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NEURAL NETWORK IMAGE ANALYSIS

RELATED APPLICATIONS

This application claims the benefit of U.S. Provisional Application No. 62/801,827
entitled “DETERMINING A CONFIDENCE INTERVAL IN ULTRASOUND IMAGE
ASSESSMENT”, filed on February 6, 2019, and U.S. Provisional Application No.
62/894,099, which was assigned a title of “DUAL-VIEW JOINT ESTIMATION OF
LEFT VENTRICULAR EJECTION FRACTION WITH UNCERTAINTY
MODELLING IN ECHOCARDIOGRAMS?, filed on August 30, 2019, both of which

are hereby incorporated by reference herein in their entirety.

BACKGROUND

1. Field

Embodiments of this invention relate to neural network image analysis and more
particularly to computer implemented neural network image analysis using at least

one cumulative distribution function.

2. Description of Related Art

Although computer-implemented deep learning or neural network classifier
systems are powerful modelling tools, direct mapping from images to expert labels
can be difficult due to observer variability. In clinical studies, for example, a lack of
consistency in diagnostic judgment and decision making may result in neural
network classifier systems that are less accurate and/or provide inconsistent or
unpredictable results. For example, inconsistency may result from an unknown
standard and/or from observer interpretation of partial information. Some known
computer classifying neural network systems try to compensate for observer
variability using data cleaning methods to try to identify and clean noise samples
before training a classifier, but hard informative samples may also be removed as
they can be confused with random noise. Accordingly, some known computer
classifying neural network systems do not work well in high-noise ratio problems,

such as, for example, as is present in some clinical data.
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SUMMARY

In accordance with various embodiments, there is provided a computer-
implemented method of facilitating neural network image analysis, the method
involving receiving signals representing a set of images, causing at least one
neural network function to be applied to the set of images to determine at least one
property confidence distribution parameter, and causing a cumulative distribution
function defined at least in part by the at least one property confidence distribution
parameter to be applied to a plurality of ranges, each range associated with a
respective property that may be associated with the set of images, to determine a
plurality of property confidences, each of the property confidences representing a
confidence that the set of images should be associated with a respective one of

the properties.

The cumulative distribution function may include a Gaussian cumulative
distribution function and the at least one property confidence distribution parameter
may include a property distribution mean and a property distribution standard

deviation.

The cumulative distribution function may include a Laplace cumulative distribution
function and the at least one property confidence distribution parameter may
include a location and scale parameter for the Laplace cumulative distribution

function.

The set of images may include ultrasound images.

The properties may include at least one clinical parameter related to a subject

depicted by the set of images.

The properties may include echocardiogram estimated ejection fraction function

diagnoses.
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The properties may include a quality assessment of the set of images.

The method may involve producing signals for causing at least one display to

display a representation of at least one of the property confidences.

The method may involve producing signals for causing at least one display to
display a representation of the at least one property confidence distribution

parameter.

The method may involve training the at least one neural network function, the
training involving receiving signals representing a plurality of sets of training
images, receiving signals representing expert evaluation properties, each of the
expert evaluation properties provided by an expert and associated with one of the
sets of training images, and causing the at least one neural network function to be
trained using the sets of training images as respective inputs, wherein causing the
at least one neural network function to be trained involves, for each of the sets of
training images, causing the at least one neural network function to be applied to
the set of training images to determine at least one training property confidence
distribution parameter, and causing a training cumulative distribution function
defined at least in part by the at least one training property confidence distribution
parameter to be applied to a range associated with the expert evaluation property
associated with the set of images, to determine a training property confidence
representing a confidence that the set of training images should be associated with
the expert evaluation property. The method may involve causing the at least one
neural network function to be updated to reduce a loss, the loss determined based

at least in part on the determined training property confidences.

In accordance with various embodiments, there is provided a computer-
implemented method of training at least one neural network function to facilitate

image analysis, the method involving receiving signals representing a plurality of
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sets of training images, receiving signals representing expert evaluation
properties, each of the expert evaluation properties provided by an expert and
associated with one of the sets of training images, and causing the at least one
neural network function to be trained using the sets of training images as
respective inputs, wherein causing the at least one neural network function to be
trained involves, for each of the sets of training images, causing the at least one
neural network function to be applied to the set of training images to determine at
least one property confidence distribution parameter, and causing a cumulative
distribution function defined at least in part by the at least one property confidence
distribution parameter to be applied to a range associated with the expert
evaluation property associated with the set of images, to determine a property
confidence representing a confidence that the set of training images should be
associated with the expert evaluation property. The method may involve causing
the at least one neural network function to be updated to reduce a loss, the loss

determined based at least in part on the determined property confidences.

The cumulative distribution function may include a Gaussian cumulative
distribution function and the at least one property confidence distribution parameter
may include a property distribution mean and a property distribution standard

deviation.

The cumulative distribution function may include a Laplace cumulative distribution
function and the at least one property confidence distribution parameter may
include a location and scale parameter for the Laplace cumulative distribution

function.

The set of images may include ultrasound images.

The properties may include at least one clinical parameter related to a subject

depicted by the set of images.
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The properties may include echocardiogram estimated ejection fraction function

diagnoses.

The properties may include a quality assessment of the set of images.

In accordance with various embodiments, there is provided a system for facilitating
ultrasonic image analysis including at least one processor configured to perform

any of the above methods.

In accordance with various embodiments, there is provided a non-transitory
computer readable medium having stored thereon codes which when executed by
at least one processor cause the at least one processor to perform any of the

above methods.

In accordance with various embodiments, there is provided a system for facilitating
neural network image analysis, the system including means for receiving signals
representing a set of images, means for causing at least one neural network
function to be applied to the set of images to determine at least one property
confidence distribution parameter, and means for causing a cumulative distribution
function defined at least in part by the at least one property confidence distribution
parameter to be applied to a plurality of ranges, each range associated with a
respective property that may be associated with the set of images, to determine a
plurality of property confidences, each of the property confidences representing a
confidence that the set of images should be associated with a respective one of

the properties.

In accordance with various embodiments, there is provided a system for training
at least one neural network function to facilitate image analysis, the system
including means for receiving signals representing a plurality of sets of training
images, means for receiving signals representing expert evaluation properties,

each of the expert evaluation properties provided by an expert and associated with
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one of the sets of training images, and means for causing the at least one neural
network function to be trained using the sets of training images as respective
inputs, wherein the means for causing the at least one neural network function to
be trained includes means for, for each of the sets of training images, causing the
at least one neural network function to be applied to the set of training images to
determine at least one property confidence distribution parameter, and causing a
cumulative distribution function defined at least in part by the at least one property
confidence distribution parameter to be applied to a range associated with the
expert evaluation property associated with the set of images, to determine a
property confidence representing a confidence that the set of training images
should be associated with the expert evaluation property. The system may include
means for causing the at least one neural network function to be updated to reduce
a loss, the loss determined based at least in part on the determined property

confidences.

Other aspects and features of embodiments of the invention will become apparent to
those ordinarily skilled in the art upon review of the following description of specific

embodiments of the invention in conjunction with the accompanying figures.

BRIEF DESCRIPTION OF THE DRAWINGS

In drawings which illustrate embodiments of the invention,

Figure 1 is a schematic view of a system for facilitating neural network image
analysis functions according to various embodiments of the

invention:;

Figure 2 is a schematic view of the system shown in Figure 1 according to

various embodiments of the invention:;
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is a schematic view of an image analyzer of the system shown in
Figure 2 including a processor circuit in accordance with various

embodiments of the invention;

is a flowchart depicting blocks of code for directing the image
analyzer of the system shown in Figure 2 to perform facilitating
neural network image analysis functions in accordance with various

embodiments of the invention;

is a representation of a quality assessment mean and standard
deviation neural network function that may be used in the system
shown in Figure 2 in accordance with various embodiments of the

invention:;

is a representation of part of the neural network shown in Figure 6 in

accordance with various embodiments of the invention;

is a representation of part of the neural network shown in Figure 6 in

accordance with various embodiments of the invention;

is a representation of part of the neural network shown in Figure 6 in

accordance with various embodiments of the invention;

is a representation of an exemplary property confidence record that
may be used in the system shown in Figure 2 in accordance with

various embodiments of the invention:;

is a representation of an exemplary display that may be displayed by
the system shown in Figure 2 in accordance with various

embodiments of the invention;
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Figure 12

Figure 13

Figure 14
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is a schematic view of a system for facilitating image analysis
including training at least one neural network function according to

various embodiments of the invention:;

is a schematic view of a neural network trainer of the system shown
in Figure 11 including a processor circuit in accordance with various

embodiments of the invention;

is a flowchart depicting blocks of code for directing the neural
network trainer of the system shown in Figure 11 to perform
facilitating neural network image analysis functions in accordance

with various embodiments of the invention:;

is a representation of a neural network function that may be trained
in the system shown in Figure 11 in accordance with various

embodiments of the invention;

is a representation of an exemplary ultrasound session training
record that may be used in the system shown in Figure 11 in

accordance with various embodiments of the invention;

is a representation of an exemplary training confidence record that
may be used in the system shown in Figure 11 in accordance with

various embodiments of the invention:;

is a schematic view of an image analyzer of a system for facilitating
neural network image analysis functions in accordance with various

embodiments of the invention;

is a flowchart depicting blocks of code for directing the image

analyzer shown in Figure 17 to perform facilitating neural network
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Figure 24

PCT/CA2020/050147

9-

image analysis functions in accordance with various embodiments of

the invention;

is a representation of a LV EF assessment mean and standard
deviation neural network function that may be used by the image
analyzer shown in Figure 17 in accordance with various

embodiments of the invention;

is a representation of an exemplary property confidence record that
may be used in the system shown in Figure 11 in accordance with

various embodiments of the invention:;

is a schematic view of a neural network trainer of a system for
facilitating image analysis including training at least one neural
network function in accordance with various embodiments of the

invention:;

is a flowchart depicting blocks of code for directing the neural
network trainer shown in Figure 21 to perform facilitating neural
network training functions in accordance with various embodiments

of the invention;

is a representation of an exemplary LV EF training record that may
be used by the neural network trainer shown in Figure 21 in

accordance with various embodiments of the invention;

is a representation of an exemplary training confidence record that
may be used by the neural network trainer shown in Figure 21 in

accordance with various embodiments of the invention;
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Figure 25 is a representation of a mixture model that may be included in a
neural network function used in the image analyzer and/or neural
network trainer shown in Figures 3 and 12 in accordance with various

embodiments of the invention; and

Figure 26 is a representation of an exemplary display that may be displayed by
the system shown in Figure 2 in accordance with various

embodiments of the invention.

DETAILED DESCRIPTION

Variability in expert labelling, such as clinical labelling, may come from two
sources: 1) the lack of consistency within an observer (i.e., intra-observer
variability), and 2) the lack of consistency among observers (i.e., inter-observer
variability). In machine learning, uncertainty or noise may be categorized as
aleatoric uncertainty, which is the observer variability noise that is inherent in the
observations, or epistemic uncertainty, which is the uncertainty or noise that is
introduced by the learning model. Epistemic uncertainty may be explained away
given enough data; thus it is also known as mode/ uncertainty. Several Bayesian
inference approaches and more recent Bayesian neural networks (BNN) are
designed to address the uncertainty in the induced classifier by imposing a prior
distribution over model parameters. Nevertheless, the Bayesian methods usually
have a low convergence rate, which may not be suitable for solving large-scale

problems.

