
Printed by Jouve, 75001 PARIS (FR)

(19)
EP

3 
96

7 
25

8
A

1
*EP003967258A1*

(11) EP 3 967 258 A1
(12) EUROPEAN PATENT APPLICATION

(43) Date of publication: 
16.03.2022 Bulletin 2022/11

(21) Application number: 21196345.9

(22) Date of filing: 13.09.2021

(51) International Patent Classification (IPC):
A61B 34/10 (2016.01) A61B 18/12 (2006.01)

A61B 18/14 (2006.01) G06N 3/04 (2006.01)

G06N 3/08 (2006.01) A61B 34/20 (2016.01)

A61B 17/00 (2006.01) A61B 90/00 (2016.01)

(52) Cooperative Patent Classification (CPC): 
G06N 3/04; A61B 18/1492; A61B 34/10; 
A61B 2017/00035; A61B 2017/00092; 
A61B 2017/00243; A61B 2034/104; 
A61B 2034/2048; A61B 2034/2051; 
A61B 2034/2053; A61B 2034/2072; 
A61B 2090/3782; G06N 3/084 

(84) Designated Contracting States: 
AL AT BE BG CH CY CZ DE DK EE ES FI FR GB 
GR HR HU IE IS IT LI LT LU LV MC MK MT NL NO 
PL PT RO RS SE SI SK SM TR
Designated Extension States: 
BA ME
Designated Validation States: 
KH MA MD TN

(30) Priority: 14.09.2020 US 202063077930 P
10.09.2021 US 202117471464

(71) Applicant: Biosense Webster (Israel) Ltd
Yokneam, 2066717 (IL)

(72) Inventors:  
• DORON, Itai

Yokneam (IL)
• BARAM, Alon

Yokneam (IL)

• ELIYAHU, Shiran
Yokneam (IL)

• COHEN, Assaf
Yokneam (IL)

• HAYAM, Gal
Yokneam (IL)

• KAUFMAN, Ana
Yokneam (IL)

• ZIV-ARI, Morris
Yokneam (IL)

• BOTZER, Lior
Yokneam (IL)

• AUERBACH, Shmuel
Yokneam (IL)

(74) Representative: Carpmaels & Ransford LLP
One Southampton Row
London WC1B 5HA (GB)

(54) IDENTIFICATION OF ABLATION GAPS

(57) A method is described herein. The method is
implemented by an optimization engine executed by a
processor. The optimization engine receives data that
includes performance metrics of mapping and ablation
procedures. In turn, the optimization generates proce-
dure expected outcomes for the mapping and ablation

procedures based on the data and success predictions
for a current ablation procedure utilizing the procedure
expected outcomes. The optimization engine, also, out-
puts an ablation recommendation based on the success
predictions.
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Description

CROSS-REFERENCES

[0001] This application claims the benefit of U.S. Pro-
visional Application No. 63/077,930, filed September 14,
2020, which is incorporated by reference as if fully set
forth.

FIELD OF INVENTION

[0002] The disclosure herein is related to machine
learning (ML) and artificial intelligence (AI) associated
with the identification of ablation gaps.

BACKGROUND

[0003] Patients can undergo a pulmonary vein (PV)
isolation in atrial fibrillation (aFib). In some cases, there
is reoccurrence of the aFib, which may require a redo of
the procedure. At present, there is a need for a utility that
helps a physician to determine if the redo of the procedure
is likely to have a positive outcome and decide upon a
correct course of action, while reducing risk to the patient.

SUMMARY

[0004] According to an exemplary embodiment, a
method is provided. The method is implemented by an
optimization engine executed by one or more processors.
The method includes receiving data including perform-
ance metrics of mapping and ablation procedures, gen-
erating procedure expected outcomes for the mapping
and ablation procedures based on the data, generating
one or more success predictions for a current ablation
procedure utilizing the procedure expected outcomes,
and outputting an ablation recommendation based on
the one or more success predictions.
[0005] According to one or more embodiments, the ex-
emplary method embodiment above can be implemented
as an apparatus, a system, and/or a computer program
product.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006] A more detailed understanding may be had from
the following description, given by way of example in con-
junction with the accompanying drawings, wherein like
reference numerals in the figures indicate like elements,
and wherein:

FIG. 1 illustrates a diagram of an exemplary system
in which one or more features of the disclosure sub-
ject matter can be implemented according to one or
more embodiments;

FIG. 2 illustrates a block diagram of an example sys-
tem for an anatomically correct reconstruction of an

atrium according to one or more embodiments;

FIG. 3 illustrates a method according to one or more
embodiments;

FIG. 4 illustrates a graphical depiction of an AI sys-
tem according to one or more embodiments;

FIG. 5 illustrates an example of a neural network and
a block diagram of a method performed in the neural
network according to one or more embodiments;

FIG. 6 illustrates a method according to one or more
embodiments; and

FIG. 7 illustrates a graph according to one or more
embodiments.

DETAILED DESCRIPTION

[0007] The disclosure herein is related to ML/AI asso-
ciated with the identification of ablation gaps.
[0008] According to one or more embodiments, an op-
timization engine is provided to physicians. The optimi-
zation engine can be implemented as a method, an ap-
paratus, a system, and/or a computer program product.
In general, the optimization engine provides a score rep-
resenting/identifying ablation gaps using ML/AI for pre-
vious and current mapping and ablation procedures.
[0009] In an example operation, the optimization en-
gine provides a score representing/identifying ablation
gaps by receiving data including performance metrics of
mapping and ablation procedures. The optimization en-
gine then generates procedure expected outcomes for
the mapping and ablation procedures based on the data
and success predictions for a current ablation procedure.
The optimization engine, further, outputs a probability for
a redo procedure based on the success prediction. The
probably for the redo can be the score, which indicates
a likelihood of the current ablation procedure being suc-
cessful (e.g., a likelihood of redo is small if the score is
closer to 1 or a higher percentage). The optimization en-
gine can also output subsequent probabilities or scores
indicating whether the likelihood got better following
some additional actions and/or ablations and whether a
closer investigation is required for the specific patient.
[0010] In a practical example, the optimization engine
identifies successful procedures by receiving data. The
data includes performances (e.g., the procedure expect-
ed outcomes) of previous ablation procedures. The data
can be generated from at least one sensor used during
these previous ablation procedures. The optimization en-
gine generates a model using the data with respect to
the successful procedures and with respect to a redo
procedure necessity (e.g., the performances). The opti-
mization engine compares current data with the model
to predict a success, whether acute or long term, for a
current ablation procedure. The optimization engine,
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then, outputs for a physician a potential location for po-
tentially needed ablation based upon the prediction to
avoid electrical reconnections in the ablation chain.
[0011] In this way, the optimization engine determines
whether a redo of any procedure is likely to have a pos-
itive outcome and provide such determinations with a
correct/suggested course of action. Thus, the technical
effects, advantages, and benefits of the optimization en-
gine include reducing risks to the patient by raising a
success probability for a next procedure and/or eliminat-
ing unnecessary subsequent procedures.
[0012] According to one or more embodiment, a meth-
od is provided. The method is implemented by an opti-
mization engine executed by one or more processors.
The method includes receiving data including perform-
ance metrics of mapping and ablation procedures, gen-
erating procedure expected outcomes for the mapping
and ablation procedures based on the data, generating
one or more success predictions for a current ablation
procedure utilizing the procedure expected outcomes,
and outputting an ablation recommendation based on
the one or more success predictions.
[0013] According to one or more embodiments or any
of the method embodiments herein, the data can include
anatomical and electrical measurements acquired in a
portion of an atrium during the mapping and ablation pro-
cedures.
[0014] According to one or more embodiments or any
of the method embodiments herein, the ablation recom-
mendation can receive the data from at least one sensor
comprising a catheter or a body surface electrode.
[0015] According to one or more embodiments or any
of the method embodiments herein, the data can include
comprise long outcome results, patient demographics,
procedure parameters related to the mapping and abla-
tion procedures, or information related to prior electro-
physiology procedures.
[0016] According to one or more embodiments or any
of the method embodiments herein, the procedure ex-
pected outcomes identify performances of the mapping
and ablation procedures with respect to acute success
or long term success at preventing atrial fibrillation reoc-
currence.
[0017] According to one or more embodiments or any
of the method embodiments herein, the ablation recom-
mendation can analyze the data to build and train a model
that determines the procedure expected outcomes.
[0018] According to one or more embodiments or any
of the method embodiments herein, the ablation recom-
mendation can utilize a model to analyze successful pro-
cedures of the data to determine the procedure expected
outcomes of the mapping and ablation procedures.
[0019] According to one or more embodiments or any
of the method embodiments herein, the ablation recom-
mendation can utilize a model and the procedure expect-
ed outcomes of the mapping and ablation procedures to
analyze biometric data of the current ablation procedure
to determine the one or more success predictions.

[0020] According to one or more embodiments or any
of the method embodiments herein, the one or more suc-
cess predictions can include a redo procedure necessity
with respect to one or more ablation gaps and/or acute
or long term outcomes for the current ablation procedure.
[0021] According to one or more embodiments or any
of the method embodiments herein, the ablation recom-
mendation can include an area for ablation based on the
one or more success prediction and a probability for a
redo procedure.
[0022] According to one or more embodiments, a sys-
tem is provided. The system includes a memory storing
processor executable instructions for an optimization en-
gine and one or more processors implementing the proc-
essor executable instructions to cause the optimization
engine to receive data including performance metrics of
mapping and ablation procedures; generate procedure
expected outcomes for the mapping and ablation proce-
dures based on the data; generate one or more success
predictions for a current ablation procedure utilizing the
procedure expected outcomes, and output an ablation
recommendation based on the one or more success pre-
dictions.
[0023] According to one or more embodiments or any
of the system embodiments herein, the data can include
anatomical and electrical measurements acquired in a
portion of an atrium during the mapping and ablation pro-
cedures.
[0024] According to one or more embodiments or any
of the system embodiments herein, the ablation recom-
mendation can receive the data from at least one sensor
comprising a catheter or a body surface electrode.
[0025] According to one or more embodiments or any
of the system embodiments herein, the data can include
comprise long outcome results, patient demographics,
procedure parameters related to the mapping and abla-
tion procedures, or information related to prior electro-
physiology procedures.
[0026] According to one or more embodiments or any
of the system embodiments herein, the procedure ex-
pected outcomes identify performances of the mapping
and ablation procedures with respect to acute success
or long term success at preventing atrial fibrillation reoc-
currence.
[0027] According to one or more embodiments or any
of the system embodiments herein, the ablation recom-
mendation can analyze the data to build and train a model
that determines the procedure expected outcomes.
[0028] According to one or more embodiments or any
of the system embodiments herein, the ablation recom-
mendation can utilize a model to analyze successful pro-
cedures of the data to determine the procedure expected
outcomes of the mapping and ablation procedures.
[0029] According to one or more embodiments or any
of the system embodiments herein, the ablation recom-
mendation can utilize a model and the procedure expect-
ed outcomes of the mapping and ablation procedures to
analyze biometric data of the current ablation procedure
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to determine the one or more success predictions.
[0030] According to one or more embodiments or any
of the system embodiments herein, the one or more suc-
cess predictions can include a redo procedure necessity
with respect to one or more ablation gaps and/or acute
or long term outcomes for the current ablation procedure.
[0031] According to one or more embodiments or any
of the system embodiments herein, the ablation recom-
mendation can include an area for ablation based on the
one or more success prediction and a probability for a
redo procedure.
[0032] FIG. 1 is a diagram of an example system (e.g.,
medical device equipment), shown as a system 100, in
which one or more features of the subject matter herein
can be implemented according to one or more embodi-
ments. All or part of the system 100 can be used to collect
information (e.g., data/inputs, such as biometric data
and/or a training dataset) and/or used to implement an
optimization engine 101 (e.g., a ML/AI algorithm or model
thereof). The optimization engine 101 can be defined as
an optimization in which model parameters that best fit
data and prior statistical knowledge are estimated in an
iterative process to identify ablation gaps and predict suc-
cess.
[0033] The system 100, as illustrated, includes a probe
105 with a catheter 110 (including at least one electrode
111), a shaft 112, a sheath 113, and a manipulator 114.
The system 100, as illustrated, also includes a physician
115 (or a medical professional, technician, clinician, etc.),
a heart 120, a patient 125, and a bed 130 (or a table).
Note that insets 140 and 150 show the heart 120 and the
catheter 110 in greater detail. The system 100 also, as
illustrated, includes a console 160 (including one or more
processors 161 and memories 162) and a display 165.
Note further each element and/or item of the system 100
is representative of one or more of that element and/or
that item. The example of the system 100 shown in FIG.
1 can be modified to implement the embodiments dis-
closed herein. The disclosed embodiments can similarly
be applied using other system components and settings.
Additionally, the system 100 can include additional com-
ponents, such as elements for sensing electrical activity,
wired or wireless connectors, processing and display de-
vices, or the like.
[0034] The system 100 can be utilized to detect, diag-
nose, and/or treat cardiac conditions (e.g., using the op-
timization engine 101). Cardiac conditions, such as car-
diac arrhythmias, persist as common and dangerous
medical ailments, especially in the aging population. For
instance, the system 100 can be part of a surgical system
(e.g., CARTO® system sold by Biosense Webster) that
is configured to obtain biometric data (e.g., anatomical
and electrical measurements of a patient’s organ, such
as the heart 120) and perform a cardiac ablation proce-
dure. According to one or more embodiments, the bio-
metric data can include anatomical and electrical meas-
urements acquired in a significant portion of an atrium
during the mapping and ablation procedures

