanning actual
hearts. In some embodiments, for each of a plurality of
source configurations, the method generates a modeled
electromagnetic output of the heart for that source configu-
ration using a computational model for the heart. In some
embodiments, for each source configuration, the method
generates training data for the modeled electromagnetic
output that is based on that source configuration; and trains
a classifier for classifying electromagnetic output of the
heart using the training data.

[0138] In some embodiments, a computing system for
generating a model library of models of an electromagnetic
source within a body is provided. The computing system
comprises one or more computer-readable storage mediums
storing computer-executable and one or more processors for
executing the computer-executable instructions stored in the
one or more computer-readable storage mediums. The
instructions control the computing system to generate simu-
lated anatomies of anatomical parameters of the electromag-
netic source from seed anatomies and generate source con-
figurations that are each based on a simulated anatomy and
a combination of configuration parameters. The instructions
control the computing system to, for each of a plurality of
the source configurations, generate a mesh based on the
simulated anatomy of that source configuration, the mesh
having vertices; and for each vertex of the mesh, generate
model parameters of a computational model of the electro-
magnetic source based on the combination of configuration
parameters of that source configuration. In some embodi-
ments, the computational model for modeling electromag-
netic propagation at a vertex is based on the configuration
parameters of a source configuration. In some embodiments,
the simulated anatomies are generated based on anatomical
parameters of the seed anatomies and sets of weights that
include a weight for each seed anatomy. In some embodi-
ments, the electromagnetic source is a heart and the con-
figuration parameters include one or more of torso anatomy,
normal and abnormal cardiac anatomy, normal and abnor-
mal cardiac tissue, scar, fibrosis, inflammation, edema,
accessory pathways, congenital heart disease, malignancy,
sites of prior ablation, sites of prior surgery, sites of external
radiation therapy, pacing leads, implantable cardioverter-
defibrillator leads, cardiac resynchronization therapy leads,
pacemaker pulse generator location, implantable cardio-
verter-defibrillator pulse generator location, subcutaneous
defibrillator lead location, subcutaneous defibrillator pulse
generator location, leadless pacemaker location, other
implanted hardware (e.g., right or left ventricular assist
devices), external defibrillation electrodes, surface ECG
leads, surface mapping leads, a mapping vest, and other
normal and pathophysiologic feature distributions within the
heart, action potential dynamics for the heart, sets of con-
ductivities for the heart, and arrhythmia source locations
within the heart. In some embodiments, the simulated anato-
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mies are validated based on comparison to values for
anatomical parameters found in a population. In some
embodiments, the anatomical parameters of the seed anato-
mies are collected by scanning actual electromagnetic
sources. In some embodiments, the computer-executable
instructions further control the computing system to, for
each of a plurality of source configurations, generate a
modeled electromagnetic output of the electromagnetic
source for that source configuration using a computational
model for the electromagnetic source. In some embodi-
ments, computer-executable instructions further control the
computing system to for each source configuration, generate
training data for the modeled electromagnetic output that is
based on that source configuration; and train a classifier for
classifying electromagnetic output of the electromagnetic
source using the training data.

[0139] In some embodiments, a method performed by a
computing system for generating a model library of models
of an electromagnetic source within a body is provided. The
method accesses simulated anatomies of anatomical param-
eters of the electromagnetic source. The method generates
source configurations that are each based on a simulated
anatomy and a combination of configuration parameters. For
each of a plurality of the source configurations, the method
generates a model based on the simulated anatomy of that
source configuration, the combination of configuration
parameters of that source configuration, and a computational
model of the electromagnetic source. In some embodiments,
the generating of a model includes generating a mesh based
on the simulated anatomy of that source configuration and,
for each vertex of the mesh, generating model parameters of
a computational model of the electromagnetic source based
on the combination of configuration parameters of that
source configuration. In some embodiments, the computa-
tional model is for modeling electromagnetic propagation at
a vertex based on the configuration parameters of a source
configuration. In some embodiments, the electromagnetic
source is a heart and the models are arrhythmia models. In
some embodiments, the method further generates the simu-
lated anatomies based on anatomical parameters of seed
anatomies and sets of weights that include a weight for each
seed anatomy. In some embodiments, the electromagnetic
source is a heart and the configuration parameters include
one or more of a human torso, normal and abnormal cardiac
anatomy, normal and abnormal cardiac tissue, scar, fibrosis,
inflammation, edema, accessory pathways, congenital heart
disease, malignancy, sites of prior ablation, sites of prior
surgery, sites of external radiation therapy, pacing leads,
implantable cardioverter-defibrillator leads, cardiac resyn-
chronization therapy leads, pacemaker pulse generator loca-
tion, implantable cardioverter-defibrillator pulse generator
location, subcutaneous defibrillator lead location, subcuta-
neous defibrillator pulse generator location, leadless pace-
maker location, other implanted hardware (e.g., right or left
ventricular assist devices), external defibrillation electrodes,
surface ECG leads, surface mapping leads, a mapping vest,
and other normal and pathophysiologic feature distributions
within the heart, action potential dynamics for the heart, sets
of conductivities for the heart, arrhythmia source locations
within the heart, and so on.

[0140] In some embodiments, a method performed by a
computing system for presenting weights for a simulated
anatomy of a body part is provided. The method accesses
seed anatomies of the body part. Each seed anatomy has a
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seed value for each of a plurality of anatomical parameters
of the body part. For each of a plurality of seed anatomies
of the body part, the method displays a seed representation
of the body part based on seed values of anatomical param-
eters of that seed anatomy. The method accesses a set of
weights that includes a weight for each seed anatomy. The
method displays a simulated representation of the body part
based on a simulated value for each anatomical parameter
by, for each anatomical parameter, combining the seed
values of the seed anatomies of that anatomical parameter,
factoring in the weights of the seed anatomies. In some
embodiments, the seed representations are displayed in a
circular arrangement with the simulated representation dis-
played within the circular arrangement. In some embodi-
ments, the method further displays, in association with each
displayed seed representation for a seed anatomy, an indi-
cation of the weight associated with that seed anatomy. In
some embodiments, the method further displays a line
between each displayed seed representation and the dis-
played simulated representation, wherein the displayed indi-
cation of the weight for a seed anatomy is displayed in
association with the displayed line between the displayed
seed representation for that seed anatomy and the displayed
simulated representation. In some embodiments, the method
further provides a user interface element for specifying the
weight for each seed anatomy. In some embodiments, the
method provides a user interface element for specifying a
plurality of sets of weights, with each set including a weight
for each seed anatomy. In some embodiments, the plurality
of sets of weights are specified by providing a range of
weights and an increment. In some embodiments, the body
part is a heart. In some embodiments, the body part is a lung.
In some embodiments, the body part is a torso surface.