In some embodiments described herein, we aim to solve a regression problem
where only categorical expert labels are provided. In various embodiments, a
computer system employing a Cumulative Density Function Probability (CDF-
Prob) solution is provided, which may address observer variability as aleatoric
uncertainty. In some embodiments, the CDF-Prob solution may model experts’
opinions using a cumulative distribution or density function, such as a Laplace or

Gaussian distributions over the regression space, for example.
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In various embodiments, the computer systems described herein may be effective
in various fields where labels are categorical (i.e., degrees of pathology severity),
and subject to large observer variability in gold standard labels, such as, in the
context of clinical labeling including, for example, echo quality assessment and/or
echo based ejection fraction assessment. In various embodiments, the systems
described herein and the use thereof may improve compatibility of neural network
function based analysis with the use of categorical labels and/or may improve the

classification performance therefor.

Referring to Figure 1, there is shown a schematic drawing of the general elements
that may be included in a system 10 for facilitating neural network image analysis,
in accordance with various embodiments. The system 10 includes a computer-

implemented image analyzer 12 in communication with an image data source 14.

In various embodiments, the system 10 may be configured to cause a set of
images to be analyzed and property confidences to be determined, with each
property confidence representing a confidence that the set of images should be
associated with a respective one of a plurality of properties. For example, in some
embodiments, the system 10 may be configured to cause a set of ultrasound
images to be analyzed to determine property confidences relating to quality

assessment of the ultrasound images.

In various embodiments, the system 10 may facilitate better understanding of the
quality of ultrasound images being acquired and this may help facilitate improved
acquisition of quality ultrasound images by operators of ultrasound image
acquisition systems. In various embodiments, this may be particularly helpful given
that 2D echocardiography (echo) is the primary point-of-care imaging modality for
early diagnosis of cardiovascular disease, since it is inexpensive, non-invasive,

and widely available.
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Referring to Figure 2, there is shown an implementation of the system 10 shown
in Figure 1 in accordance with various embodiments. Referring to Figure 2, the
system 10 includes an ultrasound machine acting as the image data source 14 and
a mobile device acting as the image analyzer 12. In various embodiments, the
mobile device may include a display 24 and the ultrasound machine may include

a transducer 26.

In various embodiments, the system 10 may be configured to provide to users of
an ultrasound machine, real-time or near real-time feedback of the quality of the
images being captured. In some embodiments, a quality assessment may
represent an assessment of suitability of the received set of ultrasound images for
quantified clinical measurement of anatomical features. In some embodiments,
this may help the users to obtain higher quality images when operating the
ultrasound machine. For example, in some embodiments, the system 10 may be
configured to determine four confidences or confidence values associated with
quality assessments of “Poor”, “Fair”, “Good”, or “Excellent’, respectively, and to
display a representation of the determined confidences to the user. In various
embodiments, these confidences may represent aleatoric confidences or a
combination of aleatoric and epistemic confidences, and thus reflecting a potential
for inconsistent labeling by an expert, rather than merely epistemic confidences.
In various embodiments, displaying the confidences may be particularly useful to
a user of the ultrasound machine to determine how much they should rely on the
displayed quality assessment determinations. In various embodiments, this may
allow operators to more easily recognize specific features and structures required
of various ultrasound images and/or views and thus the system 10 may be able to
facilitate the capture of diagnostically relevant sets of ultrasound images or heart

cine series.

Referring to Figure 2, the ultrasound machine acting as the image data source 14
may be controlled by a user or operator to send and receive ultrasound signals to

and from a subject via the transducer 26, to produce ultrasound image
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representations of the subject. For example, in some embodiments, the subject
may be a person or patient. In some embodiments, the transducer 20 may be
manipulated such that the ultrasound machine acting as the image data source 14

produces a set of ultrasound images of a heart of the person, for example.

In some embodiments, a representation of the set of ultrasound images may be
transmitted to the image analyzer 12. In some embodiments, the system 10 may
include a frame grabber configured to capture raw video output from the ultrasound
machine and to transmit a serial data stream representing a set of ultrasound
images to the image analyzer 12. For example, in some embodiments, the frame
grabber may be configured to receive its input directly from an imaging output port
of the ultrasound machine, using an Epiphan AV.10 frame grabber, for example,
to capture and convert the raw video output to a serial data stream. In some
embodiments, the frame grabber output may be adapted from USB-A to USB-C
with an On-The-Go (OTG) adapter, allowing the frame grabber to pipe video output
from the ultrasound machine directly into the image analyzer 12. As described
below, the image analyzer 12 may run or implement a neural network which is
configured to process the video output received from the frame grabber. In some
embodiments, the image analyzer 12 may use TensorFlow Java inference

interface, for example.

In some embodiments, the image analyzer 12 may be configured to receive signals
representing a set of images. For example, in some embodiments, the image
analyzer 12 may be configured to receive the ultrasound images generated by the

ultrasound machine acting as the image data source 14 as shown in Figure 2.

In some embodiments, the set of images received may represent a video or cine
series and may be a temporally ordered set of images. In some embodiments, the
set of images received may represent an echocardiographic cine series, for

example, showing a patient’s heart over time.
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The image analyzer 12 may then cause at least one neural network function to be
applied to the set of images to determine at least one property confidence
distribution parameter. For example, in some embodiments a quality assessment
mean and standard deviation neural network function may be stored in the image
analyzer 12. The quality assessment mean and standard deviation neural network
function may be configured to take as an input a set of ultrasonic images and to
output mean and standard deviation values, which define a Gaussian probability
density or distribution function. The mean and standard deviation values may act
as property confidence distribution parameters. In various embodiments, the
Gaussian probability density function may be used to determine probabilities of
various numerical quality assessments for the set of ultrasonic images. For
example, the numerical quality assessments may vary from 0 representing very

poor quality to 1 representing very high quality.

The image analyzer 12 may then cause a cumulative distribution or density
function defined at least in part by the at least one property confidence distribution
parameter to be applied to a plurality of ranges, each range associated with a
respective property that may be associated with the set of images, to determine a
plurality of property confidences, each of the property confidences representing a
confidence that the set of images should be associated with a respective one of
the properties. In some embodiments, the cumulative distribution function may be
a Gaussian cumulative distribution function defined by the mean and standard

deviation values previously determined by the image analyzer 12.

In some embodiments, respective ranges of numerical quality assessments may
be associated with or assigned to respective quality assessments or quality
assessment categories. For example, numerical quality assessments between 0
and 0.25 may be associated with a quality assessment category of “Poor’,
numerical quality assessments between 0.25 and 0.5 may be associated with a
quality assessment category of “Fair’, numerical quality assessments between 0.5

and 0.75 may be associated with a quality assessment category of “Good”, and
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numerical quality assessments between 0.75 and 1 may be associated with a
quality assessment category of “Excellent”. In various embodiments, the quality
assessment categories may act as properties that may be associated with the set

of images.

Accordingly, in some embodiments, the image analyzer 12 may apply the
Gaussian cumulative distribution function to each of the ranges, 0-0.25, 0.25-0.5,
0.5-0.75, and 0.75-1, to determine confidences or probabilities for each range. In
some embodiments, the image analyzer 12 may normalize the confidences such

that they sum to 1.

In some embodiments, by using a cumulative distribution function applied over
ranges, the image analyzer 12 may facilitate use with categorical labeling, which
may be particularly desirable in various clinical settings. In some embodiments,
using a cumulative distribution applied over ranges may facilitate determination of
probabilities or confidences rather than probability densities, which may be more

easily understood by a user of the system 10.

In some embodiments, the image analyzer 12 may be configured to produce
signals for causing the display 24 to display a representation of at least one of the
property confidences. For example, in some embodiments, the image analyzer 12
may be configured to produce signals representing the confidences associated
with each of the quality assessment categories for causing the display 24 to display
a representation of the confidences. In various embodiments, reviewing the
confidences in view of the quality assessment categories with which they are
associated may provide a user of the system 10 with an understanding of the

quality of the images that are being captured.

Image Analyzer - Processor Circuit

Referring now to Figure 3, a schematic view of the image analyzer 12 of the system

10 shown in Figures 1 and 2 according to various embodiments is shown.
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Referring to Figure 3, the image analyzer 12 includes a processor circuit including
an analyzer processor 100 and a program memory 102, a storage memory 104,
and an input/output (I/O) interface 112, all of which are in communication with the
analyzer processor 100. In various embodiments, the analyzer processor 100 may
include one or more processing units, such as for example, a central processing
unit (CPU), a graphical processing unit (GPU), and/or a field programmable gate
array (FPGA). In some embodiments, any or all of the functionality of the image

analyzer 12 described herein may be implemented using one or more FPGAs.

The 1/0O interface 112 includes an interface 120 for communicating with the image
data source 14 and an interface 122 for communicating with the display 24. In
some embodiments, the I/0 interface 112 may also include an additional interface
for facilitating networked communication through a network such as the Internet.
In some embodiments, any or all of the interfaces of the 1/0 interface 112 may
facilitate a wireless or wired communication. In some embodiments, each of the
interfaces shown in Figure 3 may include one or more interfaces and/or some or
all of the interfaces included in the I/O interface 112 may be implemented as

combined interfaces or a single interface.

In some embodiments, where a device is described herein as receiving or sending
information, it may be understood that the device receives signals representing the
information via an interface of the device or produces signals representing the
information and transmits the signals to the other device via an interface of the

device.

Processor-executable program codes for directing the analyzer processor 100 to
carry out various functions are stored in the program memory 102. Referring to
Figure 3, the program memory 102 includes a block of codes 170 for directing the
image analyzer 12 to perform facilitating neural network image analysis functions.
In this specification, it may be stated that certain encoded entities such as

applications or modules perform certain functions. Herein, when an application,



10

15

20

25

30

WO 2020/160664 PCT/CA2020/050147

-17-

module or encoded entity is described as taking an action, as part of, for example,
a function or a method, it will be understood that at least one processor (e.g., the
analyzer processor 100) is directed to take the action by way of programmable
codes or processor-executable codes or instructions defining or forming part of the

application.

The storage memory 104 includes a plurality of storage locations including location
140 for storing image data, location 142 for storing neural network data, location
144 for storing mean data, location 146 for storing standard deviation data, and
location 148 for storing confidence data. In various embodiments, the plurality of

storage locations may be stored in a database in the storage memory 104.

In various embodiments, the block of codes 170 may be integrated into a single
block of codes or portions of the block of code 170 may include one or more blocks
of code stored in one or more separate locations in the program memory 102. In
various embodiments, any or all of the locations 140-148 may be integrated and/or

each may include one or more separate locations in the storage memory 104.

Each of the program memory 102 and storage memory 104 may be implemented
using one or more storage devices including random access memory (RAM), a
hard disk drive (HDD), a solid-state drive (SSD), a network drive, flash memory, a
memory stick or card, any other form of non-transitory computer-readable memory
or storage medium, and/or a combination thereof. In some embodiments, the
program memory 102, the storage memory 104, and/or any portion thereof may
be included in a device separate from the image analyzer 12 and in communication
with the image analyzer 12 via the /O interface 112, for example. In some
embodiments, the functionality of the analyzer processor 100 and/or the image
analyzer 12 as described herein may be implemented using a plurality of
processors and/or a plurality of devices, which may be distinct devices which are
in communication via respective interfaces and/or a network, such as the Internet,

for example.
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Image Analyzer Operation

As discussed above, in various embodiments, the image analyzer 12 shown in
Figures 1-3 may be configured to facilitate neural network image analysis.
Referring to Figure 4, a flowchart depicting blocks of code for directing the analyzer
processor 100 shown in Figure 3 to perform facilitating neural network image
analysis functions in accordance with various embodiments is shown generally at
200. The blocks of code included in the flowchart 200 may be encoded in the block

of codes 170 of the program memory 102 shown in Figure 3, for example.