[0035] More particularly, treatments for cardiac condi-
tions such as cardiac arrhythmia often require obtaining
a detailed mapping of cardiac tissue, chambers, veins,
arteries and/or electrical pathways. For example, a pre-
requisite for performing a catheter ablation (as described
herein) successfully is that the cause of the cardiac ar-
rhythmia is accurately located in a chamber of the heart
120. Such locating may be done via an electrophysiolog-
ical investigation during which electrical potentials are
detected spatially resolved with a mapping catheter (e.g.,
the catheter 110) introduced into the chamber of the heart
120. This electrophysiological investigation, the so-
called electro-anatomical mapping, thus provides 3D
mapping data which can be displayed on a monitor. In
many cases, the mapping function and a treatment func-
tion (e.g., ablation) are provided by a single catheter or
group of catheters such that the mapping catheter also
operates as a treatment (e.g., ablation) catheter at the
same time. In this case, the optimization engine 101 can
be directly stored and executed by the catheter 110.
[0036] In patients (e.g., the patient 125) with normal
sinus rhythm (NSR), the heart (e.g., the heart 120), which
includes atrial, ventricular, and excitatory conduction tis-
sue, is electrically excited to beat in a synchronous, pat-
terned fashion. Note that this electrical excitement can
be detected as intracardiac electrocardiogram (IC ECG)
data or the like.
[0037] In patients (e.g., the patient 125) with a cardiac
arrhythmia (e.g., atrial fibrillation or aFib), abnormal re-
gions of cardiac tissue do not follow a synchronous beat-
ing cycle associated with normally conductive tissue,
which is in contrast to patients with NSR. Instead, the
abnormal regions of cardiac tissue aberrantly conduct to
adjacent tissue, thereby disrupting the cardiac cycle into
an asynchronous cardiac rhythm. Note that this asyn-
chronous cardiac rhythm can also be detected as the IC
ECG data. Such abnormal conduction has been previ-
ously known to occur at various regions of the heart 120,
for example, in the region of the sino-atrial (SA) node,
along the conduction pathways of the atrioventricular
(AV) node, or in the cardiac muscle tissue forming the
walls of the ventricular and atrial cardiac chambers.
There are other conditions, such as flutter, where the
pattern of abnormally conducting tissues lead to reentry
paths such that the chamber beats in a regular pattern
that can be multiple times the sinus rhythm.
[0038] In support of the system 100 detecting, diag-
nosing, and/or treating cardiac conditions, the probe 105
can be navigated by the physician 115 into the heart 120
of the patient 125 lying on the bed 130. For instance, the
physician 115 can insert the shaft 112 through the sheath
113, while manipulating a distal end of the shaft 112 using
the manipulator 114 near the proximal end of the catheter
110 and/or deflection from the sheath 113. As shown in
an inset 140, the catheter 110 can be fitted at the distal
end of the shaft 112. The catheter 110 can be inserted
through the sheath 113 in a collapsed state and can be
then expanded within the heart 120.
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[0039] Generally, electrical activity at a point in the
heart 120 may be typically measured by advancing the
catheter 110 containing an electrical sensor at or near
its distal tip (e.g., the at least one electrode 111) to that
point in the heart 120, contacting the tissue with the sen-
sor and acquiring data at that point. One drawback with
mapping a cardiac chamber using a catheter type con-
taining only a single, distal tip electrode is the long period
of time required to accumulate data on a point-by-point
basis over the requisite number of points required for a
detailed map of the chamber as a whole. Accordingly,
multiple-electrode catheters (e.g., the catheter 110) have
been developed to simultaneously measure electrical ac-
tivity at multiple points in the heart chamber.
[0040] The catheter 110, which can include the at least
one electrode 111 and a catheter needle coupled onto a
body thereof, can be configured to obtain biometric data,
such as electrical signals of an intra-body organ (e.g.,
the heart 120), and/or to ablate tissue areas of thereof
(e.g., a cardiac chamber of the heart 120). Note that the
electrodes 111 are representative of any like elements,
such as tracking coils, piezoelectric transducer, elec-
trodes, or combination of elements configured to ablate
the tissue areas or to obtain the biometric data. According
to one or more embodiments, the catheter 110 can in-
clude one or more position sensors that used are to de-
termine trajectory information. The trajectory information
can be used to infer motion characteristics, such as the
contractility of the tissue.
[0041] Biometric data (e.g., patient biometrics, patient
data, or patient biometric data) can include one or more
of local activation times (LATs), electrical activity, topol-
ogy, bipolar mapping, reference activity, ventricle activ-
ity, dominant frequency, impedance, or the like. The LAT
can be a point in time of a threshold activity corresponding
to a local activation, calculated based on a normalized
initial starting point. Electrical activity can be any appli-
cable electrical signals that can be measured based on
one or more thresholds and can be sensed and/or aug-
mented based on signal to noise ratios and/or other fil-
ters. A topology can correspond to the physical structure
of a body part or a portion of a body part and can corre-
spond to changes in the physical structure relative to dif-
ferent parts of the body part or relative to different body
parts. A dominant frequency can be a frequency or a
range of frequency that is prevalent at a portion of a body
part and can be different in different portions of the same
body part. For example, the dominant frequency of a PV
of a heart can be different than the dominant frequency
of the right atrium of the same heart. Impedance can be
the resistance measurement at a given area of a body
part.
[0042] Examples of biometric data include, but are not
limited to, patient identification data, IC ECG data, bipolar
intracardiac reference signals, anatomical and electrical
measurements, trajectory information, body surface (BS)
ECG data, historical data, brain biometrics, blood pres-
sure data, ultrasound signals, radio signals, audio sig-

nals, a two- or three-dimensional image data, blood glu-
cose data, and temperature data. The biometrics data
can be used, generally, to monitor, diagnosis, and treat-
ment any number of various diseases, such as cardio-
vascular diseases (e.g., arrhythmias, cardiomyopathy,
and coronary artery disease) and autoimmune diseases
(e.g., type I and type II diabetes). Note that BS ECG data
can include data and signals collected from electrodes
on a surface of a patient, IC ECG data can include data
and signals collected from electrodes within the patient,
and ablation data can include data and signals collected
from tissue that has been ablated. Further, BS ECG data,
IC ECG data, and ablation data, along with catheter elec-
trode position data, can be derived from one or more
procedure recordings.
[0043] For example, the catheter 110 can use the elec-
trodes 111 to implement intravascular ultrasound and/or
MRI catheterization to image the heart 120 (e.g., obtain
and process the biometric data). Inset 150 shows the
catheter 110 in an enlarged view, inside a cardiac cham-
ber of the heart 120. Although the catheter 110 is shown
to be a point catheter, it will be understood that any shape
that includes one or more electrodes 111 can be used to
implement the exemplary embodiments disclosed here-
in.
[0044] Examples of the catheter 110 include, but are
not limited to, a linear catheter with multiple electrodes,
a balloon catheter including electrodes dispersed on mul-
tiple spines that shape the balloon, a lasso or loop cath-
eter with multiple electrodes, a contact-force sensing
catheter, or any other applicable shape or type. Linear
catheters can be fully or partially elastic such that it can
twist, bend, and or otherwise change its shape based on
received signal and/or based on application of an exter-
nal force (e.g., cardiac tissue) on the linear catheter. The
balloon catheter can be designed such that when de-
ployed into a patient’s body, its electrodes can be held
in intimate contact against an endocardial surface. As an
example, a balloon catheter can be inserted into a lumen,
such as a PV. The balloon catheter can be inserted into
the PV in a deflated state, such that the balloon catheter
does not occupy its maximum volume while being insert-
ed into the PV. The balloon catheter can expand while
inside the PV, such that those electrodes on the balloon
catheter are in contact with an entire circular section of
the PV. Such contact with an entire circular section of
the PV, or any other lumen, can enable efficient imaging
and/or ablation.
[0045] According to other examples, body patches
and/or body surface electrodes may also be positioned
on or proximate to a body of the patient 125. The catheter
110 with the one or more electrodes 111 can be posi-
tioned within the body (e.g., within the heart 120) and a
position of the catheter 110 can be determined by the
100 system based on signals transmitted and received
between the one or more electrodes 111 of the catheter
110 and the body patches and/or body surface elec-
trodes. Additionally, the electrodes 111 can sense the
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biometric data from within the body of the patient 125,
such as within the heart 120 (e.g., the electrodes 111
sense the electrical potential of the tissue in real time).
The biometric data can be associated with the deter-
mined position of the catheter 110 such that a rendering
of the patient’s body part (e.g., the heart 120) can be
displayed and show the biometric data overlaid on a
shape of the body part.
[0046] The probe 105 and other items of the system
100 can be connected to the console 160. The console
160 can include any computing device, which employs
the ML/AI algorithm or model (represented as the opti-
mization engine 101). According to an exemplary em-
bodiment, the console 160 includes the one or more proc-
essors 161 (any computing hardware) and the memory
162 (any non-transitory tangible media), where the one
or more processors 161 execute computer instructions
with respect the optimization engine 101 and the memory
162 stores these instructions for execution by the one or
more processors 161. For instance, the console 160 can
be configured to receive and/or store the biometric data
on a database of the memory 162, process the biometric
data, and determine if a given tissue area conducts elec-
tricity.
[0047] According to one or more embodiments, the
console 160 can be further programmed by the optimi-
zation engine 101 (in software) to carry out the functions
of receiving data including performance metrics of map-
ping and ablation procedures, generating procedure ex-
pected outcomes for the mapping and ablation proce-
dures based on the data, generating success predictions
for a current ablation procedure, and outputting a prob-
ability for a redo procedure based on the success pre-
diction. In this regard, the optimization engine 101 can
include, implement, and/or incorporate an unsupervised
and/or supervised ML/AI algorithm (described herein
with respect to FIGS. 3 and 6).
[0048] Generally, the optimization engine 101 can pro-
vide one or more user interfaces, such as on behalf of
the operating system or other application and/or directly
as needed. The user interfaces include, but are not lim-
ited to, internet browsers, graphic user interfaces (GUIs),
window interfaces, and/or other visual interfaces for ap-
plications, operating systems, file folders, and the like.
According to one or more embodiments, the optimization
engine 101 can be external to the console 160 and can
be located, for example, in the catheter 110, in an external
device, in a mobile device, in a cloud-based device, or
can be a standalone processor. In this regard, the opti-
mization engine 101 can be transferable/downloaded in
electronic form, over a network.
[0049] In an example, the console 160 can be any com-
puting device, as noted herein, including software (e.g.,
the optimization engine 101) and/or hardware (e.g., the
processor 161 and the memory 162), such as a general-
purpose computer, with suitable front end and interface
circuits for transmitting and receiving signals to and from
the probe 105, as well as for controlling the other com-