[0141] In some embodiments, a computing system for
presenting a simulated anatomy of a body part is provided.
The computing system comprises one or more computer-
readable storage mediums storing computer-executable
instructions and one or more processors for executing the
computer-executable instructions stored in the one or more
computer-readable storage mediums. The instructions con-
trol the computing system to for each of a plurality of seed
anatomies of the body part, display a seed representation of
the body part based on seed values of anatomical parameters
of that seed anatomy; and display a simulated representation
of the body part based on a simulated anatomy with simu-
lated values for anatomical parameters derived from a
weighted combination of the seed values of the seed anato-
mies for the anatomical parameters. In some embodiments,
the computer-executable instructions further control the
computing system to generate the simulated anatomy by, for
each anatomical parameter, generating a simulated value for
that anatomical parameter by combining the seed values of
the seed anatomies of that anatomical parameter, factoring in
weights of the seed anatomies. In some embodiments, the
seed representations are displayed in a circular arrangement
with the simulated representation displayed within the cir-
cular arrangement. In some embodiments, the computer-
executable instructions further control the computing system
to display, in association with each displayed seed repre-
sentation for a seed anatomy, an indication of a weight
associated with that seed anatomy. In some embodiments,
the computer-executable instructions further control the
computing system to provide a user interface for specifying
a plurality of sets of weights, with each set including a
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weight for each seed anatomy. In some embodiments, the
plurality of sets of weights are specified by a range of
weights and an increment.

[0142] In some embodiments, a method performed by a
computing system for presenting a simulated anatomy of a
heart is provided. For each of a plurality of seed anatomies
of the heart, the method displays a seed representation of the
heart based on seed values of anatomical parameters of that
seed anatomy. The method displays a simulated representa-
tion of the heart based on a simulated anatomy derived, for
each anatomical parameter, from a simulated value for that
anatomical parameter generated from a weighted combina-
tion of the seed values of the seed anatomies for that
anatomical parameter. In some embodiments, the seed rep-
resentations are displayed in a circular arrangement with the
simulated representation displayed within the circular (e.g.,
bullseye) arrangement. In some embodiments, the method
further displays, in association with each displayed seed
representation for a seed anatomy, an indication of a weight
associated with that seed anatomy.

[0143] In some embodiments, a method performed by a
computing system for converting a first polyhedral model to
a second polyhedral model is provided. The first polyhedral
model has a first polyhedral mesh with a volume containing
first polyhedrons. Each vertex of the first polyhedrons has a
model parameter. The method generates a representation of
the surface of the first polyhedral model from the first
polyhedrons. The method generates a second polyhedral
mesh for the second polyhedral model by populating the
volume with the surface with second polyhedrons that are
different from the first polyhedrons. For each of a plurality
of vertices of the second polyhedrons of the second poly-
hedral mesh, the method interpolates a model parameter for
that vertex based on the parameters of vertices of the first
polyhedrons that are proximate to that vertex. In some
embodiments, the first polyhedrons are hexahedrons and the
second polyhedrons are tetrahedrons. In some embodiments,
the polyhedral meshes represent a body part. In some
embodiments, the body part is a heart. In some embodi-
ments, the first polyhedral mesh has an origin and further
comprising, prior to interpolating the model parameters,
mapping the second polyhedral mesh to the same origin. In
some embodiments, each vertex of the first polyhedrons has
multiple parameters and the interpolating interpolates each
model parameter. In some embodiments, the first polyhedral
model and the second polyhedral model represent compu-
tational models of an electromagnetic source within a body,
and the method further generates a modeled electromagnetic
output of the electromagnetic source based on the second
polyhedral model using a problem solver adapted to operate
on meshes with second polyhedrons. In some embodiments,
the electromagnetic source is a heart, and the method further
generates a vectorcardiogram from the modeled electromag-
netic output. In some embodiments, the first polyhedral
model and the second polyhedral model are geometric
models (e.g., of cardiac or torso anatomy). In some embodi-
ments, the first polyhedral model and the second polyhedral
model represent models of an electromagnetic source within
a body, and the method further converts a plurality of first
polyhedral models representing different source configura-
tions. In some embodiments, the electromagnetic source is a
heart and a source configuration specifies one or more of a
fiber architecture, torso anatomy, normal and abnormal
cardiac anatomy, normal and abnormal cardiac tissue, scar,
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fibrosis, inflammation, edema, accessory pathways, con-
genital heart disease, malignancy, sites of prior ablation,
sites of prior surgery, sites of external radiation therapy,
pacing leads, implantable cardioverter-defibrillator leads,
cardiac resynchronization therapy leads, pacemaker pulse
generator location, implantable cardioverter-defibrillator
pulse generator location, subcutaneous defibrillator lead
location, subcutaneous defibrillator pulse generator location,
leadless pacemaker location, other implanted hardware (e.g,,
right or left ventricular assist devices), external defibrillation
electrodes, surface ECG leads, surface mapping leads, a
mapping vest, and other normal and pathophysiologic fea-
ture distributions within the heart, action potential dynamics,
conductivities, arrthythmia source location or locations, and
SO on.

[0144] In some embodiments, a computing system for
converting a first polyhedral model of a body part to a
second polyhedral model of the body part is provided. The
computing system comprises one or more computer-read-
able storage mediums storing computer-executable instruc-
tions and one or more processors for executing the com-
puter-executable instructions stored in the one or more
computer-readable storage mediums. The instructions for
controlling the computing system to generate a representa-
tion of the surface of the first polyhedral model. The first
polyhedral model has a first polyhedral mesh based on a first
polyhedron. The instructions for controlling the computing
system to generate a second polyhedral mesh for the second
polyhedral model by populating the volume with the surface
based on a second polyhedron that is different from the first
polyhedron. The instructions for controlling the computing
system to for each of a plurality of vertices of second
polyhedrons of the second polyhedral mesh, interpolate a
model parameter for that vertex based on the parameters of
vertices of first polyhedrons of the first polyhedral mesh that
are proximate to that vertex. In some embodiments, the first
polyhedron is a hexahedron and the second polyhedron is a
tetrahedron. In some embodiments, the first polyhedral mesh
has an origin and wherein the computer-executable instruc-
tions further control the computing system to, prior to
interpolating the model parameters, map the second poly-
hedral mesh to the same origin. In some embodiments, the
first polyhedral model and the second polyhedral model
represent computational models of the heart and wherein the
computer-executable instructions further control the com-
puting system to generate a modeled electromagnetic output
of the electromagnetic heart based on the second polyhedral
model using a problem solver adapted to operate on meshes
with second polyhedrons. In some embodiments, the com-
puter-executable instructions further control the computing
system to generate a vectorcardiogram from the modeled
electromagnetic output. In some embodiments, the first
polyhedral model and the second polyhedral model are
geometric models (e.g., of cardiac or torso anatomy).