Referring to Figure 4, the flowchart 200 begins with block 202 which directs the
analyzer processor 100 to receive signals representing a set of images. As
discussed above, in various embodiments, the image data source 14 may include
an ultrasound machine and the image data source 14 and/or a framer grabber may
be configured to send to the image analyzer 12 ultrasound images representing
the heart of a patient. In some embodiments, block 202 may direct the analyzer
processor 100 to receive the ultrasound images from the image data source 14
and to store the received ultrasound images in the location 140 of the storage

memory 104 shown in Figure 3.

In some embodiments, the set of ultrasound images may be a temporally ordered
set of ultrasound images representing a video or cine series for a subject. In some
embodiments, the subject may be the heart of a patient and the ultrasound images
may be referred as an echocine series. Each image of the ultrasound images may

be referred to herein as a frame.

In some embodiments, block 202 may direct the analyzer processor 100 to pre-
process raw ultrasound images received from the image data source 14 and/or to
select a subset of the ultrasound images received from image data source 14 as
the set of images to be analyzed. For example, in some embodiments, block 202

may direct the analyzer processor 100 to receive raw ultrasound images at a
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resolution of 640x480 at 30 Hz. Block 202 may direct the analyzer processor 100
to crop the raw frames down to include only the ultrasound beam, the boundaries
of which may be adjustable by the user. The cropped data may be resized down
to 120x120 to match input dimensions of the neural network implemented by the
image analyzer 12. In some embodiments, block 202 may direct the analyzer
processor 100 to perform a simple contrast enhancement step to mitigate quality

degradation introduced by the frame grabber.

In some embodiments, block 202 may direct the analyzer processor 100 to store
a subset of the received ultrasound images in the location 140 of the storage
memory 104. For example, in some embodiments, block 202 may direct the
analyzer processor 100 to store ten 120x120 ultrasound images in the location 140
of the storage memory 104 and those ten ultrasound images may act as the
received set of ultrasound images. In some embodiments, block 202 may direct
the analyzer processor 100 to store the most recent ultrasound images in the
location 140 of the storage memory 104. In some embodiments, a copy of the full-
resolution data may also be stored in the storage memory 104 for later expert

evaluation.

Referring to Figure 4, after block 202 has been executed, the flowchart continues
to block 204. Block 204 directs the analyzer processor 100 to cause at least one
neural network function to be applied to the set of images to determine at least one
property confidence distribution parameter. In some embodiments, parameters
defining a quality assessment mean and standard deviation neural network
function may be stored in the location 142 of the storage memory 104 and block
204 may direct the analyzer processor 100 to read the parameters from the
location 142 of the storage memory 104 and apply the quality assessment mean
and standard deviation neural network function to ten ultrasound images stored in
the location 140 of the storage memory 104. For example, a depiction of the quality
assessment mean and standard deviation neural network function, in accordance

with various embodiments, is shown at 300 in Figure 5.
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In various embodiments, the quality assessment mean and standard deviation
neural network function 300 may include commonly defined first feature extracting
neural networks (e.g., 304, 306, and 308), which may include convolutional neural
networks. For example, in some embodiments, each of the neural networks 304,
306, and 308 may be implemented as a seven-layer DenseNet model as described
in Huang, G., Liu, Z., Weinberger, K.Q., van der Maaten, L.. Densely connected
convolutional networks. In: IEEE CVPR. vol. 1-2, p. 3 (2017). In some
embodiments, the DenseNet model implementing the commonly defined first
feature extracting neural networks 304, 306, and 308 may use the following hyper-
parameters. First, the DenseNet may have one convolution layer with sixteen 3x3
filters, which turns gray-scale (1-channel) input images to sixteen channels. Then,
the DenseNet may stack three dense blocks, each followed by a dropout layer and
an average-pooling layer with filter size of 2x2. In various embodiments, after the
third dense block, the average-pooling layer may be applied before the dropout
layer. Each dense block may have exactly one dense-layer, which may include a
sequence of batch-normalization layer (as per loffe, S., Szegedy, C.: Batch
normalization: Accelerating deep network training by reducing internal covariate
shift. In: Proceedings of the 32nd International Conference on Machine Learning.
pp. 448-456. ICML'15, JMLR (2015), for example), a Rectified Linear layer (ReLU)
(as per Nair, V., Hinton, G.E.: Rectified linear units improve restricted Boltzmann
machines. In: Proceedings of the 27th international conference on machine
learning (ICML-10). pp. 807-814 (2010), for example), a 2D convolution layer with
3x3 filters, a dropout layer, a concatenation layer, another 2D convolution layer,

another dropout layer, and an average pooling layer.

A batch normalization layer may first normalize the input features by the mean and
standard deviation of the features themselves. For each channel (the second
dimension) of input, the features from all training samples within a mini-batch may
be jointly used to compute the mean and standard deviation values, hence the

name batch normalization. After the normalization, the features may be rescaled
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and shifted by a linear transformation operation. A ReLU activation layer may be
used to provide a non-linear transformation to the features. The RelLU activation
function is noted as:
ReLU(x) = max(0, x),

where x denotes any single element of the input feature vector. A concatenation
layer may concatenate features at a given dimension, where in this case, the
features may be concatenated at the channel (the second) dimension. A dropout
layer may omit a percentage of feature values according to a given value between
0 and 1, which is a regularization technique to reduce overfitting towards the

training data.

An exemplary implementation of portions of the commonly defined first feature
extracting neural networks including dense blocks 1, 2, and 3 in accordance with
various embodiments is shown at 310, 312, and 314 in Figures 6, 7, and 8,

respectively.

In some embodiments, the commonly defined first feature extracting neural
networks (e.g., 304, 306, and 308 shown in Figure 8) may be each configured to
extract features that are encodings of image patterns of a single echo frame which
are correlated with the image quality and view category of the single input echo
frame. In some embodiments, these features (encodings or mappings) may be in
the form of a vector of real-valued numbers (after the flatten operation), and each
number may be considered as the level of presence of a specific spatial pattern in
the input echo frame. In various embodiments, alternative or additional feature
extracting functions and/or neural networks may be used to extract features of the

input set of ultrasound images.

In some embodiments, more than one of the commonly defined first feature
extracting neural networks may be run concurrently. For example, in some
embodiments, block 204 may direct the analyzer processor 100 to run three of the

commonly defined first feature extracting neural networks as three identical
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Convolutional Neural Networks (CNN-1, CNN-2, or CNN-3) in separate threads at

the same time in order to prevent lag during particularly long inference times.

In various embodiments, the first feature representations (e.g., as shown at 320,
322, and 324 shown in Figure 5) output by the commonly defined first feature
extracting neural networks 304, 306, and 308 may act as first feature
representations of the set of images received at block 202 of the flowchart. In
some embodiments, for example, the first feature representations may each
represent a tensor having dimensions 14x14x34 which is flattened to a tensor
having length 6664 such that it can be input into a second feature extracting neural
network 340.

Block 204 may direct the analyzer processor 100 to store the extracted first feature
representations in the storage memory 104, for example, in a feature buffer which
may be shared between all three threads. Once all of the images included in the
set of images have been input to an instance of the commonly defined first feature
extracting neural network, block 204 may direct the analyzer processor 100 to input
the stored first feature representations into the second feature extracting neural
network 340 shown in Figure 5 to generate respective second feature

representations, each associated with one of the ultrasound images.

Referring to Figure 5, in some embodiments, the second feature extracting neural
network 340 may include a plurality of recurrent neural networks (RNNs) (e.g., 342,
344, and 346 shown in Figure 4). In some embodiments, the RNNs may each be
implemented using a long short term memory module (LSTM). In some
embodiments, parameters defining the second feature extracting neural network
340 may be stored in the location 166 of the storage memory 104 and block 204
may direct the analyzer processor 100 to retrieve the parameters from the location
156 of the storage memory 104. Referring to Figure 5, each RNN (e.g., 342, 344,
and 346 shown in Figure 5) may output a respective second feature

representation, which may be used as an input for further processing. In various
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embodiments, each of the second feature representations may be a tensor having
a length of 128.

In some embodiments, the LSTM layer (which is a type of RNN layer) may operate
on the outputs of the DenseNet networks of multiple frames. As a result, in some
embodiments, the features extracted by the LSTM networks may be encodings of
both spatial and temporal patterns of a multitude of echo frames. The sequence of
frames whose spatial and temporal patterns contribute to the extracted features
may depend on the type of RNN layer included in the second feature extracting
neural network 340. In some embodiments, conventional RNN architectures may
look backward in time and extract features from the previous N (e.g., N=10)
frames. However, in various embodiments, other types of RNNs may be
considered/used (i.e. bidirectional RNN) where features may be extracted from the
collective of previous and future frames. In various embodiments, the number of
frames included in the feature extraction of the RNNs (such as LSTM) could be
N=10 or more. In some embodiments, the features may be in the form of real-
valued numbers (for example, the features may usually be between -1 and 1 as
the activation function of RNN is usually hyperbolic tangent). In some
embodiments, each number may be considered as representing a level of

presence of a specific spatial and temporal pattern.

Referring to Figure 4, in various embodiments, block 204 may direct the analyzer
processor 100 to apply numerical quality assessment mean neural network
functions or neural networks (e.g., 362, 364, and 366 as shown in Figure 56) to the
second feature representations to determine respective numerical quality
assessment means from each of the second feature representations. In some
embodiments, the numerical quality assessment mean neural network functions

may include logistic regression modules.

In some embodiments, block 204 may direct the analyzer processor 100 to

average the determined numerical quality assessment means to determine an



10

15

20

25

30

WO 2020/160664 PCT/CA2020/050147

-24-

average mean 390. In various embodiments, block 204 may direct the analyzer
processor 100 to store the average mean in the location 144 of the storage memory
104 as a property distribution mean. For example, in some embodiments, the

average mean may be determined to be about 0.675.

In various embodiments, block 204 may direct the analyzer processor 100 to apply
numerical quality assessment standard deviation neural network functions (e.g.,
372, 374, and 376 as shown in Figure 5) to determine respective numerical quality
assessment standard deviations or variance parameters from each of the second
feature representations. In some embodiments, the numerical quality assessment
standard deviation neural network functions may include logistic regression

modules.

In some embodiments, block 204 may direct the analyzer processor 100 to
average the determined numerical quality assessment standard deviations to
determine an average standard deviation 392. In various embodiments, block 204
may direct the analyzer processor 100 to store the average standard deviation in
the location 146 of the storage memory 104 as a property distribution standard
deviation. For example, in some embodiments, the average standard deviation

may be determined to be about 0.075.

In some embodiments, the total number of parameters in the neural network

function 300 may be about 3.5 million.

Referring back to Figure 4, block 206 directs the analyzer processor 100 to cause
a cumulative distribution function defined at least in part by the at least one
property confidence distribution parameter to be applied to a plurality of ranges,
each range associated with a respective property that may be associated with the
set of images, to determine a plurality of property confidences, each of the property
confidences representing a confidence that the set of images should be associated

with a respective one of the properties.
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For example, in some embodiments, the properties may be quality assessments
of the ultrasound images received at block 202. The quality assessments may be
‘Poor” associated with a numerical quality assessment of (0-0.25], “Fair”
associated with a numerical quality assessment of (0.25-0.5], “Good” associated
with a numerical quality assessment of (0.5-0.75], and “Excellent” associated with
a numerical quality assessment of (0.75-1.00]. In various embodiments, the
properties or categories and associated ranges may have been previously
provided and may have been used during training of the neural network. In some
embodiments, the properties and ranges may be stored in the storage memory
104, such as in the location 142 of the storage memory 104. In some embodiments,
the ranges at the high and low ends may be open ended. For example, in some
embodiments, “Poor” may be associated with a numerical quality assessment of (-
«-0.25] and “Excellent” may be associated with a numerical quality assessment of
(0.75 to +].