ponents of the system 100. For example, the front end
and interface circuits include input/output (I/O) commu-
nication interfaces that enables the console 160 to re-
ceive signals from and/or transfer signals to the at least
one electrode 111. The console 160 can include real-
time noise reduction circuitry typically configured as a
field programmable gate array (FPGA), followed by an
analog-to-digital (A/D) ECG or electrocardiograph/elec-
tromyogram (EMG) signal conversion integrated circuit.
The console 160 can pass the signal from an A/D ECG
or EMG circuit to another processor and/or can be pro-
grammed to perform one or more functions disclosed
herein.
[0050] The display 165, which can be any electronic
device for the visual presentation of the biometric data,
is connected to the console 160. According to an exem-
plary embodiment, during a procedure, the console 160
can facilitate on the display 165 a presentation of a body
part rendering to the physician 115 and store data rep-
resenting the body part rendering in the memory 162.
For instance, maps depicting motion characteristics can
be rendered/constructed based on the trajectory infor-
mation sampled at a sufficient number of points in the
heart 120. As an example, the display 165 can include a
touchscreen that can be configured to accept inputs from
the physician 115, in addition to presenting the body part
rendering.
[0051] In some embodiments, the physician 115 can
manipulate the elements of the system 100 and/or the
body part rendering using one or more input devices,
such as a touch pad, a mouse, a keyboard, a gesture
recognition apparatus, or the like. For example, an input
device can be used to change a position of the catheter
110, such that rendering is updated. Note that the display
165 can be located at a same location or a remote loca-
tion, such as a separate hospital or in separate healthcare
provider networks.
[0052] According to one or more embodiments, the
system 100 can also obtain the biometric data using ul-
trasound, computed tomography (CT), MRI, or other
medical imaging techniques utilizing the catheter 110 or
other medical equipment. For instance, the system 100
can obtain ECG data and/or anatomical and electrical
measurements of the heart 120 (e.g., the biometric data)
using one or more catheters 110 or other sensors. More
particularly, the console 160 can be connected, by a ca-
ble, to BS electrodes, which include adhesive skin patch-
es affixed to the patient 125. The BS electrodes can pro-
cure/generate the biometric data in the form of the BS
ECG data. For instance, the processor 161 can deter-
mine position coordinates of the catheter 110 inside the
body part (e.g., the heart 120) of the patient 125. The
position coordinates may be based on impedances or
electromagnetic fields measured between the body sur-
face electrodes and the electrode 111 of the catheter 110
or other electromagnetic components. Additionally, or al-
ternatively, location pads, which generate magnetic
fields used for navigation, may be located on a surface
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of the bed 130 and may be separate from the bed 130.
The biometric data can be transmitted to the console 160
and stored in the memory 162. Alternatively, or in addi-
tion, the biometric data may be transmitted to a server,
which may be local or remote, using a network as further
described herein.
[0053] According to one or more exemplary embodi-
ments, the catheter 110 may be configured to ablate tis-
sue areas of a cardiac chamber of the heart 120. Inset
150 shows the catheter 110 in an enlarged view, inside
a cardiac chamber of the heart 120. For instance, ablation
electrodes, such as the at least one electrode 111, may
be configured to provide energy to tissue areas of an
intra-body organ (e.g., the heart 120). The energy may
be thermal energy and may cause damage to the tissue
area starting from the surface of the tissue area and ex-
tending into the thickness of the tissue area. The biomet-
ric data with respect to ablation procedures (e.g., ablation
tissues, ablation locations, etc.) can be considered ab-
lation data.
[0054] According to an example, with respect to ob-
taining the biometric data, a multi-electrode catheter
(e.g., the catheter 110) can be advanced into a chamber
of the heart 120. Anteroposterior (AP) and lateral fluor-
ograms can be obtained to establish the position and
orientation of each of the electrodes. ECGs can be re-
corded from each of the electrodes 111 in contact with a
cardiac surface relative to a temporal reference, such as
the onset of the P-wave in sinus rhythm from a BS ECG
and/or signals from electrodes 111 of the catheter 110
placed in the coronary sinus. The system, as further dis-
closed herein, may differentiate between those elec-
trodes that register electrical activity and those that do
not due to absence of close proximity to the endocardial
wall. After initial ECGs are recorded, the catheter may
be repositioned, and fluorograms and ECGs may be re-
corded again. An electrical map (e.g., via cardiac map-
ping) can then be constructed from iterations of the proc-
ess above.
[0055] Cardiac mapping can be implemented using
one or more techniques. Generally, mapping of cardiac
areas such as cardiac regions, tissue, veins, arteries
and/or electrical pathways of the heart 120 may result in
identifying problem areas such as scar tissue, arrhythmia
sources (e.g., electric rotors), healthy areas, and the like.
Cardiac areas may be mapped such that a visual ren-
dering of the mapped cardiac areas is provided using a
display, as further disclosed herein. Additionally, cardiac
mapping (which is an example of heart imaging) may
include mapping based on one or more modalities such
as, but not limited to LAT, local activation velocity, an
electrical activity, a topology, a bipolar mapping, a dom-
inant frequency, or an impedance. Data (e.g., biometric
data) corresponding to multiple modalities may be cap-
tured using a catheter (e.g., the catheter 110) inserted
into a patient’s body and may be provided for rendering
at the same time or at different times based on corre-
sponding settings and/or preferences of the physician

115.
[0056] As an example of a first technique, cardiac map-
ping may be implemented by sensing an electrical prop-
erty of heart tissue, for example, LAT, as a function of
the precise location within the heart 120. The correspond-
ing data (e.g., biometric data) may be acquired with one
or more catheters (e.g., the catheter 110) that are ad-
vanced into the heart 120 and that have electrical and
location sensors (e.g., the electrodes 111) in their distal
tips. As specific examples, location and electrical activity
may be initially measured on about 10 to about 20 points
on the interior surface of the heart 120. These data points
may be generally sufficient to generate a preliminary re-
construction or map of the cardiac surface to a satisfac-
tory quality. The preliminary map may be combined with
data taken at additional points to generate a more com-
prehensive map of the heart’s electrical activity. In clinical
settings, it is not uncommon to accumulate data at 100
or more sites (e.g., several thousand) to generate a de-
tailed, comprehensive map of heart chamber electrical
activity. The generated detailed map may then serve as
the basis for deciding on a therapeutic course of action,
for example, tissue ablation as described herein, to alter
the propagation of the heart’s electrical activity and to
restore normal heart rhythm.
[0057] Further, cardiac mapping can be generated
based on detection of intracardiac electrical potential
fields (e.g., which is an example of IC ECG data and/or
bipolar intracardiac reference signals). A non-contact
technique to simultaneously acquire a large amount of
cardiac electrical information may be implemented. For
example, a catheter type having a distal end portion may
be provided with a series of sensor electrodes distributed
over its surface and connected to insulated electrical con-
ductors for connection to signal sensing and processing
means. The size and shape of the end portion may be
such that the electrodes are spaced substantially away
from the wall of the cardiac chamber. Intracardiac poten-
tial fields may be detected during a single cardiac beat.
According to an example, the sensor electrodes may be
distributed on a series of circumferences lying in planes
spaced from each other. These planes may be perpen-
dicular to the maj or axis of the end portion of the catheter.
At least two additional electrodes may be provided adja-
cent at the ends of the major axis of the end portion. As
a more specific example, the catheter may include four
circumferences with eight electrodes spaced equiangu-
larly on each circumference. Accordingly, in this specific
implementation, the catheter may include at least 34
electrodes (32 circumferential and 2 end electrodes). As
another more specific example, the catheter may include
other multi-spline catheters, such as five soft flexible
branches, eight radial splines, or a parallel splined pan-
cake turner type (e.g., any of which may have a total of
42 electrodes).
[0058] As example of electrical or cardiac mapping, an
electrophysiological cardiac mapping system and tech-
nique based on a non-contact and non-expanded multi-
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electrode catheter (e.g., the catheter 110) can be imple-
mented. ECGs may be obtained with one or more cath-
eters 110 having multiple electrodes (e.g., such as be-
tween 42 to 122 electrodes). According to this implemen-
tation, knowledge of the relative geometry of the probe
and the endocardium can be obtained by an independent
imaging modality, such as transesophageal echocardi-
ography. After the independent imaging, non-contact
electrodes may be used to measure cardiac surface po-
tentials and construct maps therefrom (e.g., in some cas-
es using bipolar intracardiac reference signals). This
technique can include the following steps (after the inde-
pendent imaging step): (a) measuring electrical poten-
tials with a plurality of electrodes disposed on a probe
positioned in the heart 120; (b) determining the geometric
relationship of the probe surface and the endocardial sur-
face and/or other reference; (c) generating a matrix of
coefficients representing the geometric relationship of
the probe surface and the endocardial surface; and (d)
determining endocardial potentials based on the elec-
trode potentials and the matrix of coefficients.
[0059] As another example of electrical or cardiac
mapping, a technique and apparatus for mapping the
electrical potential distribution of a heart chamber can be
implemented. An intracardiac multi-electrode mapping
catheter assembly can be inserted into the heart 120.
The mapping catheter (e.g., the catheter 110) assembly
can include a multi-electrode array with one or more in-
tegral reference electrodes (e.g., one or the electrodes
111) or a companion reference catheter.
[0060] According to one or more exemplary embodi-
ments, the electrodes may be deployed in the form of a
substantially spherical array, which may be spatially ref-
erenced to a point on the endocardial surface by the ref-
erence electrode or by the reference catheter this is
brought into contact with the endocardial surface. The
preferred electrode array catheter may carry a number
of individual electrode sites (e.g., at least 24). Addition-
ally, this example technique may be implemented with
knowledge of the location of each of the electrode sites
on the array, as well as knowledge of the cardiac geom-
etry. These locations are preferably determined by a
technique of impedance plethysmography.
[0061] In view of electrical or cardiac mapping and ac-
cording to another example, the catheter 110 can be a
heart mapping catheter assembly that may include an
electrode array defining a number of electrode sites. The
heart mapping catheter assembly can also include a lu-
men to accept a reference catheter having a distal tip
electrode assembly that may be used to probe the heart
wall. The map heart mapping catheter assembly can in-
clude a braid of insulated wires (e.g., having 24 to 64
wires in the braid), and each of the wires may be used
to form electrode sites. The heart mapping catheter as-
sembly may be readily positionable in the heart 120 to
be used to acquire electrical activity information from a
first set of non-contact electrode sites and/or a second
set of in-contact electrode sites.