[0145] In some embodiments, a method performed by a
computing system for converting a first polyhedral model to
a second model is provided. The first polyhedral model has
a first polyhedral mesh with a volume containing first
polyhedrons. Each vertex of the first polyhedrons has a
model parameter. The method generates a representation of
the surface of the first polyhedral model from the first
polyhedrons. For each of a plurality of points of a second
model, the method interpolates a model parameter for that
point based on the parameters of vertices of the first poly-
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hedrons that are considered proximate to that vertex. In
some embodiments, the second model is a second polyhe-
dral model and the points are vertices of the second poly-
hedral model. In some embodiments, the second model is
represented by regularly spaced grid points and the points
are grid points.

[0146] In some embodiments, a method performed by a
computing device for generating derived electromagnetic
data for an electromagnetic source within a body is pro-
vided. The method accesses modeled electromagnetic output
for a first model of the electromagnetic source over time.
The first model is based on a first source configuration
specifying a first anatomy. The modeled electromagnetic
output is generated using a computational model of the
electromagnetic source. The computational model is for
generating modeled electromagnetic output of the electro-
magnetic source over time based on a model based on a
source configuration. The method accesses a second model
of the electromagnetic source based on a second source
configuration specifying a second anatomy. The method
generates derived electromagnetic data for the second model
of the electromagnetic source based on the modeled elec-
tromagnetic output for the first model of the electromagnetic
source, factoring in differences between the first anatomy
and the second anatomy. In some embodiments, the elec-
tromagnetic source is a heart and the derived electromag-
netic data is a cardiogram. In some embodiments, the
cardiogram is a vectorcardiogram. In some embodiments,
the cardiogram is an electrocardiogram. In some embodi-
ments, the modeled electromagnetic output for a model
includes, for each of a plurality of time intervals, an elec-
tromagnetic mesh with a modeled electromagnetic value for
each of a plurality of vertices of the electromagnetic mesh.
In some embodiments, the modeled electromagnetic output
is a collection of voltage solutions.

[0147] In some embodiments, a computing system for
generating a cardiogram for a heart is provided. The com-
puting system comprises one or more computer-readable
storage mediums storing a modeled electromagnetic output
for a first arrhythmia model of the heart over time. The first
arrhythmia model is based on a first anatomy. The modeled
electromagnetic output is generated using a computational
model of a heart, the computational model for generating
modeled electromagnetic output of the heart over time based
on an arrhythmia model. The one or more computer-read-
able storage mediums store a second arrhythmia model
based on a second anatomy. The one or more computer-
readable storage mediums store computer-executable
instructions for controlling the computing system to gener-
ate a cardiogram for the second arthythmia model based on
the modeled electromagnetic output for the first arrhythmia
model, factoring in differences between the first anatomy
and the second anatomy. The computing system comprising
one or more processors for executing the computer-execut-
able instructions stored in the one or more computer-read-
able storage mediums. In some embodiments, the cardio-
gram is a vectorcardiogram. In some embodiments, the
cardiogram is an electrocardiogram. In some embodiments,
the modeled electromagnetic output for an arrhythmia model
includes, for each of a plurality of time intervals, an elec-
tromagnetic mesh with a modeled electromagnetic value for
each of a plurality of vertices of the electromagnetic mesh.
In some embodiments, the modeled electromagnetic output
is a collection of voltage solutions.
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[0148] In some embodiments, a method performed by a
computing system for bootstrapping the generating of mod-
eled electromagnetic output of an electromagnetic source
within a body is provided. The method accesses first mod-
eled electromagnetic output for a first model with a first
source configuration of the electromagnetic source at first
simulation intervals. The first modeled electromagnetic out-
put is generated using a computational model of the elec-
tromagnetic source. The method initializes second modeled
electromagnetic output for a second model with a second
source configuration of the electromagnetic source to a first
modeled electromagnetic output for one of the first simula-
tion intervals. For each of a plurality of second simulation
intervals, the method generates using the computational
mode] second modeled electromagnetic output for the sec-
ond model of the electromagnetic source based on the
initialized second modeled electromagnetic output. In some
embodiments, the electromagnetic source is a heart and the
second source configuration is different from the first source
configuration based on scar or fibrosis or pro-arrhythmic
substrate location within the heart. In some embodiments,
the electromagnetic source is a heart and the first model and
the second model are arrhythmia models. In some embodi-
ments, the modeled electromagnetic output for a model
includes, for each of a plurality of time intervals, an elec-
tromagnetic mesh with a modeled electromagnetic value for
each of a plurality of vertices of the electromagnetic mesh.
In some embodiments, the method further, for each of a
plurality of the first simulation intervals, generates using the
computational model the first modeled electromagnetic out-
put for the first model. In some embodiments, the initializing
initializes the second modeled electromagnetic output to the
first modeled electromagnetic output for a first simulation
interval after the first modeled electromagnetic output for
the first simulation intervals has stabilized. In some embodi-
ments, the electromagnetic source is a heart and the first
modeled electromagnetic output has stabilized into a
rthythm.