In various embodiments, block 206 may direct the analyzer processor 100 to use
a Gaussian cumulative distribution function defined using the property distribution
mean and the property distribution standard deviation stored in the locations 144
and 146 of the storage memory 104. For example, block 206 may direct the
analyzer processor 100 to use the following Gaussian cumulative distribution

function:

P, =F(u)— F(l)
:1 erf(uc_f(x)>—erf<lc_f(x)>
2 g2 g2

where u, is the upper limit of the range, [. is the lower limit of the range, f(x) is
the average mean determined at block 204, and g(x) is the average standard

deviation determined at block 204, and where:

erf(z) = %j:exp(—tz)dt
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In some embodiments, observations of samples with quality below “Poor” or above
‘Excellent” may be ignored and so block 206 may direct the analyzer processor

100 to normalize the determined confidences or probabilities to ensure a unit sum:

AX

P, =t
¢ Zcecﬁz

In some embodiments, using the above-noted ranges for quality assessments of
“Poor’, “Fair’, “Good”, and “Excellent” for a mean of 0.675 and a standard deviation
of 0.075 may result in normalized confidences of 0, 0.01, 0.83, and 0.16,
respectively. In various embodiments, block 206 may direct the analyzer
processor 100 to store the determined confidences in the location 148 of the
storage memory 104. For example, in some embodiments, block 206 may direct
the analyzer processor 100 to store a property confidence record 500 as shown in
Figure 9 in the location 148 of the storage memory 104. In various embodiments,
the property confidence record 500 may include property identifier fields 502, 506,
510, and 514, each associated with a confidence field 504, 508, 512, and 516
respectively. In various embodiments, block 206 may direct the analyzer
processor 100 to store the determined normalized confidences in the confidence
fields 504, 508, 512, and 516.

In some embodiments, the flowchart 200 may include blocks of code for directing
the analyzer processor 100 to produce signals for causing the display 24 shown in
Figure 2 to display a representation of at least one of the property confidences.
For example, in some embodiments, the blocks of code may include blocks for
directing the analyzer processor 100 to produce signals for causing the display 24
to display a depiction 540 of the determined normalized confidences, as shown in
Figure 10. Referring to Figure 10, in some embodiments, the normalized

confidences may be displayed in text at 542, 5644, 546, and 548 respectively.
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In some embodiments, the flowchart 200 may include blocks of code for directing
the analyzer processor 100 to produce signals for causing the display 24 to display
a representation of the at least one property confidence distribution parameter.
For example, in various embodiments, the depiction 540 may include
representations of the average mean and/or the average standard deviation as
determined in block 206. In some embodiments, the blocks of code may direct the
analyzer processor 100 to cause the depiction 540 to include a multi-shaded bar
560 representing the property distribution mean and the property distribution
standard deviation. For example, in the depiction 840 shown in Figure 10, a
position 562 of the multi-shaded bar 560 may coincide with the property distribution
mean and a width 564 of the multi-shaded end portion of the bar 560 may represent

the standard deviation.

In various embodiments, displaying to the user the property confidences and/or
the mean and standard deviation, may allow the user to have a better
understanding of the aleatoric uncertainty that may be present in the predicted
properties. In some embodiments, for example, where a user is viewing
confidences associated with quality assessments of echocardiographic views,
understanding the magnitude of uncertainty associated with a quality assessment
of a view, may allow the user to reconfigure the ultrasound machine and/or the

transducer to try to improve the uncertainty and/or quality assessment.

Neural network training

As discussed above, in various embodiments, parameters defining the quality
assessment mean and standard deviation neural network function may be stored
in the location 142 of the storage memory 104 of the image analyzer 12. In some
embodiments, the parameters may have been generated during neural network
training. Referring now to Figure 11 there is shown a system 700 for facilitating
image analysis including training at least one neural network function, in

accordance with various embodiments.
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Referring to Figure 11, the system 700 includes an image analyzer 702 in
communication with an image data source 704. In various embodiments, the
image analyzer 702 and the image data source 704 may include functionality
generally similar to that described herein having regard to the image analyzer 12
and the image data source 14 shown in Figures 1 and 2. In some embodiments,
the image analyzer 702 may use as an input, ultrasound images and use a neural
network to determine a quality assessment mean and standard deviation and to
determine confidences for various quality assessments based on the quality

assessment mean and standard deviation as applied to ranges.

Referring to Figure 11, in various embodiments, the system 700 also includes a
neural network trainer 708 in communication with a training data source 710. In
various embodiments, the image analyzer 702 may be in communication with the
neural network trainer 708 via a communication network 712, which may in some

embodiments, include the Internet, and/or remote mass storage for example.

In operation, the neural network trainer 708 may be configured to use training
image data taken from the training data source 710 to train at least one neural
network function, such as, for example a quality assessment mean and standard
deviation neural network function described herein with regard to the system 10
shown in Figure 1, and to provide the parameters defining the at least one neural

network function to the image analyzer 702 shown in Figure 11.

Referring to Figure 12, a schematic view of the neural network trainer 708 of the
system 700 shown in Figure 11 according to various embodiments is shown. In
various embodiments, elements of the neural network trainer 708 that are similar
to elements of the image analyzer 12 shown in Figure 3 may function generally as
described herein having regard to the image analyzer 12 shown in Figure 3. In
various embodiments, the neural network trainer 708 may be implemented as a

server, for example.
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Referring to Figure 12, the neural network trainer 708 includes a processor circuit
including a trainer processor 800 and a program memory 802, a storage memory
804, and an input/output (I/0O) interface 812, all of which are in communication with

the trainer processor 800.

The I/O interface 812 includes an interface 820 for communicating with the training
data source 710 shown in Figure 11 and an interface 822 for communicating with

the image analyzer 702 via the network 712.

Processor-executable program codes for directing the trainer processor 800 to
carry out various functions are stored in the program memory 802. Referring to
Figure 11, the program memory 802 includes a block of codes 870 for directing the

neural network trainer 708 to perform facilitating neural network training functions.

The storage memory 804 includes a plurality of storage locations including location
840 for storing training data, location 842 for storing neural network data, location
844 for storing mean data, location 846 for storing standard deviation data, and

location 848 for storing confidence data.

In some embodiments, the program memory 802, the storage memory 804, and/or
any portion thereof may be included in a device separate from the neural network
trainer 708 and in communication with the neural network trainer 708 via the 1/0
interface 812, for example. In some embodiments, the functionality of the trainer
processor 800 and/or the neural network trainer 708 as described herein may be
implemented using a plurality of processors and/or a plurality of devices, which
may be distinct devices which are in communication via respective interfaces

and/or a network, such as the Internet, for example.

In various embodiments, the neural network trainer 708 shown in Figures 11 and
12 may be configured to facilitate neural network training. Referring to Figure 13,

a flowchart depicting blocks of code for directing the trainer processor 800 shown
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in Figure 12 to facilitate neural network training functions in accordance with
various embodiments is shown generally at 900. The blocks of code included in
the flowchart 900 may be encoded in the block of codes 870 of the program memory

802 shown in Figure 12, for example.

In various embodiments, the blocks included in the flowchart 900 may direct the
trainer processor 800 to train a neural network function as depicted at 980 in Figure
14, for example. In various embodiments, the neural network function 980 may
include a quality assessment mean and standard deviation neural network function
982 having an architecture corresponding to the quality assessment mean and
standard deviation neural network function 300 shown in Figure 5, with a cumulative
distribution function 984 applied using the mean and standard deviation outputs of
the quality assessment mean and standard deviation neural network function 982,
such that the neural network function 980 is configured to output quality assessment
confidences, each associated with a respective quality assessment. In various
embodiments, the blocks included in the flowchart 900 may direct the trainer
processor 800 to train the neural network function 980, such as, by minimizing cross
entropy loss calculated using the quality assessment confidences and quality

assessments or labels provided by experts.

Referring to Figure 13, the flowchart 900 begins with block 902 which directs the
trainer processor 800 to receive signals representing a plurality of sets of training
images. Block 904 then directs the trainer processor 800 to receive signals
representing expert evaluation properties, each of the expert evaluation properties

provided by an expert and associated with one of the sets of training images.

In some embodiments, for example, the training data source 710 may have
previously been provided with training data including sets of training images and
an associated quality assessment for each of set of training images. In some
embodiments, for example, the training data source 710 may have stored thereon

training data for a plurality of ultrasound sessions wherein the data includes for
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each ultrasound session, a plurality of training ultrasound images, which may be
included in an echocine series, for example, and an associated quality assessment
which may include a representation of “Poor”, “Fair’, “Good” or “Excellent” for
example. In various embodiments, the quality assessments may act as expert
evaluation properties and may have been provided by a medical professional
based on the medical professional’s expert assessment of the quality of the set of

images.

Referring to Figure 15, a representation of an exemplary ultrasound session
training record that may be included in the training data is shown at 1000. The
ultrasound session training record 1000 includes a session identifier field 1002 for
storing a unique identifier identifying the session, and a plurality of image fields
1004 for storing training images representing a video or cine series, which may be
a temporally ordered set of images. In some embodiments, the training images
may represent an echocardiographic cine series, for example, showing a patient’s

heart over time.

Referring to Figure 15, the ultrasound session training record 1000 also includes
a quality assessment field 1006 for storing a representation of a quality
assessment associated with the training images from the image fields 1004. In
some embodiments, the value for the quality assessment field 1006 may have
been previously provided by medical professionals, who may have reviewed the

associated training images and assessed their quality.

Referring back to Figure 13, in various embodiments, blocks 902 and 904 may be
executed concurrently and may direct the trainer processor 800 to receive
ultrasound training session records, each having format generally similar to the
ultrasound session training record 1000 shown in Figure 15, from the training data
source 710 via the interface 820 of the I/O interface 812 shown in Figure 12, for

example. In some embodiments, blocks 902 and 904 may direct the trainer
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processor 800 to store representations of the ultrasound training session records

in the location 840 of the storage memory 804 shown in Figure 12.

In view of the foregoing, after execution of blocks 902 and 904, the neural network
trainer 708 may have stored in the location 840 of the storage memory 804 sets of
images and a respective quality assessment associated with each of the sets of
images. In various embodiments, this information may act as training data which
may be used to train the quality assessment mean and standard deviation neural

network function 980 shown in Figure 14, as described below.

In some embodiments, the training data may be denoted as D = {X, A}, where X

= {x;} Jf'l denote the sets of [D| observed samples (i.e., the sets of training images)

and A = {ai}i|£|1 denote the corresponding quality assessments. In some
embodiments, the neural network may be defined by W = the set of parameters or
weights that define the quality assessment mean and standard deviation neural
network function 982 shown in Figure 14. In some embodiments, blocks 906 to
912 of the flowchart 900 shown in Figure 13 may be configured to train or update
the parameters defining the quality assessment mean and standard deviation
neural network function such that likelihood over A is maximized, for example, by

minimizing a loss function defined as:

D

1
I(W,D) = 1D (logp(a;|x;, W))
i=1

where p(a;|x;, W) denotes the confidence or probability associated with the quality
assessment a; (from the training data) when the associated set of images x; are
input into the quality assessment mean and standard deviation neural network
function 982 defined by the parameters W. In some embodiments, p(a;|x;, W) may
be determined by inputting the set of images x; into the quality assessment mean

and standard deviation neural network function 982 to determine a mean and
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standard deviation, and using a cumulative distribution function defined by the
determined mean and standard deviation to determine p(a;|x;, W) to be the

confidence associated with the quality assessment identified by a;.