[0062] Further, according to another example, the
catheter 110 that can implement mapping electrophysi-
ological activity within the heart can include a distal tip
that is adapted for delivery of a stimulating pulse for pac-
ing the heart or an ablative electrode for ablating tissue
in contact with the tip. This catheter 110 can further in-
clude at least one pair of orthogonal electrodes to gen-
erate a difference signal indicative of the local cardiac
electrical activity adjacent the orthogonal electrodes.
[0063] As noted herein, the system 100 can be utilized
to detect, diagnose, and/or treat cardiac conditions. In
example operation, a process for measuring electrophys-
iologic data in a heart chamber may be implemented by
the system 100. The process may include, in part, posi-
tioning a set of active and passive electrodes into the
heart 120, supplying current to the active electrodes,
thereby generating an electric field in the heart chamber,
and measuring the electric field at the passive electrode
sites. The passive electrodes are contained in an array
positioned on an inflatable balloon of a balloon catheter.
In preferred embodiments, the array is said to have from
60 to 64 electrodes.
[0064] As another example operation, cardiac map-
ping may be implemented by the system 100 using one
or more ultrasound transducers. The ultrasound trans-
ducers may be inserted into a patient’s heart 120 and
may collect a plurality of ultrasound slices (e.g., two di-
mensional or three-dimensional slices) at various loca-
tions and orientations within the heart 120. The location
and orientation of a given ultrasound transducer may be
known and the collected ultrasound slices may be stored
such that they can be displayed at a later time. One or
more ultrasound slices corresponding to the position of
the probe 105 (e.g., a treatment catheter shown as cath-
eter 110) at the later time may be displayed and the probe
105 may be overlaid onto the one or more ultrasound
slices.
[0065] In view of the system 100, it is noted that cardiac
arrhythmias, including atrial arrhythmias, may be of a
multiwavelet reentrant type, characterized by multiple
asynchronous loops of electrical impulses that are scat-
tered about the atrial chamber and are often selfpropa-
gating (e.g., another example of the IC ECG data). Alter-
natively, or in addition to the multiwavelet reentrant type,
cardiac arrhythmias may also have a focal origin, such
as when an isolated region of tissue in an atrium fires
autonomously in a rapid, repetitive fashion (e.g., another
example of the IC ECG data). Ventricular tachycardia (V-
tach or VT) is a tachycardia, or fast heart rhythm that
originates in one of the ventricles of the heart. This is a
potentially life-threatening arrhythmia because it may
lead to ventricular fibrillation and sudden death.
[0066] For example, aFib occurs when the normal elec-
trical impulses (e.g., another example of the IC ECG data)
generated by the sinoatrial node are overwhelmed by
disorganized electrical impulses (e.g., signal interfer-
ence) that originate in the atria veins and PVs causing
irregular impulses to be conducted to the ventricles. An
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irregular heartbeat results and may last from minutes to
weeks, or even years. aFib is often a chronic condition
that leads to a small increase in the risk of death often
due to strokes. A line of treatment for aFib is medication
that either slows the heart rate or revert the heart rhythm
back to normal. Additionally, persons with aFib are often
given anticoagulants to protect them from the risk of
stroke. The use of such anticoagulants comes with its
own risk of internal bleeding. In some patients, medica-
tion is not sufficient and their aFib is deemed to be drug-
refractory, i.e., untreatable with standard pharmacologi-
cal interventions. Synchronized electrical cardioversion
may also be used to convert aFib to a normal heart
rhythm. Alternatively, aFib patients are treated by cath-
eter ablation.
[0067] A catheter ablation-based treatment may in-
clude mapping the electrical properties of heart tissue,
especially the endocardium and the heart volume, and
selectively ablating cardiac tissue by application of en-
ergy. Electrical or cardiac mapping (e.g., implemented
by any electrophysiological cardiac mapping system and
technique described herein) includes creating a map of
electrical potentials (e.g., a voltage map) of the wave
propagation along the heart tissue or a map of arrival
times (e.g., a LAT map) to various tissue located points.
Electrical or cardiac mapping (e.g., a cardiac map) may
be used for detecting local heart tissue dysfunction. Ab-
lations, such as those based on cardiac mapping, can
cease or modify the propagation of unwanted electrical
signals from one portion of the heart 120 to another.
[0068] The ablation process damages the unwanted
electrical pathways by formation of non-conducting le-
sions. Various energy delivery modalities have been dis-
closed for forming lesions, and include use of microwave,
laser and more commonly, radiofrequency energies to
create conduction blocks along the cardiac tissue wall.
Another example of an energy delivery technique in-
cludes irreversible electroporation (IRE), which provides
high electric fields that damage cell membranes. In a two-
step procedure (e.g., mapping followed by ablation) elec-
trical activity at points within the heart 120 is typically
sensed and measured by advancing the catheter 110
containing one or more electrical sensors (e.g., elec-
trodes 111) into the heart 120 and obtaining/acquiring
data at a multiplicity of points (e.g., as biometric data
generally, or as ECG data specifically). This ECG data
is then utilized to select the endocardial target areas, at
which ablation is to be performed.
[0069] Cardiac ablation and other cardiac electrophys-
iological procedures have become increasingly complex
as clinicians treat challenging conditions such as atrial
fibrillation and ventricular tachycardia. The treatment of
complex arrhythmias can now rely on the use of three-
dimensional (3D) mapping systems to reconstruct the
anatomy of the heart chamber of interest. In this regard,
the optimization engine 101 employed by the system 100
herein manipulates and evaluates the biometric data
generally, or the ECG data specifically, to produce im-

proved tissue data that enables more accurate diagnosis,
images, scans, and/or maps for treating an abnormal
heartbeat or arrhythmia. For example, cardiologists rely
upon software, such as the Complex Fractionated Atrial
Electrograms (CFAE) module of the CARTO® 3 3D map-
ping system, produced by Biosense Webster, Inc. (Dia-
mond Bar, Calif.), to generate and analyze ECG data.
The optimization engine 101 of the system 100 enhances
this software to generate and analyze the improved bio-
metric data, which further provide multiple pieces of in-
formation regarding electrophysiological properties of
the heart 120 (including the scar tissue) that represent
cardiac substrates (anatomical and functional) of aFib.
[0070] Accordingly, the system 100 can implement a
3D mapping system, such as CARTO® 3 3D mapping
system, to localize the potential arrhythmogenic sub-
strate of the cardiomyopathy in terms of abnormal ECG
detection. The substrate linked to these cardiac condi-
tions is related to the presence of fragmented and pro-
longed ECGs in the endocardial and/or epicardial layers
of the ventricular chambers (right and left). For instance,
areas of low or medium voltage may exhibit ECG frag-
mentation and prolonged activities. Further, during sinus
rhythm, areas of low or medium voltage may corresponds
to a critical isthmus identified during sustained and or-
ganized ventricular arrhythmias (e.g., applies to non-tol-
erated ventricular tachycardias, as well as in the atria).
In general, abnormal tissue is characterized by low-volt-
age ECGs. However, initial clinical experience in endo-
epicardial mapping indicates that areas of low-voltage
are not always present as the sole arrhythmogenic mech-
anism in such patients. In fact, areas of low or medium
voltage may exhibit ECG fragmentation and prolonged
activities during sinus rhythm, which corresponds to the
critical isthmus identified during sustained and organized
ventricular arrhythmias, e.g., applies only to non-tolerat-
ed ventricular tachycardias. Moreover, in many cases,
ECG fragmentation and prolonged activities are ob-
served in the regions showing a normal or nearnormal
voltage amplitude (>1-1.5 mV). Although the latter areas
may be evaluated according to the voltage amplitude,
they cannot be considered as normal according to the
intracardiac signal, thus representing a true arrhyth-
mogenic substrate. The 3D mapping may be able to lo-
calize the arrhythmogenic substrate on the endocardial
and/or epicardial layer of the right/left ventricle, which
may vary in distribution according to the extension of the
main disease.
[0071] As another example operation, cardiac map-
ping may be implemented by the system 100 using one
or more multiple-electrode catheters (e.g., the catheter
110). Multiple-electrode catheters are used to stimulate
and map electrical activity in the heart 120 and to ablate
sites of aberrant electrical activity. In use, the multiple-
electrode catheter is inserted into a major vein or artery,
e.g., femoral vein, and then guided into the chamber of
the heart 120 of concern. A typical ablation procedure
involves the insertion of the catheter 110 having at least
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one electrode 111 at its distal end, into a heart chamber.
A reference electrode is provided, taped to the skin of
the patient or by means of a second catheter that is po-
sitioned in or near the heart or selected from one or the
other electrodes 111 of the catheter 110. Radio frequen-
cy (RF) current is applied to a tip electrode 111 of the
ablating catheter 110, and current flows through the me-
dia that surrounds it (e.g., blood and tissue) toward the
reference electrode. The distribution of current depends
on the amount of electrode surface in contact with the
tissue as compared to blood, which has a higher conduc-
tivity than the tissue. Heating of the tissue occurs due to
its electrical resistance. The tissue is heated sufficiently
to cause cellular destruction in the cardiac tissue result-
ing in formation of a lesion within the cardiac tissue which
is electrically non-conductive. During this process, heat-
ing of the tip electrode 111 also occurs as a result of
conduction from the heated tissue to the electrode itself.
If the electrode temperature becomes sufficiently high,
possibly above 60 degrees Celsius, a thin transparent
coating of dehydrated blood protein can form on the sur-
face of the electrode 111. If the temperature continues
to rise, this dehydrated layer can become progressively
thicker resulting in blood coagulation on the electrode
surface. Because dehydrated biological material has a
higher electrical resistance than endocardial tissue, im-
pedance to the flow of electrical energy into the tissue
also increases. If the impedance increases sufficiently,
an impedance rise occurs, and the catheter 110 must be
removed from the body and the tip electrode 111 cleaned.
[0072] Turning now to FIG. 2, a diagram of a system
200 in which one or more features of the disclosure sub-
ject matter can be implemented is illustrated according
to one or more exemplary embodiments. The system 200
includes, in relation to a patient 202 (e.g., an example of
the patient 125 of FIG. 1), an apparatus 204, a local com-
puting device 206, a remote computing system 208, a
first network 210, and a second network 211. Further,
the apparatus 204 can include a biometric sensor 221
(e.g., an example of the catheter 110 of FIG. 1), a proc-
essor 222, a user input (UI) sensor 223, a memory 224,
and a transceiver 225. Note that the optimization engine
101 of FIG. 1 is reused in FIG. 2 for ease of explanation
and brevity.
[0073] According to an embodiment, the apparatus
204 can be an example of the system 100 of FIG. 1,
where the apparatus 204 can include both components
that are internal to the patient and components that are
external to the patient. According to another embodi-
ment, the apparatus 204 can be an apparatus that is ex-
ternal to the patient 202 that includes an attachable patch
(e.g., that attaches to a patient’s skin). According to an-
other embodiment, the apparatus 204 can be internal to
a body of the patient 202 (e.g., subcutaneously implant-
able), where the apparatus 204 can be inserted into the
patient 202 via any applicable manner including orally
injecting, surgical insertion via a vein or artery, an endo-
scopic procedure, or a laparoscopic procedure. Accord-