[0149] In some embodiments, a computing system for
bootstrapping the generating of modeled electromagnetic
output of a heart is provided. The computing system com-
prises one or more computer-readable storage mediums
storing a first modeled electromagnetic output for a first
arrhythmia model of the heart at first simulation intervals,
the first modeled electromagnetic output generated using a
computational model of a heart. The one or more computer-
readable storage mediums also store computer-executable
instructions for controlling the computing system to initial-
ize second modeled electromagnetic output for a second
arrhythmia model of the heart to a first modeled electro-
magnetic output for one of the first simulation intervals; and
simulate using the computational model second modeled
electromagnetic output for the second arrhythmia model
based on the initialized second modeled electromagnetic
output. The computing system also comprises one or more
processors for executing the computer-executable instruc-
tions stored in the one or more computer-readable storage
mediums. In some embodiments, the first arrhythmia model
and the second arthythmia model are based on different scar
or fibrosis or pro-arrhythmic substrate locations within the
heart. In some embodiments, the modeled electromagnetic
output for an arrhythmia model includes, for each of a
plurality of time intervals, an electromagnetic mesh with a
modeled electromagnetic value for each of a plurality of
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vertices of the electromagnetic mesh. In some embodiments,
the computer-executable instructions further control the
computing system to, for each of a plurality of the first
simulation intervals, generate using the computational
model the first modeled electromagnetic output for the first
arrhythmia model. In some embodiments, the computer-
executable instructions that initialize control the computing
system to initialize the second modeled electromagnetic
output to the first modeled electromagnetic output for a first
simulation interval after the first modeled electromagnetic
output for the first simulation intervals has stabilized. In
some embodiments, the first modeled electromagnetic out-
put has stabilized into a rhythm.

[0150] In some embodiments, a method performed by a
computing system for identifying derived electromagnetic
data that matches patient electromagnetic data collected
from a patient is provided. The electromagnetic data repre-
sents electromagnetic output an electromagnetic source
within a body. The method, for each of a plurality of model
source configurations of the electromagnetic source,
accesses a mapping of that model source configuration to
derived electromagnetic data that is derived based on that
model source configuration. The method accesses a patient
source configuration representing a source configuration for
the electromagnetic source within the patient. The method
identifies model source configurations that match the patient
source configuration. The method identifies, from the
derived electromagnetic data to which the identified model
source configurations are mapped, derived electromagnetic
data that matches the patient electromagnetic data. In some
embodiments, the derived electromagnetic data is derived
from modeled electromagnetic output generated based on a
model source configuration using a computational model of
the electromagnetic source. In some embodiments, the mod-
eled electromagnetic data for a model source configuration
includes, for each of a plurality of time intervals, an elec-
tromagnetic mesh with a modeled electromagnetic value for
each of a plurality of locations of the electromagnetic
source. In some embodiments, the method further, when an
identified model source configuration has a value an ana-
tomical parameter that does not match the value of that
anatomical parameter of the patient source configuration,
generates adjusted derived electromagpetic data based on
the modeled electromagnetic output for that model source
configuration and difference in the value. In some embodi-
ments, a source configuration includes configuration param-
eters including anatomical parameters and electrophysiol-
ogy parameters. In some embodiments, the electromagnetic
source is a heart and the configuration parameters include a
scar or fibrosis or pro-arrhythmic substrate location within
the heart, an action potential for the heart, a conductivity for
the heart, and an arrhythmia location. In some embodiments,
the electromagnetic source is a heart and the anatomical
parameters include dimensions of chambers of the heart,
wall thicknesses of the heart, and orientation of the heart. In
some embodiments, the electromagnetic source is a heart
and derived electromagnetic data is a cardiogram. In some
embodiments, a model source configuration includes a dis-
order parameter relating to an attribute of the electromag-
netic source such that derived electromagnetic data for the
model source configuration is based on that attribute. In
some embodiments, the electromagnetic source is a heart
and the attribute is based on an arrhythmia. In some embodi-
ments, the identifying of derived electromagnetic data that
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matches the patient electromagnetic data is based on a
Pearson correlation coefficient, a root-mean-squared error,
and so on. In some embodiments, the identifying of derived
electromagnetic data that matches the patient electromag-
netic data is based on root-mean-squared error. In some
embodiments, a source configuration includes configuration
parameters, the model source configurations include a value
for each configuration parameter, and the patient source
configuration includes a value for only a proper subset of the
configuration parameters. In some embodiments, the derived
electromagnetic data is based on a model orientation of the
electromagnetic source and further comprising when a
patient orientation of the electromagnetic source of the
patient is different from the model orientation, the identify-
ing of the derived electromagnetic data factors in the dif-
ference between the model orientation and the patient ori-
entation. In some embodiments, the electromagnetic source
is a heart and the electromagnetic data is a vectorcardiogram
and wherein the identifying of the derived electromagnetic
data includes generating a rotation matrix based on the
difference between the model orientation and the patient
orientation and rotating a vectorcardiogram based on the
rotation matrix.

[0151] In some embodiments, a method performed by a
computing system for generating a classification for a
patient based on patient electromagnetic data representing
electromagnetic output of an electromagnetic source within
the patient is provided. The method, for each of a plurality
of clusters (e.g., groups) of model source configurations of
the electromagnetic source, accesses a classifier for that
cluster that is trained based on the model source configura-
tions of that cluster to generate a classification for derived
electromagnetic data. The method accesses a patient source
configuration representing a source configuration for the
electromagnetic source within the patient. The method iden-
tifies a cluster whose model source configurations matches
the patient source configuration. The method applies the
classifier for the identified cluster to the patient electromag-
netic data to generate a classification for the patient. In some
embodiments, the derived electromagnetic data is derived
from modeled electromagnetic output generated based on a
model source configuration using a computational model of
the electromagnetic source. In some embodiments, a source
configuration includes configuration parameters including
anatomical parameters and electrophysiology parameters. In
some embodiments, the electromagnetic source is a heart
and the configuration parameters include a scar or fibrosis or
pro-arrhythmic substrate location within the heart, an action
potential for the heart, and a conductivity for the heart. In
some embodiments, the electromagnetic source is a heart
and the anatomical parameters include dimensions of cham-
bers of the heart and wall thicknesses of the heart. In some
embodiments, the electromagnetic source is a heart and
derived electromagnetic data is a cardiogram. In some
embodiments, the cardiogram is a vectorcardiogram. In
some embodiments, a model source configuration matches
the patient source configuration based on a cosine similarity.
In some embodiments, the method further generates clusters
of model source configurations; and for each of the clusters,
for each of the model configuration sources of that cluster,
generates a simulated electromagnetic output of the electro-
magnetic source based on that model configuration source;
and generates derived electromagnetic data for that model
source configuration from the simulated electromagnetic
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output based on that model source configuration. In some
embodiments, a source configuration includes configuration
parameters, the model source configurations include a value
for each configuration parameter, and the patient source
configuration includes a value for only a proper subset of the
configuration parameters. In some embodiments, the derived
electromagnetic data is based on a model orientation of the
electromagnetic source, and the method further, when a
patient orientation of the electromagnetic source of the
patient is different from the model orientation, adjusts the
patient electromagnetic data based on the difference between
the model orientation and the patient orientation. In some
embodiments, the electromagnetic source is a heart and the
classification is based on source location of an arrhythmia.