Referring to Figure 13, in various embodiments, blocks 906 to 912 may be
executed to train or update the parameters defining the quality assessment mean
and standard deviation neural network function 982 to minimize or reduce the loss

function defined above.

Block 906 directs the trainer processor 800 to consider a set of the training images
as a subject set of training images. In some embodiments, upon a first execution
of block 906, block 906 may direct the trainer processor 800 to consider a first set
of training images from one of the ultrasound session training records stored in the
location 148 of the storage memory 104 (e.g., the ultrasound session training
record 1000 shown in Figure 15). For example, in some embodiments, block 906
may direct the trainer processor 800 to consider 10 of the training images from the
ultrasound session training record 1000 shown in Figure 16 as a subject set of

training images.

Blocks 908 and 910 may then be executed for the subject set of training images.
In various embodiments, blocks 908 and 910 may include code for functionality
generally similar to blocks 204 and 206 of the flowchart 200 shown in Figure 4.
Block 908 directs the trainer processor 800 to, for the subject set of training
images, cause the at least one neural network function to be applied to the set of
training images to determine at least one property confidence distribution
parameter. For example, in some embodiments, block 908 may direct the trainer
processor 800 to cause the quality assessment mean and standard deviation
neural network function 982 to be applied to the subject set of training images to
determine a mean and standard deviation for the set of training images. In some

embodiments, block 908 may direct the trainer processor 800 to store the
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determined mean and standard deviation in the locations 844 and 846 of the

storage memory 804, for example.

Block 910 then directs the trainer processor 800 to cause a cumulative distribution
function defined at least in part by the at least one property confidence distribution
parameter to be applied to a range associated with the expert evaluation property
associated with the set of images, to determine a property confidence representing
a confidence that the set of images should be associated with the expert evaluation
property. For example, where the quality assessment field 1006 associated with
the subject set of images stores a representation of “Good”, block 910 may direct
the trainer processor 800 to use a range of (0.5-0.75] and the Gaussian cumulative
distribution function, described herein in connection with block 206 of the flowchart

200 shown in Figure 4, to determine the property confidence.

In various embodiments, block 910 may direct the trainer processor 800 to store
the determined confidence in the location 848 of the storage memory 804. In some
embodiments, block 910 may direct the trainer processor 800 to store the
determined confidence in association with the set of training images from which it
was determined. For example, in some embodiments, block 910 may direct the
trainer processor to store a training confidence record 1020 as shown in Figure 16
in the location 848 of the storage memory 804. Referring to Figure 16, the training
confidence record 1020 includes a session identifier field 1022 for associating the
confidence with a session and a confidence field 1024 for storing the determined

confidence.

In various embodiments, after execution of block 910, block 912 may direct the
trainer processor 800 to determine whether there are any additional training
images to be considered. For example, in some embodiments, block 912 may
direct the trainer processor 800 to determine whether all of the sets of training
images received at block 902 have been considered. If at block 912, it is

determined that additional training images are to be considered, the trainer
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processor 800 is directed to return to block 906 and consider another set of training
images as the subject set of training images. Blocks 908 and 910 are then

executed with the new subject set of training images.

If at block 912 it is determined that no further training images are to be considered,
block 912 directs the trainer processor to proceed to block 914. In various
embodiments, when the trainer processor 800 proceeds to block 914, there may
be stored in the location 848 of the storage memory 804 numerous confidence
records having format generally similar to the confidence record 1020 shown in

Figure 16.

Block 914 then directs the trainer processor to cause the at least one neural
network function to be updated to reduce a loss, the loss determined based at least
in part on the determined property confidences. In various embodiments, block

914 may direct the trainer processor to reduce the loss defined as follows:

D
LW, D) = — ) Gog b W)
i=1
by updating the parameters of the neural network function 982 as stored in the
location 842 of the storage memory 804, where p(a;|x;, W) has been determined
as described above and is stored as the property confidences (for example, as
stored in the confidence field 1024 of the confidence record 1020 shown in Figure

16), for each of the sets of input images x;.

In some embodiments, after block 914 has been completed, the trainer processor
800 may return to block 906 and the neural network may be further trained. In
various embodiments, blocks 906-914 may be repeated numerous times to train

the neural network function and try to minimize the loss function.

In various embodiments, the loss function may be reduced or minimized using an

Adam optimizer to train the network end-to-end from scratch, for example. For
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example, in some embodiments, repeated execution of blocks 906-914 may be
performed by using the Adam optimizer with the loss function as described above
and thus incorporating the cumulative distribution function. In some embodiments,
for the Adam optimizer, the initial learning rate may be set to 2.5e-4, decaying by
scale 0.91 every two epochs, till it decays to approximately 100 times smaller at
the 100" epoch. In some embodiments, the training image data may be
augmented by using random translation up to 10% of image dimensions in pixels
and random rotation up to +5 degrees. In some embodiments, weight decay may
be set to 5e-4.

In various embodiments, alternative or additional neural network training
processes may be used. For example, in some embodiments, the neural network
function 980 may be trained using stochastic gradient descent method (SGD),

RMSprop, or another neural network training process.

In various embodiments, after blocks 906-914 have been executed one or more
times, data defining a trained quality assessment mean and standard deviation
neural network function may be stored in the location 842 of the storage memory
804.

In some embodiments, the flowchart 900 may include a block for directing the
trainer processor 800 to produce signals representing the trained quality
assessment mean and standard deviation neural network function 982 shown in
Figure 14 for causing a representation of the trained quality assessment mean and
standard deviation neural network function 982 to be transmitted to the image
analyzer 702 shown in Figure 11. In some embodiments, the image analyzer 702
may include a processor circuit generally as shown in Figure 3 and the image
analyzer 702 may direct the analyzer processor of the image analyzer 702 to store
the representation of the trained quality assessment mean and standard deviation
neural network function in a location similar to the location 142 of the image

analyzer 12 shown in Figure 3.
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In various embodiments, the image analyzer 702 may be configured to execute
the flowchart 200 shown in Figure 4, generally as described herein, to use the
trained quality assessment mean and standard deviation neural network function
and determine confidences associated with respective quality assessments,

generally as described herein.
In some embodiments, a system for training may include simply the neural network
trainer 708 and may omit the training data source 710, the network 712, the image

analyzer 702, and/or the image data source 704.

Ejection Fraction

In some embodiments, an image analyzer that includes functionality generally
similar to the image analyzer 12 shown in Figures 1-3 and described herein may
be configured to facilitate neural network image analysis for alternative or
additional types of properties, such as, for example, clinically relevant

measurements, that may be associable with sets of images.

In some embodiments, for example, an image analyzer that includes functionality
generally similar to the image analyzer 12 shown in Figures 1-3 may be configured
to facilitate neural network image analysis relating to properties and/or

characteristics of any or all of the following:

Aorta

Aortic prosthesis
Aortic Regurgitation
AV function

AV stenosis severity
AV structure

BAV

Filling



10

15

20

25

30

WO 2020/160664 PCT/CA2020/050147

-38-

Filling pressure
Hypertrophy

LVEF

MAC

Mitral prosthesis

Mitral Regurgitation
MV function

MV stenosis severity
MV structure
Pericardial effusion
Pulmonary regurgitation
Rhythm

RV function

RV structure

Tricuspid prosthesis
Tricuspid Regurgitation
TV function

TV structure

Wall motion

An important clinical measurement of an echo exam may be left ventricular (LV)
ejection fraction (EF), which evaluates the systolic performance of the heart, that
is, the strength of contractile function. In some embodiments, LV EF may be
estimated in clinics using systems that are configured to facilitate visual
assessment of echo cine series and labeling or categorizing the LV EF based on
the visual assessment. These systems may be used by experienced
echocardiographers, who after years of practice, can subjectively estimate EF
accurately. Visual assessment using such systems may be robust to segmentation
and frame selection errors. However, visual assessment of LV EF using these
systems may suffer from high inter and intra-observer variability, making EF

estimation challenging. Factors contributing to such variability may include (1) low
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inherent image quality in echo; (2) inaccurate segmentation or key frame detection;

and/or (3) errors due to volume estimation from 2D images.

In some embodiments an image analyzer 1200 as shown in Figure 17 may be
configured to facilitate image analysis for determining LV EF or an estimated
ejection fraction function diagnosis, based on at least visual assessment training
data. The image analyzer 1200 may be included in a system having an
architecture generally similar to the system 10 shown in Figure 1 or 2 and the
image analyzer 1200 may be in communication with an image data source. In
various embodiments, the image analyzer 1200 may include some generally
similar elements to the image analyzer 12 shown in Figure 3. In various
embodiments, the image analyzer 1200 may be configured to determine
confidences associated with visual assessments of LV EF based on
echocardiograms by applying a neural network and a cumulative distribution

function.

In some embodiments, for example, the image analyzer 1200 may include
functionality generally similar to the image analyzer 12 shown in Figure 3, except
that the image analyzer 1200 may be configured to determine confidences
associated with different visual assessments of LV EF or estimated ejection
fraction function diagnoses, such as “Severe dysfunction”, “Moderate dysfunction”,
“Mild dysfunction”, or “Normal function”, which may be associated with ranges of
[0.0-0.20], (0.20-0.40], (0.40-0.55], and (0.55-0.80), respectively, for example.
Referring to Figure 17, the image analyzer 1200 includes an analyzer processor
1300 in communication with a program memory 1202, storage memory 1204, and
I/0 interface 1312. The I/O interface includes an interface 1322 for communicating
with a display 1324 and an interface 1320 for communicating with an image data

source.

Referring to Figure 18, a flowchart depicting blocks of code for directing the

analyzer processor 1300 shown in Figure 17 to perform facilitating neural network
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image analysis functions in accordance with various embodiments is shown
generally at 1400. The blocks of code included in the flowchart 1400 may be
encoded in a block of codes 1270 of the program memory 1202 shown in Figure 17,

for example.

Referring to Figure 18, block 1402 directs the analyzer processor 1300 to receive
signals representing a set of images. In some embodiments, block 1402 may
direct the analyzer processor 1300 to receive a set of ultrasound images including
a set of A2C ultrasound images and a set of A4C ultrasound images. For example,
in some embodiments, the set of images may be received from an image data
source in communication with the image analyzer 1200. In some embodiments,
block 1402 may direct the analyzer processor 1300 to store the received set of
images in the location 1240 of the storage memory 1204 of the image analyzer
1200.

Block 1404 directs the analyzer processor 1300 to cause at least one neural
network function to be applied to the set of images to determine at least one
property confidence distribution parameter. In some embodiments, block 1404
may direct the analyzer processor 1300 to cause an LV EF assessment mean and
standard deviation neural network function 1440 as shown in Figure 19 to be
applied to the set of images. In some embodiments, parameters defining the LV
EF assessment mean and standard deviation neural network function 1440 may
be stored in the location 1242 of the storage memory 1204 shown in Figure 17,
and block 1404 may direct the analyzer processor 1300 to retrieve the parameters

and apply the neural network function 1440.

Referring to Figure 19, the neural network function 1440 includes inputs 1442 and
1444 at which are input the sets of A2C and A4C ultrasound images, which may
represent echo cine series from the A2C and A4C views, for example. 3D
convolution (C3D) modules are then applied to the inputs in spatio-temporal
feature embedding (STFE) blocks 1452 and 1454. C3D-based structures have
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proven promising for video analysis tasks, and despite being computationally
expensive, are feasible for analyzing relatively short echo cine series, which
capture a few heart beats. In various embodiments, the input sets of ultrasound
images or video are represented as stacks of 2D video frames, creating a 3D
tensor, consisting of two spatial and one temporal dimensions; HxWxF. The STFE

blocks each contain five (3, 3, 3) C3D and (2, 2, 2) max-pooling layers.