ing to an embodiment, while a single apparatus 204 is
shown in FIG. 2, example systems may include a plurality
of apparatuses.
[0074] Accordingly, the apparatus 204, the local com-
puting device 206, and/or the remote computing system
208 can be programed to execute computer instructions
with respect the optimization engine 101. As an example,
the memory 223 stores these instructions for execution
by the processor 222 so that the apparatus 204 can re-
ceive and process the biometric data via the biometric
sensor 201. In this way, the processor 222 and the mem-
ory 223 are representative of processors and memories
of the local computing device 206 and/or the remote com-
puting system 208.
[0075] The apparatus 204, local computing device
206, and/or the remote computing system 208 can be
any combination of software and/or hardware that indi-
vidually or collectively store, execute, and implement the
optimization engine 101 and functions thereof. Further,
the apparatus 204, local computing device 206, and/or
the remote computing system 208 can be an electronic,
computer framework comprising and/or employing any
number and combination of computing device and net-
works utilizing various communication technologies, as
described herein. The apparatus 204, local computing
device 206, and/or the remote computing system 208
can be easily scalable, extensible, and modular, with the
ability to change to different services or reconfigure some
features independently of others.
[0076] The networks 210 and 211 can be a wired net-
work, a wireless network, or include one or more wired
and wireless networks. According to an embodiment, the
network 210 is an example of a short-range network (e.g.,
local area network (LAN), or personal area network
(PAN)). Information can be sent, via the network 210,
between the apparatus 204 and the local computing de-
vice 206 using any one of various short-range wireless
communication protocols, such as Bluetooth, Wi-Fi, Zig-
bee, Z-Wave, near field communications (NFC), ultra-
band, Zigbee, or infrared (IR). Further, the network 211
is an example of one or more of an Intranet, a local area
network (LAN), a wide area network (WAN), a metropol-
itan area network (MAN), a direct connection or series
of connections, a cellular telephone network, or any other
network or medium capable of facilitating communication
between the local computing device 206 and the remote
computing system 208. Information can be sent, via the
network 211, using any one of various long-range wire-
less communication protocols (e.g., TCP/IP, HTTP, 3G,
4G/LTE, or 5G/New Radio). Note that for either network
210 and 211 wired connections can be implemented us-
ing Ethernet, Universal Serial Bus (USB), RJ-11 or any
other wired connection and wireless connections can be
implemented using Wi-Fi, WiMAX, and Bluetooth, infra-
red, cellular networks, satellite or any other wireless con-
nection methodology.
[0077] In operation, the apparatus 204 can continually
or periodically obtain, monitor, store, process, and com-
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municate via network 210 the biometric data associated
with the patient 202. Further, the apparatus 204, local
computing device 206, and/ the remote computing sys-
tem 208 are in communication through the networks 210
and 211 (e.g., the local computing device 206 can be
configured as a gateway between the apparatus 204 and
the remote computing system 208). For instance, the ap-
paratus 204 can be an example of the system 100 of FIG.
1 configured to communicate with the local computing
device 206 via the network 210. The local computing de-
vice 206 can be, for example, a stationary/standalone
device, a base station, a desktop/laptop computer, a
smart phone, a smartwatch, a tablet, or other device con-
figured to communicate with other devices via networks
211 and 210. The remote computing system 208, imple-
mented as a physical server on or connected to the net-
work 211 or as a virtual server in a public cloud computing
provider (e.g., Amazon Web Services (AWS) ®) of the
network 211, can be configured to communicate with the
local computing device 206 via the network 211. Thus,
the biometric data associated with the patient 202 can
be communicated throughout the system 200.
[0078] Elements of the apparatus 204 are now de-
scribed. The biometric sensor 221 may include, for ex-
ample, one or more transducers configured to convert
one or more environmental conditions into an electrical
signal, such that different types of biometric data are ob-
served/obtained/acquired. For example, the biometric
sensor 221 can include one or more of an electrode (e.g.,
the electrode 111 of FIG. 1), a temperature sensor (e.g.,
thermocouple), a blood pressure sensor, a blood glucose
sensor, a blood oxygen sensor, a pH sensor, an accel-
erometer, and a microphone.
[0079] The processor 222, in executing the optimiza-
tion engine 101, can be configured to receive, process,
and manage the biometric data acquired by the biometric
sensor 221, and communicate the biometric data to the
memory 224 for storage (e.g., on a database therein)
and/or across the network 210 via the transceiver 225
(e.g., to a database thereof). Biometric data from one or
more other apparatuses 204 can also be received by the
processor 222 through the transceiver 225. Also, as de-
scribed in more detail herein, the processor 222 may be
configured to respond selectively to different tapping pat-
terns (e.g., a single tap or a double tap) received from
the UI sensor 223, such that different tasks of a patch
(e.g., acquisition, storing, or transmission of data) can be
activated based on the detected pattern. In some em-
bodiments, the processor 222 can generate audible feed-
back with respect to detecting a gesture.
[0080] The UI sensor 223 includes, for example, a pi-
ezoelectric sensor or a capacitive sensor configured to
receive a user input, such as a tapping or touching. For
example, the UI sensor 223 can be controlled to imple-
ment a capacitive coupling, in response to tapping or
touching a surface of the apparatus 204 by the patient
202. Gesture recognition may be implemented via any
one of various capacitive types, such as resistive capac-

itive, surface capacitive, projected capacitive, surface
acoustic wave, piezoelectric and infra-red touching. Ca-
pacitive sensors may be disposed at a small area or over
a length of the surface, such that the tapping or touching
of the surface activates the monitoring device.
[0081] The memory 224 is any non-transitory tangible
media, such as magnetic, optical, or electronic memory
(e.g., any suitable volatile and/or non-volatile memory,
such as randomaccess memory or a hard disk drive).
The memory 224 stores the computer instructions for ex-
ecution by the processor 222.
[0082] The transceiver 225 may include a separate
transmitter and a separate receiver. Alternatively, the
transceiver 225 may include a transmitter and receiver
integrated into a single device.
[0083] In operation, the apparatus 204, utilizing the op-
timization engine 101, observes/obtains the biometric
data of the patient 202 via the biometric sensor 221,
stores the biometric data in the memory, and shares this
biometric data across the system 200 via the transceiver
225. The optimization engine 101 can then utilize models,
algorithms (e.g., the unsupervised and/or supervised
ML/AI algorithm), neural network to identify ablation gaps
and provide success predictions to the physician 1515
to transform operations the system 100 that raise a suc-
cess probability for a next procedure and/or eliminate
unnecessary subsequent procedures.
[0084] Turning now to FIG. 3, a method 300 (e.g., per-
formed by the optimization engine 101 of FIG. 1 and/or
of FIG. 2) is illustrated according to one or more exem-
plary embodiments. The method 300 identifies ablation
gaps and provides success predictions by providing a
multi-step manipulation of data that improves cardiac ar-
rhythmias diagnosis and treatments. The method 300 is
described with respect to ablation procedures by way of
example and ease of explanation.
[0085] The method begins at block 320, where the op-
timization engine 101 receives data including perform-
ance metrics of mapping and ablation procedures. The
data can be considered an input or a plurality of inputs
to the optimization engine 101, which is being executed
by one or more processors 161 or 222.
[0086] The data/inputs, generally, represent biometric
data (as described herein), patient parameters, proce-
dure parameters, and/or performance metrics. For ex-
ample, the biometric data can include anatomical and
electrical measurements acquired in a significant portion
of an atrium during the mapping and ablation procedures.
Further, the patient and/or procedure parameters can be
related to the mapping and ablation procedures, such as
patient characteristics, tissue characteristics, and other
data points in an index procedure, as well as patient de-
mographics, information/data related to prior electro-
physiology procedures, and acute/long outcome results
of the patient. Generally, patient parameters or patient
specific information can include body temperature, irri-
gation temperature, tissue and surface temperature be-
fore ablation, tissue and surface temperature during ab-
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lation, and tissue and surface temperature after ablation.
Further, patient parameters or patient specific informa-
tion can also include body surface ECG, patient’s prior
medical history, patient’s demographics, IC ECG, volt-
age maps, type of equipment used, time and date of the
procedure, and the anatomy of the patient’s heart. Gen-
erally, procedure parameters or procedure specific infor-
mation can include a catheter stability during an ablation
procedure and historical outcomes of other patients. Fur-
thermore, the data/inputs can include performance met-
rics, which include any information indicating or identify-
ing results during and/or of the mapping and ablation
procedures. Note that utilizing these inputs, the optimi-
zation engine 101 initiates the technical effect and benefit
of identifying ablation gaps and providing success pre-
dictions per situation (e.g., time and location) per patient.
[0087] The optimization engine 101 receive one or
more previous cases, such as prior or old ablation pro-
cedures, stored within the system 100 (e.g., a database
therein) or received by the system 100. From theses pre-
vious cases, the data/inputs can be derived/acquired via
maps with a chain of lesions, anatomic maps, and/or elec-
trical maps thereof. From theses previous cases, the da-
ta/inputs can be derived/acquired from sensor data there-
of, which was generated by one or more sensors (e.g.,
from the catheter 110 and/or a body surface electrode).
For instance, ablation catheters (e.g., the catheter 110)
can be used to create tissue necrosis in cardiac tissue
of the heart 120 to correct cardiac arrhythmias. In an
example ablation procedure, a lesion is produced in the
cardiac tissue of the heart 120 of the patient 125 when
the catheter 110 is inserted into the heart 120 to contact
the cardiac tissue and electromagnetic RF energy is in-
jected from one or more electrodes 111 into the cardiac
tissue to cause ablation and production of a lesion. Co-
ordinates of the lesion and parameters of the electromag-
netic RF energy can be included in the data/inputs of the
ablation procedure.
[0088] At block 340, where the optimization engine 101
generates one or more procedure expected outcomes
for the mapping and ablation procedures based on the
data. Generally, the one or more procedure expected
outcomes identify performances of the mapping and ab-
lation procedures, such as acute success or long term
success at preventing aFib reoccurrence (i.e., acute of
long term failure of the ablation).
[0089] To determine/generate the one or more proce-
dure expected outcomes, the optimization engine 101
analyzes the data to build and train a model. The optimi-
zation engine 101 can build and train the model using a
supervised approach, an unsupervised approach, and/or
a deep learning solution, as described herein. That is,
the optimization engine 101 considers all available da-
ta/inputs (as described in block 320) when building and
training the model. Building/training can be considered
a ML phase of the optimization engine 101. For example,
the optimization engine 101 collects 10,000 cases with
twelve (12) months follow-up information, where each

case is associated to a single class redo/long term suc-
cess and a backpropagation algorithm (as described
herein) minimizes a loss function to train learn all weights
in a neural network. Then, the optimization engine 101
utilizes the model to analyze the data/inputs (e.g., wheth-
er ablation gaps are present) to determine if the mapping
and ablation procedures were successful. The model can
analyze successes across one or more scenarios, such
as different patient groupings (e.g., based on age, gen-
der, health, etc.) and different procedure groupings (e.g.,
based on type of procedure).
[0090] For example, the optimization engine 101 trains
by using the prior or old ablation procedures to learn over
time different scenarios. In this regard, the optimization
engine 101 generates training datasets (from the prior or
old ablation procedures) for different patient/procedure
groupings respective to the one or more scenarios. The
prior or old ablation procedures include previous ablation
treatments, locations, etc., as well as cardiac information
from follow-up mapping procedures. A patient/procedure
grouping includes cases that are similar do to the similar
patient demographics (e.g., patients with the same age
of blood pressure) and/or procedure condition alignment
(e.g., procedure in a same atrium area), etc. The gener-
ated training datasets provide whether ablation gaps oc-
curred and whether redo operations were performed for
each patient or procedure grouping, which are incorpo-
rated into the optimization engine 101.
[0091] According to one or more embodiments, the op-
timization engine 101 utilizes long outcome results of the
patient 125 to train the model (and the system 100) by
informing/coaching/telling the model which ECG data
and the like (e.g., any biometric data relative to the long
outcome results) is likely to be healthy or not. Further,
this ECG data and the like can be used to train weight of
a neural network using a backpropagation approach
(e.g., a backpropagation algorithm as described herein).
[0092] For ease of understanding, the building and
training of the optimization engine 101 and the model
thereof are described with respect to FIGS. 4-5. The de-
scriptions of FIGS. 4-5 are made with reference to FIGS.
1-3 where appropriate.
[0093] FIG. 4 illustrates a ML/AI system 400 according
to one or more embodiments. The ML/AI system 400
includes data 410, a machine 420, a model 430, an out-
come 440, and (underlying) hardware 450.
[0094] The machine 420, the model 430, and the hard-
ware 450 can represent aspects of the optimization en-
gine 101 of FIGS. 1-2 (e.g., ML/AI algorithm therein),
while the hardware 450 can also represent the catheter
110 of FIG. 1, the console 160 of FIG. 1, and/or the ap-
paratus 204 of FIG. 2. In general, the ML/AL algorithms
of the ML/AI system 400 (e.g., as implemented by the
optimization engine 101 of FIGS. 1-2) operate with re-
spect to the hardware 450, using the data 410, to train
the machine 420, build the model 430, and predict the
outcomes 440. For instance, the machine 420 operates
as the controller or data collection associated with the