[0152] In some embodiments, a computing system for
identifying a model cardiogram that matches a patient
cardiogram collected from a patient is provided. The com-
puting system comprises one or more computer-readable
storage mediums storing: for each of a plurality of model
source configurations of a heart, a modeled cardiogram for
that model source configuration; a patient source configu-
ration representing the patient’s heart; and computer-execut-
able instructions that, when executed control, the computing
system to: identify model source configurations that match
the patient source configuration; and identify, from the
modeled cardiograms for the identified model source con-
figurations, those modeled cardiograms that match the
patient cardiogram. The computing system includes one or
more processor for executing the computer-executable
instructions stored in the one or more computer-readable
storage mediums. In some embodiments, a modeled cardio-
gram is generated from modeled electromagnetic output of
a heart with a model source configuration using a compu-
tational model of the heart. In some embodiments, a car-
diogram is adjusted based on differences in values of an
anatomical parameter for a model source configuration and
the patient source configuration. In some embodiments, the
model source configurations include a scar or fibrosis or
pro-arrhythmic substrate location within the heart, an action
potential for the heart, a conductivity for the heart, and an
arrhythmia location. In some embodiments, the model
source configurations include dimensions of chambers of the
heart, wall thicknesses of the heart, and orientation of the
heart. In some embodiments, a source configuration includes
configuration parameters, the model source configurations
include a value for each configuration parameter, and the
patient source configuration includes a value for only a
proper subset of the configuration parameters. In some
embodiments, modeled cardiograms are based on a model
orientation of a heart and when a patient orientation of the
heart is different from the model orientation, the identifying
of modeled cardiograms factors in the difference between
the model orientation and the patient orientation.

[0153] In some embodiments, a method performed by one
or more computing systems for generating a patient classi-
fier for classifying derived electromagnetic data derived
from electromagnetic output of an electromagnetic source
within a body is provided. The method accesses a model
classifier for generating a classification for electromagnetic
output of an electromagnetic source. The model classifier
has model classifier weights learned based on training data
that includes modeled derived electromagnetic data and
model classifications. The modeled derived electromagnetic
data is derived from modeled electromagnetic output gen-
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erated using a computational model of the electromagnetic
source that models the electromagnetic output of the elec-
tromagnetic source over time based on a source configura-
tion. The method accesses patient training data that includes,
for each of a plurality of patients, patient derived electro-
magnetic data and a patient classification for that patient.
The method initializes patient classifier weights of the
patient classifier based on the model classifier weights. The
method trains the patient classifier with the patient training
data and with the initialized patient classifier weights. In
some embodiments, the classifier is a convolutional neural
network. In some embodiments, the convolutional neural
network inputs a one-dimensional image. In some embodi-
ments, the model classifier is trained using training data that
includes modeled derived electromagnetic data derived from
modeled electromagnetic output generated based on source
configurations that are identified as being similar to source
configurations of the patients. In some embodiments, the
electromagnetic source is a heart, a source configuration
represents anatomical parameters and electrophysiology
parameters of the heart, the modeled electromagnetic output
represents activation of the heart, and the derived electro-
magnetic data is based on body-surface measurements. In
some embodiments, a electrophysiology parameter is based
on a heart disorder that is selected from a group consisting
of but not limited to sinus rhythm, inappropriate sinus
tachycardia, ectopic atrial rhythm, junctional rhythm, ven-
tricular escape rhythm, atrial fibrillation, ventricular fibril-
lation, focal atrial tachycardia, atrial microreentry, ventricu-
lar tachycardia, atrial flutter, premature ventricular
complexes, premature atrial complexes, atrioventricular
nodal reentrant tachycardia, atrioventricular reentrant tachy-
cardia, permanent junctional reciprocating tachycardia, and
junctional tachycardia. In some embodiments, the electro-
magnetic data is a cardiogram. In some embodiments, the
classification is a source location, In some embodiments, the
patient derived electromagnetic data for a patient is derived
from patient electromagnetic output of the electromagnetic
source of that patient. In some embodiments, the method
further receives target patient derived electromagnetic data
for a target patient and applies the patient classifier to the
target patient derived electromagnetic data to generate a
classification for the target patient.

[0154] Insome embodiments, a method performed by one
or more computing systems for classifying patient derived
electromagnetic data for a target patient is provided. The
patient derived electromagnetic data is derived from patient
electromagnetic output of an electromagnetic source within
the patient’s body. The method accesses a patient classifier
to generate a classification for patient derived electromag-
netic data of the electromagnetic source. The classifier is
trained using weights of a model classifier and patient
training data, the model classifier trained using modeled
derived electromagnetic data and model classifications. The
modeled derived electromagnetic data is generated from
modeled electromagnetic output. The modeled electromag-
netic output is generated for a plurality of source configu-
rations using a computational model of the electromagnetic
source. The patient training data includes patient derived
electromagnetic data and patient classifications. The method
receives the patient derived electromagnetic data for the
target patient and applies the patient classifier to the received
patient derived electromagnetic data to generate a patient
classification for the target patient. In some embodiments,
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the electromagnetic source is a heart, a source configuration
represents anatomical parameters and electrophysiology
parameters of the heart, the modeled electromagnetic output
represents activation of the heart, and the derived electro-
magnetic data is based on body-surface measurements.