The spatio-temporal feature vectors may be merged after the STFE blocks 1452
and 1454 through a concatenation layer 1462 and then the merged vector may be
processed by first and second RelLU blocks 1472 and 1482. The result may then
be passed through a mean determining sigmoid block 1492 configured to
determine a numerical mean for the LV EF assessment and also passed through
a standard deviation determining sigmoid block 1494 configured to determine a

numerical standard deviation for the LV EF assessment.

In various embodiments, block 1404 may direct the analyzer processor 1300 to
store the resulting mean and standard deviation from blocks 1492 and 1494 in the
locations 1244 and 1246 of the storage memory 1204 shown in Figure 17, for

example.

In 2D echo, EF may also be calculated or estimated through Simpson’s method by
approximating the left ventricular volume from 2D area, once it is traced. Simpson’s
method may be done, for example, using a single plane or using biplane Simpson’s
method of disks. The biplane Simpson’s method involves measuring the minimum,
i.e., end-systolic (ESV), and maximum, i.e., end-diastolic (EDV), volumes of the
LV by estimating the LV surface area in two standard 2D echo views, referred to
as apical two-chamber (A2C) and apical four-chamber (A4C). Single plane
Simpson’s method may be applied on A2C or A4C imaging planes. The biplane
method may result in a more fine-tuned/precise EF that is acquired once the two
measurements (A2C Simpson’s and A4C Simpson’s) are merged. The accuracy

of Simpson’s method may be highly dependent on accurate (a) selection of end-
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diastolic (ED) and end-systolic (ES) frames; and/or (b) segmentation of the LV

endocardium, in both apical windows.

Whereas the result of visual assessment of LV EF is a category, the result of the

Simpson’s method is a percentage or numerical value between 0 and 1.

In some embodiments, the neural network function 1440 may be configured to also

determine numerical mean and standard deviations for each of the methods,

Bipl . .
EFgsonis: EF§ipsons: and EFgh 70 In various embodiments, the neural

network function 1440 may include two streams, designated for A2C and A4C cine
series. A pseudo-siamese structure may be utilized, in that, the streams have a

similar architecture, but the parameters are not coupled. EF42¢ and

Simpsonss

EF;“{,*,fpson,s are linked to the input A2C and A4C ultrasound images, respectively.

The other two outputs EF5P!1¢ gng EFEPI™ are jinked to both A2C and A4C

Visual Simpsonss
views as they involve biplane measurements. The model may have been
previously trained by jointly minimizing losses for the four types of EF

measurement.

Block 1404 may direct the analyzer processor 1300 to store representations of the

determined mean and standard deviation values for EFg“iZ,ﬁpson,s, EF;“{,*,fpson,s, and

EFEPme  in the location 1248 of the storage memory 1204,

Simpsonrs

Block 1406 then directs the analyzer processor 1300 to cause a cumulative
distribution function defined at least in part by the at least one property confidence
distribution parameter to be applied to a plurality of ranges, each range associated
with a respective property that may be associated with the set of images, to
determine a plurality of property confidences, each of the property confidences
representing a confidence that the set of images should be associated with a

respective one of the properties.
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In various embodiments, block 1406 may be generally similar to block 206 of the
flowchart 200 shown in Figure 4, except that the properties may be “Severe
dysfunction”, “Moderate dysfunction”, “Mild dysfunction”, and “Normal function”,
and the associated ranges may be [0.0-0.20], (0.20-0.40], (0.40-0.55], and (0.55-
0.80) respectively.

Block 1406 may direct the analyzer processor 1300 to store a property confidence
record 1540 as shown in Figure 20 in the location 1250 of the storage memory
104. In various embodiments, the property confidence record 1540 may include
property identifier fields 1542, 15646, 15650, and 15654, each associated with a
confidence field 1544, 1548, 1552, and 1556 respectively.

In some embodiments, the flowchart 1400 may include blocks of code for directing
the analyzer processor 1300 to produce signals for causing the display 1324
shown in Figure 17 to display a representation of at least one of the property
confidences. For example, the block may direct the analyzer processor 1300 to
cause the display 1324 to display a representation of the information included in
the property confidence record 1540 generally as described herein having regard

to the quality assessment information.

Referring to Figure 21, there is shown a neural network trainer 1700 configured to
train the neural network function 1440 shown in Figure 19, in accordance with
various embodiments. In some embodiments, the neural network trainer 1700 may
include functionality generally similar to the neural network trainer 708 shown in
Figure 12 and discussed herein. Referring to Figure 21, the neural network trainer
1700 includes a trainer processor 800 in communication with a program memory
1802, a storage memory 1804, and an I/O interface 1812. The I/O interface 1812
includes an interface 1820 for communicating with a training data source and an

interface 1822 for communicating with an image analyzer.
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In some embodiments, the neural network trainer 1700 may be included in a
system having an architecture generally similar to the system 700 shown in Figure
11. In various embodiments, the neural network trainer 1700 may be in
communication with a training data source and an image analyzer generally similar

to the image analyzer 1200 shown in Figure 17.

Referring to Figure 22, a flowchart depicting blocks of code for directing the trainer
processor 1800 in Figure 21 to perform facilitating neural network training functions
in accordance with various embodiments is shown generally at 1900. The blocks
of code included in the flowchart 1900 may be encoded in the block of codes 1870

of the program memory 1802 shown in Figure 21, for example.

Referring to Figure 22, the flowchart 1900 begins with block 1902 which directs the
trainer processor 1800 to receive signals representing a plurality of sets of training
images. Block 1904 directs the trainer processor 1800 to receive signals
representing expert evaluation properties, each of the expert evaluation properties
provided by an expert and associated with one of the sets of training images. In

some embodiments, blocks 1902 and 1904 may be executed concurrently.

In some embodiments, for example, the training data source in communication
with the neural network trainer 1700 may have previously been provided with
training image data including sets of training images (including A2C and A4C
views) and an associated visual assessment of LV EF for each of set of training
images. In some embodiments, for example, the training data source may have
stored thereon training data for a plurality of ultrasound sessions wherein the data
includes for each ultrasound session, A2C training ultrasound images and A4C
ultrasound images, which may be included in respective echocine series, for
example, and an associated visual assessment of LV EF which may include a
representation of “Severe dysfunction”, “Moderate dysfunction”, “Mild dysfunction”,
and “Normal function”, for example. In various embodiments, the visual

assessments of LV EF may act as expert evaluation properties and may have been
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provided by a medical professional based on the medical professional’'s expert

visual assessment of the LV EF for the set of images.

In some embodiments, the training data may also include A2C, A4C and biplane

Simpson’s method assessments of the LV EF.

Referring to Figure 24, a representation of an exemplary LV EF training record that
may be included in the training data is shown at 2000. The LV EF training record
2000 includes a session identifier field 2002 for storing a unique identifier
identifying the session, A2C image fields 2004 and A4C image fields 2006. The LV
EF training record 2000 also includes a visual assessment of LV EF field 2008 for
storing a representation of a visual assessment of LV EF which may have been
previously provided by a medical professional when viewing the images stored in
the image fields 2004 and 2006.

In some embodiments, the LV EF training record 2000 may also include an A2C
Simpson’s assessment of LV EF field 2010, an A4C Simpson’s assessment of LV
EF field 2012, and/or a Biplane Simpson’s assessment of LV EF field 2014 for
storing respective assessments provided by medical professionals using the

respective methods.

Referring back to Figure 22, in various embodiments, blocks 1902 and 1904 may
be executed concurrently and may direct the trainer processor 1800 to receive a
plurality of LV EF training records, each having format generally similar to the LV
EF training record 2000 shown in Figure 23, from the training data source via the
interface 1820 of the 1/O interface 1812 shown in Figure 21, for example. In some
embodiments, blocks 1902 and 1904 may direct the trainer processor 1800 to store
representations of the LV EF training records in the location 1840 of the storage

memory 1804 shown in Figure 21.
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Referring to Figure 22, in various embodiments, blocks 1906 to 1912 may be
executed to train or update the parameters defining a neural network function
stored in the location 1842 of the storage memory 1804, which may in various
embodiments have architecture generally similar to the neural network function
1440 shown in Figure 19.

In some embodiments, in order to train the neural network function, loss defined

as follows may be minimized or reduced:

_ A2C A4C Biplane Biplane
ltotal - lregEFi,simpson’s + lregEFi,SimpsonlS + lTegEFi,Simpsonrs + lCCEEFi,Visual

Biplane
i,Visual

where the [ .zEF may be determined generally as discussed herein

regarding quality assessment, as follows:

D
; 1
Biplane __
lCCEEFi'Visual - _WZ(IOgP(ailxi' W))
i=1
A2C A4C Biplane
and where L EF G con's  lregEF simpsonss: @NA lregEF; ginconis May  be

determined using a loss function as follows:

1 D
lreg = mzl(yi _5]\1)2
i=

where y; and ¥, are the true and predicted numerical label, respectively. This may

be called the norm-2 (Euclidean loss) which is used for regression (hence [,..,).

Accordingly, referring to Figure 22, blocks 1906-1912 may be executed to

determine logp(a;|x;, W)) for each input x;.

Block 1906 directs the trainer processor 1800 to consider a set of training images
as a subject set of training images. For example, in some embodiments, block

1906 may direct the trainer processor 1800 to consider the training images
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included in the LV EF training record 2000 shown in Figure 23 to be the subject

set of training images.

Block 1908 directs the trainer processor 1800 to, for the subject set of training
images, cause the at least one neural network function to be applied to the set of
training images to determine at least one property confidence distribution
parameter. For example, in some embodiments, block 1908 may direct the trainer
processor 1800 to input the training images from the fields 2004 and 2006 of the
LV EF training record 2000 into the neural network function stored in the location
1842 of the storage memory 1804, which has architecture generally similar to that
shown at 1440 in Figure 19, to cause a visual assessment LV EF mean and
standard deviation to be determined. In some embodiments, block 1908 may
direct the trainer processor 1800 to store the visual assessment LV EF mean and
standard deviation in the locations 1844 and 1846 of the storage memory 1804

shown in Figure 21.

In some embodiments, block 1908 may concurrently cause LV EF means and
standard deviations to be determined for each of A2C Simpson’s, A4C Simpson'’s,
and Biplane Simpson’s methods, using the neural network function. In some
embodiments, block 1908 may direct the trainer processor 1800 to store each of
the numerical mean and standard deviations determined in the location 1848 of
the storage memory 1804, each associated with a method type identifier (e.g.,
“‘A2C Simpson’s”, “A4C Simpson’s” or “Biplane Simpson’s”) and a session

identifier.

Block 1910 then directs the trainer processor to cause a cumulative distribution
function defined at least in part by the at least one property confidence distribution
parameter to be applied to a range associated with the expert evaluation property
associated with the set of images, to determine a property confidence representing
a confidence that the set of images should be associated with the expert evaluation

property. In some embodiments, block 1910 may direct the trainer processor to
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read the visual assessment from the visual assessment LV EF field 2008 and to
apply a Gaussian cumulative distribution function based on a range associated
with the visual assessment. For example, in some embodiments, visual
assessments of “Severe dysfunction”, “Moderate dysfunction”, “Mild dysfunction”,
and “Normal function”, may be associated with ranges of [0.0-0.20], (0.20-0.40],
(0.40-0.55], and (0.55-0.80), respectively. This information may have been
previously provided and stored in the location 1840 of the storage memory 1804,

for example.