21 22 



EP 3 967 258 A1

13

5

10

15

20

25

30

35

40

45

50

55

hardware 450 and/or is associated therewith.
[0095] The data 410 can be on-going data or output
data associated with the hardware 450. For example, the
data 410 can include biometric data of previous cases,
such as anatomic data (e.g., anatomical reconstructions,
CT, MRI, ultrasound etc..), electrical data (e.g., body sur-
face and IC ECG signals), contact force data, ablation
parameters data, tissue touch data, respiration data, flu-
ids data, case specific data, positions, time between orig-
inal case to redo data, and other determinants. The data
410 can also include currently collected data, historical
data, or other data from the hardware 450; a case sum-
mary by the physician 115; additional imaging data; can
include measurements during a surgical procedure (e.g.,
an ablation procedure) and may be associated with an
outcome of the surgical procedure; can include a tem-
perature of the heart 140 of FIG. 1 collected and corre-
lated with an outcome of a heart procedure; and can be
related to the hardware 450. According to one or more
embodiments, the data 410 can include patient and/or
procedure parameters related to the mapping and abla-
tion procedures (e.g., patient characteristics, tissue char-
acteristics, and other data points in an index procedure),
patient demographics, information/data related to prior
electrophysiology procedures, and acute/long outcome
results of the patient 125. The data 410 can be divided
by the machine 420 into one or more subsets.
[0096] The model 430 is built on the data 410. Building
the model 430 can include physical hardware or software
modeling, algorithmic modeling, and/or the like that
seeks to represent the data 410 (or subsets thereof). In
some aspects, building of the model 430 is part of self-
training operations by the machine 420. The model 430
can be configured to model the operation of hardware
450 and model the data 410 collected from the hardware
450 to predict the outcome 440 achieved by the hardware
450. Predicting the outcomes 440 can utilize a trained
version of the model 430. For example and to increase
understanding of the disclosure, in the case of the heart,
if the temperature during the procedure that is between
36.5 degrees Celsius and 37.89 degrees Celsius (i.e.,
97.7 degrees Fahrenheit and 100.2 degrees Fahrenheit)
produces a positive result from the heart procedure, the
outcome 440 can be predicted in a given procedure using
these temperatures. Thus, using the outcome 440 that
is predicted, the machine 420, the model 430, and the
hardware 450 can be built accordingly.
[0097] The machine 420 trains the model 430, such as
with respect to the hardware 450 and the data 410. This
training can also include an analysis and correlation of
the data 410 collected. For example, the machine 420
can train the model 430 to determine if a correlation or
link exists between the temperature of the heart 140 of
FIG. 1 during the heart procedure and the outcome. In
accordance with another embodiment, training the ma-
chine 420 and the model 430 can include self-training by
the optimization engine 101 of FIG. 1 utilizing the one or
more subsets. In this regard, the optimization engine 101

of FIG. 1 learns to detect case classifications on a point
by point basis.
[0098] For the ML/AI system 400 to operate with re-
spect to the hardware 450, analyze the data 410, perform
building/training, and predict the outcomes 440, the
ML/AI algorithms therein can include neural networks,
autoencoders, and backpropagation algorithms. A neural
network is a network or circuit of neurons, or in a modern
sense, an artificial neural network (ANN), composed of
artificial neurons or nodes or cells. An autoencoder is an
automatic self-training algorithm. A backpropagation al-
gorithm is used in training feedforward neural networks
for supervised learning.
[0099] At decision block 360, the optimization engine
101 generates one or more success predictions for a
present procedure (e.g., a current ablation procedure).
For instance, the optimization engine 101 includes re-
ceiving current for a current ablation procedure and ex-
ecuting the generated model to predict a success. Gen-
erally, the present procedure or the current ablation pro-
cedure can be a present or real-time ablation procedure.
Executing can be considered an AI phase of the optimi-
zation engine 101. The one or more success predictions
can include acute and/or long term outcomes for the cur-
rent ablation procedure and redo procedure necessity
with respect to one or more ablation gaps. According to
one or more embodiments, the optimization engine 101
generates a score at an end of current ablation proce-
dure. The score can be on a range from 0 to 1, with one
being the best. Then, based on the score (e.g., the opti-
mization engine 101 outputs 0.8), the physician might
search again around the PV, provide additional ablation,
and run the optimization engine 101 again. The optimi-
zation engine 101 generates a second score (e.g., a
score of 0.89) at the end of the second iteration of the
current ablation procedure, and the physician 115 decide
whether to stop or perform additional ablations, tests,
and/or challenges (e.g., adenosine challenge). Thus, the
technical effects, advantages, and benefits of the optimi-
zation engine 101 include an ability to tell the physician
115 a likelihood that this current ablation procedure can
be concluded without a redo, thereby reducing risks to
the patient 125 by raising a success probability for this
current ablation procedure and/or eliminating unneces-
sary subsequent procedures.
[0100] According to one or more embodiments, the op-
timization engine 101 utilizes a model and the procedure
expected outcomes of the mapping and ablation proce-
dures to analyze biometric data of the current ablation
procedure to determine the one or more success predic-
tions. That is, the optimization engine 101 can be utilized
during the current ablation procedure to receive inputs
that are unique to the patient 125 undergoing the current
ablation procedure. Since a model of the optimization
engine 101 has been built and trained at block 340, the
optimization engine 101 can process the model and
these current patient inputs identify ablation gaps and
generate new ablation targets (e.g., a potential location
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for consideration by the physician 115 to prevent acute
or long term failure and a probability of success). The
optimization engine 101 can further generate predictions
as to the success and/or necessity of these new ablation
targets.
[0101] FIG. 5 illustrates an example of a neural network
500 and a block diagram of a method 501 performed in
the neural network 500 according to one or more embod-
iments. The neural network 500 operates to support im-
plementation of the ML/AI algorithms (e.g., as implement-
ed by the optimization engine 101 of FIGS. 1-2) described
herein. The neural network 500 can be implemented in
hardware, such as the machine 420 and/or the hardware
450 of FIG. 4.
[0102] In an example operation, the optimization en-
gine 101 of FIG. 1 includes collecting the data 410 from
the hardware 450. In the neural network 500, an input
layer 510 is represented by a plurality of inputs (e.g.,
inputs 512 and 514 of FIG. 5). With respect to block 520
of the method 501, the input layer 510 receives the inputs
512 and 514. The inputs 512 and 514 can include bio-
metric data. For example, the collecting of the inputs 512
and 514 can be an aggregation of biometric data (e.g.,
BS ECG data, IC ECG data, and ablation data, along
with catheter electrode position data), from one or more
procedure recordings of the hardware 450 into a dataset
(as represented by the data 410). According to one or
more embodiments, the inputs 512 and 514 can include
twelve (12) input ECG leads of the system 100.
[0103] According to one or more embodiments, with
respect feature extraction for a training set, the inputs
512 and 514 can include BS ECG before a first proce-
dure, twelve (12) lead BS ECG post procedure (e.g., if
in NSR), categorical/numerical information on patient
(e.g., gender, left atrium volume, age, body mass index,
as described herein, and outcomes (e.g., acute and/or
long), such as categorical/numerical information indicat-
ed from ECG recordings or real ECG signals from link or
other means.
[0104] At block 525 of the method 501, the neural net-
work 500 encodes the inputs 512 and 514 utilizing any
portion of the data 410 and the one or more procedure
expected outcomes produced by the ML/AI system 400
to produce a latent representation or data coding. The
latent representation includes one or more intermediary
data representations derived from the plurality of inputs.
According to one or more embodiments, the latent rep-
resentation is generated by an element-wise activation
function (e.g., a sigmoid function or a rectified linear unit)
of the optimization engine 101 of FIG. 1. As shown in
FIG. 5, the inputs 512 and 514 are provided to a hidden
layer 530 depicted as including nodes 532, 534, 536, and
538. The neural network 500 performs the processing
via the hidden layer 530 of the nodes 532, 534, 536, and
538 to exhibit complex global behavior, determined by
the connections between the processing elements and
element parameters. Thus, the transition between layers
510 and 530 can be considered an encoder stage that

takes the inputs 512 and 514 and transfers it to a deep
neural network (within layer 530) to learn some smaller
representation of the input (e.g., a resulting the latent
representation).
[0105] The deep neural network can be a CNN, a long
short-term memory neural network, a fully connected
neural network, or combination thereof. This encoding
provides a dimensionality reduction of the inputs 512 and
514. Dimensionality reduction is a process of reducing
the number of random variables (of the inputs 512 and
514) under consideration by obtaining a set of principal
variables. For instance, dimensionality reduction can be
a feature extraction that transforms data (e.g., the inputs
512 and 514) from a high-dimensional space (e.g., more
than 10 dimensions) to a lower-dimensional space (e.g.,
2-3 dimensions). The technical effects and benefits of
dimensionality reduction include reducing time and stor-
age space requirements for inputs 512 and 514, improv-
ing visualization of inputs 512 and 514, and improving
parameter interpretation for machine learning. This data
transformation can be linear or nonlinear. The operations
of receiving (block 520) and encoding (block 525) can be
considered a data preparation portion of the multi-step
data manipulation by the optimization engine 101.
[0106] At block 545 of the method 510, the neural net-
work 500 decodes the latent representation. The decod-
ing stage takes the encoder output (e.g., the resulting
the latent representation) and attempts to reconstruct
some form of the inputs 512 and 514 using another deep
neural network. In this regard, the nodes 532, 534, 536,
and 538 are combined to produce in the output layer 550
an output 552, as shown in block 560 of the method 510.
That is, the output layer 590 reconstructs the inputs 512
and 514 on a reduced dimension but without the signal
interferences, signal artifacts, and signal noise. Exam-
ples of the output 552 include cleaned biometric data
(e.g., clean/denoised version of IC ECG data or the like).
According to one or more embodiments, with respect to
a deep learning solution of the optimization engine 101,
a CNN autoencoder for twelve (12) lead BS ECG is uti-
lized as the neural network 500. The CNN autoencoder
can be a deep CNN that is pre-trained or trained as de-
scribed herein. Thus, according to one or more embod-
iments, the output 552 includes reconstructed ECG from
the data provided by the twelve (12) lead BS ECG. The
technical effects and benefits of the cleaned biometric
data include enabling more accurate monitor, diagnosis,
and treatment any number of various diseases.
[0107] At block 380, the optimization engine outputs
an ablation recommendation based on the one or more
success predictions. According to one or more embodi-
ment, the optimization engine 101 provides on the display
165 one or more user interfaces that illustrate a mapping
of the current ablation procedure, as well as the ablation
recommendation. The ablation recommendation an in-
clude an area for ablation based on the one or more suc-
cess prediction and a probability for a redo procedure.
In this way, the optimization engine 1010 provides to the
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physician 115 whether a redo of any procedure is likely
to have a positive outcome and provide such determina-
tions with a correct/suggested course of action. Thus,
the technical effects, advantages, and benefits of the op-
timization engine include reducing risks to the patient by
raising a success probability for a next procedure and/or
eliminating unnecessary subsequent procedures.
[0108] FIG. 6 illustrates a method 600 according to one
or more exemplary embodiments. The method 600 (e.g.,
performed by the optimization engine 101 of FIG. 1 and/or
of FIG. 2) is illustrated according to one or more exem-
plary embodiments. The method 600 is described with
respect to ablation procedures by way of example and
ease of explanation. The method 600 identifies ablation
gaps and provides success predictions through a multi-
step manipulation of data that improves cardiac arrhyth-
mias diagnosis and treatments.
[0109] Generally, success rates for atrial arrhythmia
treatments via catheter ablations are not always com-
pletely successful. For example, some portion of patients
(e.g., 5-40%) experience an atrial arrhythmia with a one
year follow up. These patients may suffer from re-con-
nections in the ablation chain, which require repeat ab-
lation in a location that was ablated in the past, or might
suffer a disease relapse stemming in a driver that was
not targeted for ablation in a first procedure. The method
600 seeks to avoid unnecessary subsequent proce-
dures, while identifying ablation gaps and recommenda-
tions to increase a success probability of necessary sub-
sequent procedures.
[0110] The method 600 begins at block 605, where the
optimization engine 101 receives inputs from previous
cases (e.g., previous mapping and ablation procedures).
In a practical example, the optimization engine 101 an-
alyzes the previous cases, with and without redo proce-
dures, to derive, as the inputs, the data 410 and the per-
formance metrics.
[0111] According to one or more embodiments, in the
treatment of atrial or ventricular arrhythmias, the optimi-
zation engine 101 places ablation applications next to
each other in a contiguous manner to create a contiguous
ablation line, where a gap in the line due to a lesion being
not deep enough or not close enough to each other cre-
ates a breach of electricity through the ablation chain,
deeming the ablation chain ineffective. Note that these
areas of breach are very hard to find and identify manu-
ally, which leads to longer procedures with lower success
rates.
[0112] According to one or more embodiments, the da-
ta 410 and the performance metrics can be acquired via
a map with a chain of lesions, an anatomic map, and/or
an electrical map. To support predictions of the method
600, the optimization engine 101 may utilize data from
previous ablations, such as ablation sites, ablation index,
anatomical maps, from both the initial ablation study and
any redo procedures. The data 410 and the performance
metrics can also be derived gathered using backup stud-
ies. This data 410 and the performance metrics can be