[0155] In some embodiments, a computing system for
generating a patient classifier for classifying a cardiogram is
provided. The computing system comprises one or more
computer-readable storage mediums storing computer-ex-
ecutable instructions and one or more processors for execut-
ing the computer-executable instructions stored in the one or
more computer-readable storage mediums. The instructions
control the computing system to initialize patient classifier
weights of the patient classifier to model classifier weights
of a model classifier. The model classifier is trained based on
modeled cardiograms generated based on a computational
model of the heart applied to model heart configurations.
The instructions control the computing system to train the
patient classifier with the patient training data and with the
initialized patient classifier weights, the patient training data
including, for each of a plurality of patients, a patient
cardiogram and a patient classification for that patient. In
some embodiments, the model classifier and the patient
classifier are convolutional neural networks. In some
embodiments, the convolutional neural networks input a
one-dimensional image. In some embodiments, the model
classifier and the patient classifier are neural networks. In
some embodiments, the model classifier is trained using
modeled cardiograms generated based on model heart con-
figurations that are similar to patient heart configurations of
the patients. In some embodiments, the computer-executable
instructions further control the computing system to, for
each of a plurality of clusters of similar patients, train a
cluster patient classifier based on patient training data that
includes cardiograms and patient classifications for the
patients in that cluster. In some embodiments, the computer-
executable instructions further control the computing system
to identify similar patients based on comparison of patient
heart configurations of the patients. In some embodiments,
the computer-executable instructions further control the
computing system to identify similar patients based on
comparison of cardiograms of the patients. In some embodi-
ments, the computer-executable instructions further control
the computing system to identify a cluster of similar patients
that are similar to a target patient and apply the cluster
patient classifier for that identified cluster to a target patient
cardiogram of the target patient to generate a target patient
classification for the target patient.

[0156] In some embodiments, a method performed by a
computing system for generating a classification for a target
patient based on a target cardiogram of the target patient is
provided. The method generates a patient classifier based on
patient training data that includes cardiograms of patients
and based on a transference from a model classifier gener-
ated based on model training data that includes modeled
cardiograms. The modeled cardiograms are generated based
on a computational model of the heart and model heart
configurations. The method applies the patient classifier to
the target cardiogram to generate a target classification for
the target patient.

[0157] Insome embodiments, a method performed by one
or more computing systems for generating a patient-specific
model classifier for classifying derived electromagnetic data
derived from electromagnetic output of an electromagnetic
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source within a body is provided. The method identifies
models that are similar to a target patient. For each model
that is identified, the method applies a computational model
of the electromagnetic source to generate modeled electro-
magnetic output of the electromagnetic source based on
model source configuration for that model; derives modeled
derived electromagnetic data from the generated modeled
electromagnetic output for that model; and generates a label
for that model. The method trains the patient-specific model
classifier with the modeled derived electromagnetic data and
the generated labels as training data. In some embodiments,
the classifier is a convolutional neural network that inputs a
one-dimensional image. In some embodiments, the similar-
ity between a model and the target patient is based on source
configurations. In some embodiments, the similarity
between a model and the target patient is based on derived
electromagnetic data. In some embodiments, the electro-
magnetic source is a heart, a source configuration represents
anatomical parameters and electrophysiology parameters of
the heart, the modeled electromagnetic output represents
activation of the heart, and the derived electromagnetic data
is based on body-surface measurements. In some embodi-
ments, the electromagnetic data is a cardiogram. In some
embodiments, the label represents a source location for a
disorder of the electromagnetic source. In some embodi-
ments, the training is based on a transference from a model
classifier generated based on model training data that
includes modeled derived electromagnetic data, the modeled
derived electromagnetic data generated based on a compu-
tational model of the electromagnetic source and model
source configurations. In some embodiments, the method
further, for each of a plurality of clusters of similar target
patients, trains a cluster-specific model classifier based on
derived electromagnetic data for models that are similar to
the target patients of that cluster. In some embodiments, the
method further identifies a cluster whose target patients are
similar to another target patient and applies the cluster-
specific model classifier for that identified cluster to the
target patient derived electromagnetic data of the other target
patient to generate a target patient label for the other target
patient. In some embodiments, the method further identifies
the cluster of target patients based on comparison of patient
source configurations of target patients. In some embodi-
ments, the method further identifies the cluster of target
patients based on comparison of patient derived electromag-
netic data of the target patients.

[0158] In some embodiments, a computing system for
generating a patient-specific model classifier for classifying
a cardiogram of a target patient is provided. The computing
system comprises one or more computer-readable storage
mediums storing computer-executable instructions and one
or more processors for executing the computer-executable
instructions stored in the one or more computer-readable
storage mediums. The instructions control the computing
system to identify models that are similar to the target
patient; and train the patient-specific model classifier based
on training data that includes modeled cardiograms and
model classifications of the identified models. The modeled
cardiograms are generated using a computational model of
the heart based on model heart configurations of the iden-
tified models. In some embodiments, the model classifica-
tions represent a source location for a heart disorder. In some
embodiments, the training of the patient-specific model
classifier is based on a transference from a model classifier
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generated based on model training data that includes mod-
eled cardiograms. In some embodiments, the computer-
executable instructions further control the computer system
to, for each of a plurality of clusters of similar target patients,
train a cluster-specific model classifier based on training
data that includes modeled cardiograms and model classi-
fication of models that are similar to the target patients of
that cluster. In some embodiments, the computer-executable
instructions further control the computer system to identify
a cluster whose target patients who are similar to another
target patient and apply the cluster-specific model classifier
for that identified cluster to a target patient cardiogram of the
other target patient to generate a target patient classification
for the other target patient. In some embodiments, the
computer-executable instructions control the computer sys-
tem to identify the clusters of similar target patients based on
comparison of patient heart configurations of target patients.
In some embodiments, the computer-executable instructions
control the computer system to identify the clusters of
similar target patients based on comparison of patient car-
diograms of the target patients.

[0159] In some embodiments, a method performed by a
computing system for generating a representation of an
electromagnetic source is provided. The method identifies
modeled derived electromagnetic data that matches patient
derived electromagnetic data of a patient. The modeled
derived electromagnetic data is derived from modeled elec-
tromagnetic output of the electromagnetic source generated
using a computational model of the electromagnetic source.
The modeled electromagnetic output has, for each of a
plurality of time intervals, an electromagnetic value for
locations of the electromagnetic source. The method iden-
tifies cycle within the modeled electromagnetic output from
which the matching modeled derived electromagnetic data
was derived. For each of a plurality of display locations of
the electromagnetic source, the method generates a display
electromagnetic value for that display location based on the
electromagnetic values of the modeled electromagnetic out-
put of the identified cycle. The method generates a display
representation of the electromagnetic source that includes,
for each of the plurality of display locations, a visual
representation of the display electromagnetic value for that
display location. In some embodiments, the display repre-
sentation has geometry based on anatomical parameters of
the electromagnetic source of the patient. In some embodi-
ments, the visual representation of a display electromagnetic
value is a shading based on magnitude of the display
electromagnetic value. In some embodiments, the visual
representation of a display electromagnetic value is a color
selected based on magnitude of the display electromagnetic
value. In some embodiments, the visual representation of a
display electromagnetic value is an intensity of a color based
on magnitude of the display electromagnetic value. In some
embodiments, the display electromagnetic value is based on
a difference between the electromagnetic value at the start of
the cycle and the electromagnetic value at the end of the
cycle. In some embodiments, the method further, for each of
a plurality of display intervals of the identified cycle, gen-
erates and outputs a display representation for that display
interval. In some embodiments, the display representations
are output in sequence to illustrate activations of the elec-
tromagnetic source over time. In some embodiments, when
multiple instances of derived electromagnetic data match the
patient derived electromagnetic data, the generating of the
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display electromagnetic value for a display location is based
on a combination of the electromagnetic values of the
modeled electromagnetic output from which the matching
instances of the modeled derived electromagnetic data were
derived. In some embodiments, the combination is an aver-
age that is weighted based on closeness of the match. In
some embodiments, the electromagnetic source is a heart.