In various embodiments, where the visual assessment LV EF field 2008 stores
“Normal function”, block 1910 may direct the trainer processor to use a range of
(0.55-0.80] in the Gaussian cumulative distribution function. In various
embodiments, block 1910 may direct the trainer processor to normalize the result

to determine a property confidence.

In various embodiments, block 1910 may direct the trainer processor 1800 to store
the determined property confidence in the location 1850 of the storage memory
1804. In some embodiments, block 1910 may direct the trainer processor 1800 to
store the determined confidence in association with the set of training images from
which it was determined. For example, in some embodiments, block 1910 may
direct the trainer processor to store a training confidence record 2040 as shown in
Figure 24 in the location 1850 of the storage memory 1804. Referring to Figure
24, the training confidence record 2040 includes a session identifier field 2042 for
associating the confidence with a session and a confidence field 2044 for storing

the determined confidence.

In various embodiments, after execution of block 1910, block 1912 may direct the
trainer processor 1800 to determine whether there are any additional training
images to be considered. For example, in some embodiments, block 1912 may
direct the trainer processor 1800 to determine whether all of the sets of training

images received at block 1902 have been considered. If at block 1912, it is
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determined that additional training images are to be considered, the trainer
processor 1800 is directed to return to block 1906 and consider another set of
training images as the subject set of training images. Blocks 1908 and 1910 are

then executed with the new subject set of training images.

If at block 1912 it is determined that no further training images are to be
considered, block 1912 directs the trainer processor to proceed to block 1914. In
various embodiments, when the trainer processor 1800 proceeds to block 1914,
there may be stored in the location 1850 of the storage memory 1804 numerous
training confidence records having format generally similar to the training

confidence record 2040 shown in Figure 24.

Block 1914 then directs the trainer processor 1800 to cause the at least one neural
network function to be updated to reduce a loss, the loss determined based at least
in part on the determined property confidences. In some embodiments, block 1914
may direct the trainer processor 1800 to train the neural network function by

reducing or minimizing a loss defined as follows:

_ A2C A4C Biplane Biplane
ltotal - lregEFi,simpson’s + lregEFi,SimpsonlS + lTegEFi,Simpsonrs + lCCEEFi,Visual

where the losses are defined as described above.

In some embodiments, after block 1914 has been completed, the trainer processor
1800 may return to block 1906 and the neural network may be further trained. In
various embodiments, blocks 1906-1914 may be repeated numerous times to train

the neural network function and try to minimize the loss function.

In some embodiments, the neural network function as well as the cumulative
distribution function layer may be implemented in Keras with TensorFlow backend.
In various embodiments, the images around the ultrasound beam may be
automatically cropped and the cine series may be uniformly down-sampled to

tensors of dimensions HxWxF = 128x128x15 on the fly, where the F frames are
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sampled uniformly from one full cardiac cycle in each video. In some embodiments,
the neural network function may be trained end-to-end from scratch on an Nvidia
Tesla GPU. Adaptive moment (Adam) optimization may be used, with the learning
rate of a = 1e—-4, which may have been found experimentally. To account for an
imbalanced distribution of samples, for each sample, weights may be assigned
inversely proportional to the frequency of the class to which they belonged. In order
to prevent model over-fitting, heavy data augmentation may be performed by
applying random gamma intensity transformations, rotation, zoom and cropping,
on the fly during training. Similarly, in some embodiments, the starting point of the
cine series may be selected randomly during training to ensure the invariance of
the visual assessment model with respect to cardiac phase. Regularization may

be applied on the weight decay.

In various embodiments, alternative or additional neural network training
processes may be used. In various embodiments, after blocks 1906-1914 have
been executed one or more times, data defining a trained neural network function
generally as shown at 1440 in Figure 19 may be stored in the location 1842 of the

storage memory 1804 shown in Figure 21.

In some embodiments, the flowchart 1900 may include a block for directing the
trainer processor 1800 to produce signals representing the trained neural network
function for causing a representation of the trained neural network function to be
transmitted to the image analyzer 1200 shown in Figure 17. In some
embodiments, the image analyzer 1200 may store the representation of the trained

neural network function in the location 1242 of the storage memory 1204.

In various embodiments, the image analyzer 1200 may be configured to execute
the flowchart 1400 shown in Figure 18, generally as described herein, to use the
trained neural network function and determine confidences associated with
respective visual assessments of LV EF, generally as described herein. In various

embodiments, the image analyzer 1200 may be configured to also determine mean
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and standard deviations for assessments of LV EF for each of A2C Simpson’s,
Biplane Simpson’s and A4C Simpsons, as shown in the neural network function
1440 shown in Figure 19.

In some embodiments, using a neural network function that trains for the various
Simpson’s method assessments in addition to the visual assessment of LV EF may
facilitate improved accuracy in the training of neural network function and
increased accuracy in the determined LV EF assessments. However, in some
embodiments, an image analyzer and neural network trainer generally similar to
the image analyzer 1200 and neural network trainer 1700 shown in Figures 17 and
21 may be configured to function generally as described herein, but with a neural
network function that is focussed only on the visual assessment of LV EF. In such
embodiments, the portions of the neural network that are not directed to

determining visual assessment of LV EF may be omitted. In such embodiments,

Biplane

the loss function that may be minimized may be simply lcce EF; g0 -

Various embodiments

In some embodiments, the cumulative distribution function applied may include
non-Gaussian cumulative distribution function, such as, for example, a Laplace
cumulative distribution function or gamma distribution function. In such
embodiments, the following equations may be used to determine at least one of

the property confidences:
P, =F(u) = F(,)
where
F@) = 2(1 +sgn(z - 1)) (1 ey (_ 1z - f(x)|>)

g(x)

where f(x) is a property confidence distribution parameter that may be determined

using the same neural network architecture described herein for determining the
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mean and g(x) is a property confidence distribution parameter that may be
determined using the same neural network described herein for determining the
standard deviation. In various embodiments, for the Laplace cumulative
distribution function, the property confidence distribution parameters f(x) and g(x)
may be a location and a scale parameter respectively for the Laplace cumulative

distribution function.

Accordingly, in some embodiments when using the Laplace cumulative distribution
function, an absolute difference around mean may be used while the Gaussian
cumulative distribution implements a squared difference. In some embodiments,
given the same training data, Laplace cumulative distribution function computed
probabilities may be more softly or evenly distributed in respective classes than

they would be using a Gaussian cumulative distribution function.

In various embodiments, the modification to replace the Gaussian density with the
Laplace distribution may happen inside the CDF-Prob layer by editing the F(z)
definition. Comparing the numerical values, it may be observed that better
performance for some scenarios may be reached using the Gaussian distribution
but with other scenarios, the Laplace distribution may provide better performance.
In some embodiments, boundary classes, such as “Excellent” and “Poor” may be

better approximated using a Gamma cumulative distribution function.

In various embodiments, the choice of cumulative distribution function may depend
on the training data. In some embodiments, it may be difficult to predict which of
the cumulative distribution functions may work best and so one or more cumulative
distribution functions may be used and the results compared. In some
embodiments, a particular cumulative distribution function to be used for image
analysis may be chosen based on testing the cumulative distribution functions with

the training data.
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In some embodiments, the cumulative distribution function may be symmetric,
such as the Gaussian cumulative distribution function described herein. In some
embodiments, the cumulative distribution function may be asymmetric, such as a
Gamma cumulative distribution function. In some embodiments, an asymmetric
cumulative distribution function or model may better fit the training data than a
symmetric cumulative distribution function and/or vice versa. In some
embodiments, being able to display results for an asymmetric cumulative
distribution function may be important for clinical parameters such as ejection
fraction. For example, even if a mean is at a certain point, this may not provide
enough information, particularly when the cumulative distribution function is
asymmetric. In such embodiments, it may be particularly helpful to display
confidences associated with particular ranges and/or representations of the

property confidence distribution parameters.

In some embodiments, a mixture model variation may be used wherein a
cumulative distribution function may be applied to each of the mean and standard
deviation outputs, prior to averaging. For example, referring to Figure 25, there is
shown a 10-component mixture model 1060 from a quality assessment mean and
standard deviation neural network function that may be used in accordance with
various embodiments. In some embodiments, the model 1060 may replace
elements of the neural network functions 300 and 980 shown in Figures 5 and 14
respectively from the LSTM forward, for example, such that the same DenseNet
may be used. In some embodiments, mean and standard deviation values
determined before averaging may be used in respective cumulative distribution
functions (e.g., CDF modules 1062 and 1064). In some embodiments, the LSTM
features may also be fed to compute an additional value lambda (softmaxed over
the 10 steps) to be the weighting parameter for each component determined from
the cumulative distribution functions. The weighted CDFs may then be summed

to compute the final likelihood distribution which replaces the usage of

AX

P

= —A*
¢ ZCEC pc

P
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for training the model. In various embodiments, the learned softmax weighting

parameters may share the concept of attention mechanism.

In some embodiments, 10 components may be used because of the 10 time steps,
where each step does have mean and standard deviation estimations before the
averaging. Hence, in some embodiments, the mixture model architecture may
have the “Averaging Mean” and “Averaging STD” modules removed, and the per
step mean and standard deviation estimations may be directly plugged to one
CDF-Prob module to estimate the property confidences. In various embodiments,
using a mixture model may facilitate improved mixing of the confidences or

estimations across several consecutive frames.

In some embodiments, a Gaussian mixture model may have more fitting power
than just one Gaussian as each Gaussian in the mixture may allow the modelling
of a subpopulation. In some embodiments, if the exact distribution has many

peaks, one Gaussian may give a worse fitting than a mixture of two Gaussians.

In various embodiments, the ranges associated with the properties may be
overlapping or spaced apart. In some embodiments, the ranges associated with

the properties may have been previously provided and stored in storage memory.

In some embodiments, each of the sets of training images may have been labeled
more than once, for example, by the same or by different medical professionals.
In some embodiments, this may help to reduce inter-observer variability. In such
embodiments, each set of training images may be associated with more than one
property. For example, in some embodiments, each set of training images may be
associated with two quality assessments provided by the same medical
professional at different times, which may differ because a medical professional
may have provided inconsistent labeling. In some embodiments, a system

generally similar to the system 700 shown in Figure 11 may be used to train a
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quality assessment mean and standard deviation neural network function except

that the loss function may be defined as follows:

D
1
I(W,D) = —mz(/h logp(ay;|x;, W) + Az logp(az;|x;, W))
i=1

where A, is a set of first labels for the sets of images X and A, is a set of second
labels for the sets of images X, as provided by the same medical professional and
where A4; and A, are the weighting assignments for the observed classes

respectively. In some embodiments, a soft targets method may be used such that
1
11 = AZ = E

In various embodiments, alternative CNN and/or RNN models may be used in

place of the DenseNet + LSTM models disclosed herein.

In some embodiments, the flowchart 200 may include blocks of code for directing
the analyzer processor 100 to produce signals for causing the display 24 to display
various representations of information. For example, in some embodiments, the
display 24 may display a depiction 1100 as shown in Figure 26 where both a bar
1102 and a color or shade of the element C 1104 (associated with category C or
“Good”, for example), may represent the property confidence associated therewith.

In some embodiments, the bar 1102 may be omitted.

In some embodiments, a representation of the property confidences may be
omitted and only a representation of the mean and standard deviation may be

displayed.

In some embodiments, the training data received by the neural network trainer 708
shown in Figures 11 and 12 may include images from a plurality of view categories,

such as, for example, each type of the 14 standard echocardiography views (A#C:
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A2C, A3C, A4C, A5C, apical #-chamber view, PLAX: parasternal long axis view,
RVIF: right ventricle inflow view, S#C: S4C S5C, subcostal #-chamber view, IVC:
subcostal inferior vena cava view, PSAX-A: parasternal short axis view at aortic
valve, PSAX-M: PSAX view at mitral annulus valve level, PSAX-PM: PSAX view
at mitral valve papillary muscle level, PSAX-APEX: PSAX view at apex level, and
SUPRA: suprasternal) and the neural network may be configured to handle all of

the views and provide quality assessments for each.