compared before the redo to the redo locations. In some
embodiments, the data 410 and the performance metrics
(e.g., for training) may be acquired from a magnetic field
around the patient 125 from the magnetic sensors that
are included in the catheter 110. The data 410 and the
performance metrics may also be obtained using the ACL
feature, the electrode sensors using the signal filters al-
gorithms, the Mesh/Images, registration algorithm, and
ablation index parameters and algorithms.
[0113] At block 610, the optimization engine 101 trains.
In this regard, the optimization engine 101 creates/builds
a model that can be used in real time procedures to iden-
tify potential areas where the physician 115 should take
a second look and revalidate those areas to avoid pro-
cedure failure, procedure prolongation, or a redo proce-
dure.
[0114] According to one or more embodiments, the ac-
quired data 410 and the performance metrics (e.g., orig-
inal case data, IC ECG and positions, additional imaging
data, and a case summary by the physician 115) can be
inputted into a non-supervised algorithm, deep learning
algorithm, autoencoder, and/or backpropagation algo-
rithm for analysis by the optimization engine 101. The
data 410 and the performance metrics can be pre-proc-
essed to extract relevant features for the task of predict-
ing redo success rate both for the specific patient and
subgroups similar to the patient, and evaluating patient
risk of requiring a redo procedure. The optimization en-
gine 101 can analyze the data for potential missing ab-
lation steps to try to determine if the ablation will require
a redo. That is, by having the data 410 and the perform-
ance metrics as to outcomes, and what procedures re-
quired a redo procedure, and where the ablation were
placed to treat the patient in the redo procedure, the op-
timization engine 101 can learn whether or not a specific
ablation procedure will require a redo.
[0115] FIG. 7 illustrates a graph 700 that includes one
or more aspect of the ML/AI algorithm of the optimization
engine 100. As shown, data 712, 714, and 716 can be
inputted into one or more autoencoders 722 and 724 and
trees 730 and 750, which represent one or more ML/AI
algorithms, to output a probability for redo 780. According
to one or more embodiments, additional inputs can in-
clude outcomes (e.g., acute and/or long), such as cate-
gorical/numerical information indicated from ECG re-
cordings or real ECG signals from link or other means.
[0116] The data 712 can include baseline recordings
of twelve (12) lead ECG and/or signals from stationary
catheter, such as a coronary sinus (CS) catheter. The
data 714 can include post ablation procedure data. Ac-
cording to one or more embodiments, the data 712 and
the data 714 are fed through pre-trained CNN autoen-
coders (e.g., autoencoders 714 and 716 to provide train-
ing dataset).
[0117] At block 620, the optimization engine 101 re-
ceives data with respect to performance of ablation pro-
cedures for a current patient (e.g., the patient 125). The
optimization engine 101 present data as described below
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with respect to a performance of a current ablation pro-
cedure. For instance, during PV isolation procedures, an-
atomical and electrical data are acquired in a significant
portion of an atrium. This information can provide an in-
dication to estimate if additional ablation steps will be
required based on the model and optimization engine
101 analyses of block 630.
[0118] At block 630, the optimization engine 101 exe-
cutes. For instance, the optimization engine 101 com-
pares present data with the model to predict a success,
whether acute or long term, for a current ablation proce-
dure. Block 630 can include sub-block 640 and 650. At
sub-block 640, the optimization engine 101 analyzes the
data to determine ablation gaps. At sub-block 650, the
optimization engine 650 utilizes the ablation gaps to pre-
dict success of the ablation procedures.
[0119] According to one or more embodiments, the op-
timization engine 101 analyzes the present data with re-
spect to the data 410, the performance metrics, and the
model to determine potential ablation gaps. Returning to
FIG. 7, the data 716 can be present data that includes
categorical information, such as gender, weight, body
mass index (BMI), atrium volume, left atrium volume,
CHADS or CHADS2 (i.e., a score used to determine treat-
ment for atrial-fibrillation patients in danger of stroke),
etc. In this way, the data 712, 714, and 716 are analyzed
together through the trees 730 and 750. The tree 730
can be fully connected neural network with ten (10) hid-
den layers, such the pre- and post- ablation procedure
data 712 and 714 and the categorical data 716 are fed
thereto. An output of the trees 730 can then be fed to the
tree 750 with a single hidden layer with single neuron at
an output for the probability for redo 780.
[0120] Once the present data is analyzed, the optimi-
zation engine 101 utilizes the determination of the poten-
tial ablation gaps and the model to predict the acute and
long term success of an ablation procedure. For instance,
predicting whether or not a redo procedure may be nec-
essary can be obtained by learning parameters of the
current patient 125 (e.g., learning patient and tissue char-
acteristics through an index procedure) comparing the
procedure cases of like patients, such as via non-super-
vised algorithm, deep learning algorithm, autoencoder,
and/or backpropagation algorithm of the optimization en-
gine. In addition to the patient and tissue characteristics,
the optimization engine 101 can learn additional abla-
tions added to close acute reconnections, data points of
respective redo procedures performed, and locations ab-
lated to terminate the arrhythmia in the redo procedures,
well as other data points. Once learned, the optimization
engine 101 can predict which are the locations potentially
responsible for acute or long term failure. The optimiza-
tion engine 101 can recommend to address any failures
in the redo procedure and/or place a special emphasis
on any failures in the current ablation procedure. In this
regard, the optimization engine 101 can identify areas
for ablation outside of the veins or areas prone for recon-
nection. The optimization engine 101 can be adapted for

arrhythmias other than aFib. Analyzing data from redo
procedures can contribute to understand real time abla-
tion whether a gap can be formed later on (e.g., tissue
recovery) and indication can be visualized to the physi-
cian 115 on that location.
[0121] At block 670, the optimization engine 101 pro-
vides outputs. The outputs can be provided via the one
or more user interfaces, described herein, on the display
165 or the like. The outputs can include one or more
ablation recommendations based on the success per ab-
lation procedure of the patient 125. For instance, the op-
timization engine 101 outputs to the physician 115 a po-
tential location for potentially needed ablation based up-
on the prediction to avoid electrical reconnections in the
ablation chain. The optimization engine 101 can also out-
put additional potential locations to ablate in order to
avoid electrical reconnections.
[0122] According to one or more embodiments, the op-
timization engine 101 provides as an output to the phy-
sician 115 the likelihood of a needed redo procedure
based on the prediction. Returning to FIG. 7, the proba-
bility for redo 780 can be a percentage, a score, a value
represented on a scale (e.g., from 0 to 1, with 0 being
the lowest probability for redo). According to one or more
embodiments, the optimization engine 101 can conclude
based on a results of an ablation set (e.g., a training da-
taset) a likelihood of redo for this patient. As described
herein, an example training dataset can include record-
ings of patients undergoing first ablation treatments, as
well as optional clinical categorical patient information,
and/or a status of aFib free from follow-up mapping pro-
cedures. That is, the optimization engine 101 provides
an indication 115 to the physician whether the current
ablation is good enough based on previous cases or
whether the current ablation might have potential gaps
that will result with a redo, and suggests where those
might be on the patient’s cardiac 3D map.
[0123] At block 690, the optimization engine 101 re-
ceives feedback. Generally, feedback can include any
information provided directly by the physician 115 before,
during, or after a current ablation procedure to the opti-
mization engine 101. The feedback can be provided via
the one or more user interfaces, described herein, on the
display 165 or the like. According to one or more embod-
iments, when the physician 115 commences an ablation
procedure, there is information gained before and during
the procedure that can be utilized to determine whether
or not a redo procedure is likely to be necessary. This
information can be utilized to further train the model and
the optimization engine 101. This information can also
be analyzed, in real time, using ML/AI of the optimization
engine 101 to indicate to the physician 115 during the
current ablation procedure if additional ablations or a re-
do procedures may be required or likely to occur. That
is, because it is desired to prevent redoes based on pre-
vious study cases, any real-time indication can help the
physician 115 concentrate on specific areas, to check
and validate these areas to see that the ablation is suf-
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ficient.
[0124] According to one or more embodiments, the op-
timization engine 101 can track the procedure workflow
(e.g., for example in atrial fibrillation), identify the anato-
my reconstruction and mapping phases, the catheter 110
insertion into the pulmonary veins, the ablation phase,
waiting time for validations, repeated ablation in the lo-
cation and so forth, and learn this workflow and process
patterns. In an embodiment specific for aFib, the optimi-
zation engine 101 can identify the insertion of the catheter
110 into the pulmonary veins for purposes of validation
of isolation and identify whether active signals are meas-
ured on the catheter 110.
[0125] If active signals are measured, the optimization
engine 101 can identify and suggest the earliest activa-
tion on the Dx catheter likely correlated with the electrical
breach. The optimization engine 101 can then mark on
the CARTO® system the areas that are most likely to be
the cause for the breach (e.g., marked with an arrow, via
coloring on the map according to the area’s likelihood to
cause the breach or in any other way, or any other po-
tential presentation). Thus, through ML/AI, the optimiza-
tion engine 101 enables an identification of the workflow
stages, the phase in which the operator is looking to val-
idate the ablation acute success, and/or the ability to link
between the earliest signal on the catheter 110 and a
specific location on the anatomical structure.
[0126] Additionally, during a triangulation process, any
acquired data can indicate where an origin of an arrhyth-
mia is probable to be, and which points are the most
informative to validate and discover the origin in the most
efficient data. The optimization engine 101 learns from
previous maps, anatomical structure and mapping se-
quence to recommend the best course of action at each
point.
[0127] Accordingly, during an ablation procedure, any
acquired data can be utilized by the optimization engine
101 to present to the physician 115 an area for ablation
where the physician 115 may have more success and
lesser chance of requiring a redo procedure. For exam-
ple, the optimization engine 101 may read the position
of the catheter 110 in the heart 120 from the moment the
catheter 110 is inserted into a vein and generate, on a
screen, the locations for recommended ablation based
upon the ML algorithm performed and prediction of the
outcomes. Thus, the optimization engine 101 learns from
the ablation gaps from previous cases, as well as current
data to project locations for the physician 115 where to
perform an ablation during a current procedure that will
have less need for a redo procedure.
[0128] With reference to the ML/AI algorithms de-
scribed herein, neural networks, autoencoders, and
backpropagation algorithms are now described.
[0129] An ANN involves a network of processing ele-
ments (artificial neurons) which can exhibit complex glo-
bal behavior, determined by the connections between
the processing elements and element parameters.
These connections of the network or circuit of neurons