[0160] In some embodiments, a method performed by a
computing system for generating a representation of a heart
is provided. The method identifies a modeled cardiogram
that is similar to a patient cardiogram of a patient. For each
of a plurality of display locations of the heart, the method
generates a display electromagnetic value for that display
location based on an electromagnetic value of modeled
electromagnetic output of a heart from which the modeled
cardiogram is derived. The modeled electromagnetic output
is generated using a computational model of the heart. The
method generates a display representation of the heart that
includes, for each of the plurality of display locations, a
visual representation of the display electromagnetic value
for that display location. In some embodiments, the display
representation has geometry based on anatomical param-
eters of the heart of the patient. In some embodiments, the
visual representation of a display electromagnetic value is an
intensity of a color based on magnitude of the display
electromagnetic value. In some embodiments, the displayed
electromagnetic value is based on a difference between the
electromagnetic value at the start of a model cycle within the
modeled electromagnetic output and the electromagnetic
value at the end of the model cycle. In some embodiments,
the model cycle is selected based on similarity to a patient
cycle within the cardiogram. In some embodiments, the
method further, for each of a plurality of display intervals of
the modeled electromagnetic output, generates and outputs
a display representation for that display interval. In some
embodiments, the display representations are output in
sequence to illustrate activations of the electromagnetic
source over time.

[0161] In some embodiments, a computing system for
displaying a representation of electrical activation of a heart
of a patient is provided. The computing system comprises
one or more computer-readable storage mediums storing
computer-executable instructions and one or more proces-
sors for executing the computer-executable instructions
stored in the one or more computer-readable storage medi-
ums. The instructions control the computing system to
identify a modeled cardiogram that is similar to a patient
cardiogram of the patient. The instructions control the
computing system to generate a display representation of the
heart that includes, for each of a plurality of display loca-
tions of the heart, a visual representation of a display value
for that display location. The display values are based on
modeled electromagnetic output of a heart from which the
modeled cardiogram is derived. The modeled electromag-
netic output is generated using a computational model of the
heart. The instructions control the computing system to
display the display representation. In some embodiments,
the display representation has geometry based on anatomical
parameters of the heart of the patient.

[0162] In some embodiments, a method performed by a
computing system for generating a surface representation of
an electromagnetic force generated by an electromagnetic
source within a body is provided. The method accesses a
sequence of vectors representing magnitude and direction of
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the electromagnetic force over time. The vectors are relative
to an origin. For each pair of adjacent vectors, the method
identifies a region based on the origin and the pair of vectors;
generates a region representation of the region; and displays
the generated region representation of the region. In some
embodiments, the method displays a representation of the
electromagnetic source so that the displayed region repre-
sentations visually emanate from the electromagnetic
source. In some embodiments, the origin is within the
electromagnetic source. In some embodiments, the electro-
magnetic source is a heart and the sequence of vectors is a
vectorcardiogram. In some embodiments, the electromag-
netic force has cycles and the region representations for a
cycle form the surface representation for that cycle, and the
method further simultaneously displays surface representa-
tions for multiple cycles. In some embodiments, the gener-
ated region representations of the regions are displayed in
sequence to illustrate changes in the electromagnetic force
over time.

[0163] In some embodiments, a computing system for
displaying a representation of vectorcardiogram is provided.
The computing system comprises one or more computer-
readable storage mediums storing computer-executable
instructions and one or more processors for executing the
computer-executable instructions stored in the one or more
computer-readable storage mediums. The instructions for
controlling the computing system to generate a surface
representation of a portion of the vectorcardiogram where
the surface representation is bounded by points representing
X, ¥, and z values of vectors of the portion of the vector-
cardiogram; and display the generated surface representa-
tion. In some embodiments, the computer-executable
instructions further control the computing system to display
a representation of the heart from which the vectorcardio-
gram is derived so that the displayed surface representation
visually emanates from the displayed representation of the
heart. In some embodiments, the vectors are relative to an
origin that is within the heart. In some embodiments, the
vectorcardiogram has cycles and wherein the computer-
executable instructions further control the computing system
to simultaneously display the surface representations for
multiple cycles. In some embodiments, the generated sur-
face representation is incrementally displayed to illustrate
changes in the vectorcardiogram over time. In some embodi-
ments, the surface representation is displayed on a region-
by-region basis.

[0164] Although the subject matter has been described in
language specific to structural features and/or acts, it is to be
understood that the subject matter defined in the appended
claims is not necessarily limited to the specific features or
acts described above. Rather, the specific features and acts
described above are disclosed as example forms of imple-
menting the claims. In some embodiments, the MLMO
system can be employed to classify electromagnetic output
of an electromagnetic source based on different types of
classifications. For example, the classifications may include
location of a heart disorder (e.g., rotor location), scar or
fibrosis or pro-arrhythmic substrate location, heart geometry
(e.g., ventricle orientation), and so on. To generate the
training data, the MLMO system labels the training data
with the classification type that the classifier is to generate.
Accordingly, the invention is not limited except as by the
appended claims.
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1. A method performed by a computing system for gen-
erating an arrhythmia model library for modeling a heart, the
method comprising:

accessing simulated anatomies of anatomical parameters

of the heart, the simulated anatomies generated based
on seed anatomies of anatomical parameters of the
heart and sets of weights that include a weight for each
seed anatomy;

accessing configuration parameters relating to anatomy

and electrophysiology of the heart;

establishing source configurations that are each based on

a simulated anatomy and a combination of configura-
tion parameters; and

for each of a plurality of the source configurations,

generating a mesh based on the simulated anatomy of
that source configuration, the mesh having vertices;
and

for each vertex of the mesh, generating model param-
eters of a computational model of the heart based on
the combination of configuration parameters of that
source configuration, the computational model for
modeling electromagnetic propagation at that vertex
based on the configuration parameters of that source
configuration.

2. The method of claim 1 further comprising generating a
simulated anatomy, the generating comprising:

accessing seed anatomies of a heart, each seed anatomy

having a seed value for each of the anatomical param-
eters of the heart;

accessing a set of weights that includes a weight for each

seed anatomy; and

for each of the anatomical parameters, generating a simu-

lated value for that anatomical parameter by combining
the seed values for that anatomical parameter, factoring
in the weights of the seed anatomies.

3. The method of claim 1 wherein the simulated anato-
mies are validated based on comparison to values for
anatomical parameters found in a population.

4. The method of claim 1 wherein the anatomical param-
eters of the seed anatomies are collected by scanning actual
hearts.

5. The method of claim 1 further comprising, for each of
a plurality of source configurations, generating a modeled
electromagnetic output of the heart for that source configu-
ration using a computational model for the heart.

6. The method of claim 5 further comprising:

for each source configuration, generating training data for

the modeled electromagnetic output that is based on
that source configuration; and

training a classifier for classifying electromagnetic output

of the heart using the training data.

7. A computing system for generating a model library of
models of an electromagnetic source within a body, the
computing system comprising:

one or more computer-readable storage mediums storing

computer-executable instructions for controlling the

computing system to:

generate simulated anatomies of anatomical parameters
of the electromagnetic source from seed anatomies;

generate source configurations that are each based on a
simulated anatomy and a combination of configura-
tion parameters; and

for each of a plurality of the source configurations,
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generate a mesh based on the simulated anatomy of
that source configuration, the mesh having verti-
ces; and
for each vertex of the mesh, generate model param-
eters of a computational model of the electromag-
netic source based on the combination of configu-
ration parameters of that source configuration; and
one or more processors for executing the computet-
executable instructions stored in the one or more com-
puter-readable storage mediums.

8. The computing system of claim 7 wherein the compu-
tational model for modeling electromagnetic propagation at
points within the mesh is based on the configuration param-
eters of a source configuration.

9. The computing system of claim 7 wherein the simu-
lated anatomies are generated based on anatomical param-
eters of the seed anatomies and sets of weights that include
a weight for each seed anatomy.

10. The computing system of claim 7 wherein the elec-
tromagnetic source is a heart and the configuration param-
eters are selected from the group consisting of torso
anatomy, normal and abnormal cardiac anatomy, normal and
abnormal cardiac tissue, scar, fibrosis, inflammation, edema,
accessory pathways, congenital heart disease, malignancy,
sites of prior ablation, sites of prior surgery, sites of external
radiation therapy, pacing leads, implantable cardioverter-
defibrillator leads, cardiac resynchronization therapy leads,
pacemaker pulse generator location, implantable cardio-
verter-defibrillator pulse generator location, subcutaneous
defibrillator lead location, subcutaneous defibrillator pulse
generator location, leadless pacemaker location, other
implanted hardware, external defibrillation electrodes, sur-
face ECG leads, surface mapping leads, a mapping vest, and
other normal and pathophysiologic feature distributions
within the heart, action potential dynamics for the heart, sets
of conductivities for the heart, and arrhythmia source loca-
tions within the heart.

11. The computing system of claim 7 wherein the simu-
lated anatomies are validated based on comparison to values
for anatomical parameters found in a population.

12. The computing system of claim 7 wherein the ana-
tomical parameters of the seed anatomies are collected by
scanning actual electromagnetic sources.

13. The computing system of claim 7 wherein the com-
puter-executable instructions further control the computing
system to, for each of a plurality of source configurations,
generate a modeled electromagnetic output of the electro-
magnetic source for that source configuration using a com-
putational model for the electromagnetic source.

14. The computing system of claim 13 wherein the
computer-executable instructions further control the com-
puting system to:

for each source configuration, generate training data for

the modeled electromagnetic output that is based on
that source configuration; and
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train a classifier for classifying electromagnetic output of
the electromagnetic source using the training data.

15. A method performed by a computing system for
generating a model library of models of an electromagnetic
source within a body, comprising:

accessing simulated anatomies of anatomical parameters
of the electromagnetic source;

generating source configurations that are each based on a
simulated anatomy and a combination of configuration
parameters; and

for each of a plurality of the source configurations,
generating a model based on the simulated anatomy of
that source configuration, the combination of configu-
ration parameters of that source configuration, and a
computational model of the electromagnetic source.

16. The method of claim 15 wherein the generating of a
model includes generating a mesh based on the simulated
anatomy of that source configuration and, for each vertex of
the mesh, generating model parameters of a computational
model of the electromagnetic source based on the combi-
nation of configuration parameters of that source configu-
ration.

17. The method of claim 16 wherein the computational
model is for modeling electromagnetic propagation at points
within the mesh based on the configuration parameters of a
source configuration.

18. The method of claim 15 wherein the electromagnetic
source is a heart and the models are arrhythmia models.

19. The method of claim 15 further comprising generating
the simulated anatomies based on anatomical parameters of
seed anatomies and sets of weights that include a weight for
each seed anatomy.

20. The method of claim 15 wherein the electromagnetic
source is a heart and the configuration parameters are
selected from the group consisting of torso anatomy, normal
and abnormal cardiac anatomy, normal and abnormal car-
diac tissue, scar, fibrosis, inflammation, edema, accessory
pathways, congenital heart disease, malignancy, sites of
prior ablation, sites of prior surgery, sites of external radia-
tion therapy, pacing leads, implantable cardioverter-defibril-
lator leads, cardiac resynchronization therapy leads, pace-
maker pulse generator location, implantable cardioverter-
defibrillator pulse generator location, subcutaneous
defibrillator lead location, subcutaneous defibrillator pulse
generator location, leadless pacemaker location, other
implanted hardware, external defibrillation electrodes, sur-
face ECG leads, surface mapping leads, a mapping vest, and
other normal and pathophysiologic feature distributions
within the heart, action potential dynamics for the heart, sets
of conductivities for the heart, and arrhythmia source loca-
tions within the heart.
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