are modeled as weights. A positive weight reflects an
excitatory connection, while negative values mean inhib-
itory connections. Inputs are modified by a weight and
summed using a linear combination. An activation func-
tion may control the amplitude of the output. For example,
an acceptable range of output is usually between 0 and
1, or it could be ⎯1 and 1. In most cases, the ANN is an
adaptive system that changes its structure based on ex-
ternal or internal information that flows through the net-
work.
[0130] In more practical terms, neural networks are
non-linear statistical data modeling or decision-making
tools that can be used to model complex relationships
between inputs and outputs or to find patterns in data.
Thus, ANNs may be used for predictive modeling and
adaptive control applications, while being trained via a
dataset. Note that self-learning resulting from experience
can occur within ANNs, which can derive conclusions
from a complex and seemingly unrelated set of informa-
tion. The utility of artificial neural network models lies in
the fact that they can be used to infer a function from
observations and also to use it. Unsupervised neural net-
works can also be used to learn representations of the
input that capture the salient characteristics of the input
distribution, and more recently, deep learning algorithms,
which can implicitly learn the distribution function of the
observed data. Learning in neural networks is particularly
useful in applications where the complexity of the data
(e.g., the biometric data) or task (e.g., monitoring, diag-
nosing, and treating any number of various diseases)
makes the design of such functions by hand impractical.
[0131] Neural networks can be used in different fields.
Thus, the ML/AI algorithms therein can include neural
networks that are divided generally according to tasks to
which they are applied. These divisions tend to fall within
the following categories: regression analysis (e.g., func-
tion approximation) including time series prediction and
modeling; classification including pattern and sequence
recognition; novelty detection and sequential decision
making; data processing including filtering; clustering;
blind signal separation, and compression. For example,
Application areas of ANNs include nonlinear system
identification and control (vehicle control, process con-
trol), gameplaying and decision making (backgammon,
chess, racing), pattern recognition (radar systems, face
identification, object recognition), sequence recognition
(gesture, speech, handwritten text recognition), medical
diagnosis and treatment, financial applications, data min-
ing (or knowledge discovery in databases, "KDD"), visu-
alization and e-mail spam filtering. For example, it is pos-
sible to create a semantic profile of patient biometric data
emerging from medical procedures.
[0132] According to one or more embodiments, the
neural network can implement a long short-term memory
neural network architecture, a convolutional neural net-
work (CNN) architecture, or other the like. The neural
network can be configurable with respect to a number of
layers, a number of connections (e.g., encoder/decoder
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connections), a regularization technique (e.g., dropout);
and an optimization feature.
[0133] The long short-term memory neural network ar-
chitecture includes feedback connections and can proc-
ess single data points (e.g., such as images), along with
entire sequences of data (e.g., such as speech or video).
A unit of the long short-term memory neural network ar-
chitecture can be composed of a cell, an input gate, an
output gate, and a forget gate, where the cell remembers
values over arbitrary time intervals and the gates regulate
a flow of information into and out of the cell.
[0134] The CNN architecture is a shared-weight archi-
tecture with translation invariance characteristics where
each neuron in one layer is connected to all neurons in
the next layer. The regularization technique of the CNN
architecture can take advantage of the hierarchical pat-
tern in data and assemble more complex patterns using
smaller and simpler patterns. If the neural network im-
plements the CNN architecture, other configurable as-
pects of the architecture can include a number of filters
at each stage, kernel size, a number of kernels per layer.
[0135] An autoencoder is an automatic self-training al-
gorithm. In some cases, autoencoders include a training
algorithm that implements a deep learning training loss
function and, more specifically, an autoencoder clinical
weighted MSE loss function. Further, autoencoders can
execute in one or more modes. For instance, a first mode
can include building a dedicated graphic user interface
comprising one or more filters. The dedicated GUI pro-
vides an ability to filter out noise component manually
based on set of predefined filters (note that raw data sig-
nals are usually recorded with noise). In this way, the
autoencoder experiences at least two sets of signals,
such as an original signal that contains noise and a de-
noised signal that is used to train the autoencoder. A
second mode can include recording noise in a control
environment and adding the noise to the clean signal
data (e.g., a clean version from previous stage). The
noise can include least one of power line noise, contact
noise, deflection noise, Fluro noise, and ventricular far
field.
[0136] An autoencoder can reconstruct an input from
a corrupted version of itself by forcing a hidden layer to
discover more robust features and prevents relearning a
particularly identity. In this regard, the autoencoder forc-
es a hidden layer therein to discover more robust features
(i.e., useful features that will constitute better higher-level
representations of the input) and prevent it from learning
a particularly identity (i.e., always returning to a same
value). Further, the autoencoder encodes the input (e.g.,
to preserve information about the input) and reverses the
effect of a corruption process stochastically applied to
the input of an autoencoder. For example, the autoen-
coder clinical weighted MSE loss function is a multi-step
data manipulation of electrical signals to detect or quan-
tify or detect high frequency zones in a signal and then
use autoencoder clinical weighted MSE loss function to
enhance a signal reconstruction around atrium activity.

[0137] A backpropagation algorithm is used, in deep
learning, in training feedforward neural networks for su-
pervised learning. Note that the adjective "deep" in deep
learning comes from the use of multiple layers in the net-
work. Backpropagation algorithms work by computing a
gradient of a loss function with respect to each weight by
the chain rule. The weights are updated to minimize a
loss function. Further, gradient descent or variants, such
as a stochastic gradient descent, can be used.
[0138] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and
computer program products according to various embod-
iments of the present invention. In this regard, each block
in the flowchart or block diagrams may represent a mod-
ule, segment, or portion of instructions, which comprises
one or more executable instructions for implementing the
specified logical function(s). In some alternative imple-
mentations, the functions noted in the blocks may occur
out of the order noted in the Figures. For example, two
blocks shown in succession may, in fact, be executed
substantially concurrently, or the blocks may sometimes
be executed in the reverse order, depending upon the
functionality involved. It will also be noted that each block
of the block diagrams and/or flowchart illustration, and
combinations of blocks in the block diagrams and/or flow-
chart illustration, can be implemented by special purpose
hardware-based systems that perform the specified func-
tions or acts or carry out combinations of special purpose
hardware and computer instructions.
[0139] Although features and elements are described
above in particular combinations, one of ordinary skill in
the art will appreciate that each feature or element can
be used alone or in any combination with the other fea-
tures and elements. In addition, the methods described
herein may be implemented in a computer program, soft-
ware, or firmware incorporated in a computer-readable
medium for execution by a computer or processor. A
computer readable medium, as used herein, is not to be
construed as being transitory signals per se, such as ra-
dio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a
waveguide or other transmission media (e.g., light pulses
passing through a fiber-optic cable), or electrical signals
transmitted through a wire
[0140] Examples of computer-readable media include
electrical signals (transmitted over wired or wireless con-
nections) and computer-readable storage media. Exam-
ples of computer-readable storage media include, but
are not limited to, a register, cache memory, semicon-
ductor memory devices, magnetic media such as internal
hard disks and removable disks, magneto-optical media,
optical media such as compact disks (CD) and digital
versatile disks (DVDs), a random access memory (RAM),
a read-only memory (ROM), an erasable programmable
read-only memory (EPROM or Flash memory), a static
random access memory (SRAM), and a memory stick.
A processor in association with software may be used to
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implement a radio frequency transceiver for use in a ter-
minal, base station, or any host computer.
[0141] The terminology used herein is for the purpose
of describing particular embodiments only and is not in-
tended to be limiting. As used herein, the singular forms
"a", "an" and "the" are intended to include the plural forms
as well, unless the context clearly indicates otherwise. It
will be further understood that the terms "comprises"
and/or "comprising," when used in this specification,
specify the presence of stated features, integers, steps,
operations, elements, and/or components, but do not
preclude the presence or addition of one more other fea-
tures, integers, steps, operations, element components,
and/or groups thereof.
[0142] The descriptions of the various embodiments
herein have been presented for purposes of illustration,
but are not intended to be exhaustive or limited to the
embodiments disclosed. Many modifications and varia-
tions will be apparent to those of ordinary skill in the art
without departing from the scope and spirit of the de-
scribed embodiments. The terminology used herein was
chosen to best explain the principles of the embodiments,
the practical application or technical improvement over
technologies found in the marketplace, or to enable oth-
ers of ordinary skill in the art to understand the embodi-
ments disclosed herein.

Claims

1. A method comprising:

receiving, by an optimization engine executed
by one or more processors, data including per-
formance metrics of mapping and ablation pro-
cedures;
generating, by the optimization engine, proce-
dure expected outcomes for the mapping and
ablation procedures based on the data;
generating, by the optimization engine, one or
more success predictions for a current ablation
procedure utilizing the procedure expected out-
comes; and
outputting, by the optimization engine, an abla-
tion recommendation based on the one or more
success predictions.

2. The method of claim 1, wherein the data comprises
long outcome results, patient demographics, proce-
dure parameters related to the mapping and ablation
procedures, or information related to prior electro-
physiology procedures.

3. The method of claim 1, wherein the procedure ex-
pected outcomes identify performances of the map-
ping and ablation procedures with respect to acute
success or long term success at preventing atrial
fibrillation reoccurrence.

4. A system comprising:

a memory storing processor executable instruc-
tions for an optimization engine; and
one or more processors implementing the proc-
essor executable instructions to cause:

receiving, by the optimization engine, data
including performance metrics of mapping
and ablation procedures;
generating, by the optimization engine, pro-
cedure expected outcomes for the mapping
and ablation procedures based on the data;
generating, by the optimization engine, one
or more success predictions for a current
ablation procedure utilizing the procedure
expected outcomes; and
outputting, by the optimization engine, an
ablation recommendation based on the one
or more success predictions.

5. The method of claim 1 or the system of claim 4,
wherein the data comprises anatomical and electri-
cal measurements acquired in a portion of an atrium
during the mapping and ablation procedures.

6. The method of claim 1 or the system of claim 4,
wherein the optimization engine receives the data
from at least one sensor comprising a catheter or a
body surface electrode.

7. The system of claim 4, wherein the data comprises
long outcome results, patient demographics, proce-
dure parameters related to the mapping and ablation
procedures, or information related to prior electro-
physiology procedures.

8. The system of claim 4, wherein the procedure ex-
pected outcomes identify performances of the map-
ping and ablation procedures with respect to acute
success or long term success at preventing atrial
fibrillation reoccurrence.

9. The method of claim 1 or the system of claim 4,
wherein the optimization engine analyzes the data
to build and train a model that determines the pro-
cedure expected outcomes.

10. The method of claim 1 or the system of claim 4,
wherein the optimization engine utilizes a model to
analyze successful procedures of the data to deter-
mine the procedure expected outcomes of the map-
ping and ablation procedures.

11. The method of claim 1 or the system of claim 4,
wherein the optimization engine utilizes a model and
the procedure expected outcomes of the mapping
and ablation procedures to analyze biometric data
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of the current ablation procedure to determine the
one or more success predictions.

12. The method of claim 1 or the system of claim 4,
wherein the one or more success predictions com-
prise a redo procedure necessity with respect to one
or more ablation gaps or acute or long term outcomes
for the current ablation procedure.

13. The method of claim 1 or the system of claim 4,
wherein the ablation recommendation comprises an
area for ablation based on the one or more success
prediction and a probability for a redo procedure.
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