In some embodiments, the neural network trainer 708 and the image analyzer 702

shown in Figure 11 may be integrated as a single device.

In some embodiments, a system generally similar to the systems described herein

may be configured to use a single image as the set of images.

In some embodiments, epistemic and aleatoric confidences may be added
together to generate a total confidence. For example, if the confidences are

independent and Gaussian, then the total confidence may be determined as:
(Total Confidence)*2=(Aleatoric Confidence)*2+(Epistemic Confidence)*2
While specific embodiments of the invention have been described and illustrated,

such embodiments should be considered illustrative of the invention only and not as

limiting the invention as construed in accordance with the accompanying claims.
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CLAIMS:

1. A computer-implemented method of facilitating neural network image

analysis, the method comprising:

receiving signals representing a set of images;

causing at least one neural network function to be applied to the set
of images to determine at least one property confidence distribution

parameter; and

causing a cumulative distribution function defined at least in part by
the at least one property confidence distribution parameter to be
applied to a plurality of ranges, each range associated with a
respective property that may be associated with the set of images,
to determine a plurality of property confidences, each of the property
confidences representing a confidence that the set of images should

be associated with a respective one of the properties.

2 The method of claim 1 wherein the cumulative distribution function includes
a Gaussian cumulative distribution function and the at least one property
confidence distribution parameter includes a property distribution mean and

a property distribution standard deviation.

3. The method of claim 1 wherein the cumulative distribution function includes
a Laplace cumulative distribution function and the at least one property
confidence distribution parameter includes a location and scale parameter

for the Laplace cumulative distribution function.

4. The method of any one of claims 1 to 3 wherein the set of images includes

ultrasound images.
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The method of any one of claims 1 to 4 wherein the properties include at
least one clinical parameter related to a subject depicted by the set of

images.

The method of claim 5 wherein the properties include echocardiogram

estimated ejection fraction function diagnoses.

The method of any claim 5 wherein the properties include a quality

assessment of the set of images.

The method of any one of claims 1 to 7 further comprising producing signals
for causing at least one display to display a representation of at least one

of the property confidences.

The method of claim 8 further comprising producing signals for causing at
least one display to display a representation of the at least one property

confidence distribution parameter.

The method of any one of claims 1 to 9 further comprising training the at

least one neural network function, the training comprising:

receiving signals representing a plurality of sets of training images;

receiving signals representing expert evaluation properties, each of
the expert evaluation properties provided by an expert and

associated with one of the sets of training images; and

causing the at least one neural network function to be trained using
the sets of training images as respective inputs, wherein causing the

at least one neural network function to be trained comprises:

for each of the sets of training images:
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causing the at least one neural network function to be
applied to the set of training images to determine at
least one training property confidence distribution

parameter; and

causing a training cumulative distribution function
defined at least in part by the at least one training
property confidence distribution parameter to be
applied to a range associated with the expert
evaluation property associated with the set of images,
to determine a training property confidence
representing a confidence that the set of training
images should be associated with the expert

evaluation property; and

causing the at least one neural network function to be updated to
reduce a loss, the loss determined based at least in part on the

determined training property confidences.

11. A computer-implemented method of training at least one neural network

function to facilitate image analysis, the method comprising:

receiving signals representing a plurality of sets of training images;

receiving signals representing expert evaluation properties, each of
the expert evaluation properties provided by an expert and

associated with one of the sets of training images; and

causing the at least one neural network function to be trained using
the sets of training images as respective inputs, wherein causing the

at least one neural network function to be trained comprises:

for each of the sets of training images:
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causing the at least one neural network function to be
applied to the set of training images to determine at
least one property confidence distribution parameter;

and

causing a cumulative distribution function defined at
least in part by the at least one property confidence
distribution parameter to be applied to a range
associated with the expert evaluation property
associated with the set of images, to determine a
property confidence representing a confidence that the
set of training images should be associated with the

expert evaluation property; and

causing the at least one neural network function to be updated to
reduce a loss, the loss determined based at least in part on the

determined property confidences.

The method of claim 11 wherein the cumulative distribution function
includes a Gaussian cumulative distribution function and the at least one
property confidence distribution parameter includes a property distribution

mean and a property distribution standard deviation.

The method of claim 11 wherein the cumulative distribution function
includes a Laplace cumulative distribution function and the at least one
property confidence distribution parameter includes a location and scale

parameter for the Laplace cumulative distribution function.

The method of any one of claims 11 to 13 wherein the set of images includes

ultrasound images.
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The method of any one of claims 11 to 14 wherein the properties include at
least one clinical parameter related to a subject depicted by the set of

images.

The method of claim 15 wherein the properties include echocardiogram

estimated ejection fraction function diagnoses.

The method of any claim 15 wherein the properties include a quality

assessment of the set of images.

A system for facilitating ultrasonic image analysis comprising at least one

processor configured to perform the method of any one of claims 1 to 17.

A non-transitory computer readable medium having stored thereon codes
which when executed by at least one processor cause the at least one

processor to perform the method of any one of claims 1 to 17.

A system for facilitating neural network image analysis, the system

comprising:

means for receiving signals representing a set of images;

means for causing at least one neural network function to be applied
to the set of images to determine at least one property confidence

distribution parameter; and

means for causing a cumulative distribution function defined at least
in part by the at least one property confidence distribution parameter
to be applied to a plurality of ranges, each range associated with a
respective property that may be associated with the set of images,
to determine a plurality of property confidences, each of the property
confidences representing a confidence that the set of images should

be associated with a respective one of the properties.
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21. A system for training at least one neural network function to facilitate image

analysis, the system comprising:

means for receiving signals representing a plurality of sets of training

images;

5 means for receiving signals representing expert evaluation
properties, each of the expert evaluation properties provided by an

expert and associated with one of the sets of training images; and

means for causing the at least one neural network function to be
trained using the sets of training images as respective inputs,
10 wherein the means for causing the at least one neural network

function to be trained comprises:

means for, for each of the sets of training images:

causing the at least one neural network function to be
applied to the set of training images to determine at
15 least one property confidence distribution parameter;

and

causing a cumulative distribution function defined at
least in part by the at least one property confidence
distribution parameter to be applied to a range
20 associated with the expert evaluation property
associated with the set of images, to determine a
property confidence representing a confidence that the
set of training images should be associated with the

expert evaluation property; and
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means for causing the at least one neural network function to be
updated to reduce a loss, the loss determined based at least in part

on the determined property confidences.



WO 2020/160664 PCT/CA2020/050147

1/26

FIG. 1



WO 2020/160664 PCT/CA2020/050147

2/26




WO 2020/160664

PCT/CA2020/050147

3/26
12
\ 102
Neural Network
134 Image Analysis ~ [>170
140- Image Data
1421 Neural Network
144--1 Mean Data
146~ Standard Deviation Data uP  ~100
148-- Confidence Data
122

FIG. 3




WO 2020/160664 PCT/CA2020/050147

4/26
200

Receive signals representing a set of images ~202

A

Cause at least one neural network function to be
applied to the set of images to determine at least [™204
one property confidence distribution parameter

A

Cause a cumulative distribution function defined at
least in part by the at least one property
confidence distribution parameter to be applied to [~206

a plurality of ranges

FIG. 4



PCT/CA2020/050147

WO 2020/160664

5/26

O

—9.¢ m\wm mwm
T
as [N\
ampoN || WIS oNastoa )
- Ueap - /44
—99¢
%m — | 3 | "
patieiany . w\wm mwm
) aINPo
Z6¢ TSN
” aNasua <
anpoN || NLST +ONastRa
—  Uea —1 CCE
“—¥9¢
1 —CLE
anpo
wap | RN ¢ Z !
pafeJany INLST [« ) 130[g [«—— X30|9 [«— 10|19 |«
) m____%,_u\_,_\,_ +\ ove |8 asua(] asua(]
06€ Z0¢ N_Wm (19N@suaq) 0)9eu1x3 ainjead | [mopuip [esodway
( [
\ EW,m voe c0g

00€




WO 2020/160664 PCT/CA2020/050147
310 6/26
~ ot Innutaver | RUL_| (None 10,120,120, 1
puL TIpULaY output; | (None, 10, 120, 120, 1)
Feature Extractor
IDensetet) ' r’[ (None, 10, 120, 120, 1)
, input: | (None, 10, 120, 120,
» Conv > 20 Convolution {Conv2D
7 | | output: | (None, 10, 118, 118, 16)
b ,
0c :
o input: | (None, 10, 118, 118, 16)
1 BatchiNormalization
7 | | output: | {None, 10, 118, 118, 16)
Dense 4
BI%Ck Rectified Lingar Unit (ReLU) input:_| {None, 10, 118, 118, 16)
T (Activation) output: | (None, 10, 118, 118, 16)
%?nsf ' 't (None, 10, 118, 118, 16
oc input: | (None, 10, 118, 118,
Conv2D
3 (Comv20) - ot None, 10, 118, 118, 6
A 4 Yy
ronaut input: | (None, 10, 118, 118, 6)
d output: | [Nore, 10, 118, 118, 6
—{ DenseNet > v |
Concatanate input: | [None, 10, 118, 118, 16), (None, 10, 118, 118, 6)]
output: | (None, 10, 118, 118, 22)
| DenseNet > Coni2dl input: | (None, 10, 118, 118, 22|
output: | (None, 10, 118, 118, 22)
— input: | (None, 10, 118, 118, 22)
d output: | (None, 10, 118, 118, 22)
, input: | (None, 10, 118, 118, 22)
AveragePooling2D
(AveragePooing20) =T one, 10, 59,59, 27

A

FIG. 6




WO 2020/160664 PCT/CA2020/050147
31&\ 7/26
Feature Extractor
(DenseNet) v
BatchNormalization
¥ | | output: | (None, 10, 59, 59, 22)
%?nske Y
0c ,
.| input: | (None, 10, 59, 59, 22)
1 ReLU (Activation
7 | | output: | (None, 10, 58, 59, 22|
I%tlanslt(a 3
0c input: | (None, 10, 59, 59, 22
2 (Conv2D) put: } ’
7 output: | (None, 10, 59, 59, 6)
Dense -
Block —_ input: | (None, 10, 59, 59, 6)
3 4 output: | (None, 10, 59, 59, 6)
A\ 4 y Y
Concatenate input: | [[None, 10, 59, 59, 22), (None, 10, 59, 59, 6)]
output: | (None, 10, 59, 59, 28)
—{ DenseNet > ]
input: | (None, 10, 59, 59, 28
Conv2D
| | output: | (None, 10, 59, 59, 28)
output: | (None, 10, 59, 59, 28)
, input: | (None, 10, 59, 59, 28
AveragePooling2D
Ihverag o20) output: | (None, 10, 59, 59, 28)

A

FIG. 7




WO 2020/160664 PCT/CA2020/050147
3& 8/26
Feature Extractor
(DenseNet) v
»| Conv - input: | (None, 10, 29, 29, 28)
BatchNormalization
v | | output: | (None, 10, 29, 29, 28)
Biock
0c -
input: | (None, 10, 29, 29, 28
1 (Activation) put: } ’
7 output: | (None, 10, 29, 29, 28)
Biock
0c input: | (None, 10, 29, 29, 28
2 (Conv2D) put: } ’
7 output: | (None, 10, 29, 29, 6)
Dense Y
Block —_ input: | (None, 10, 29, 29, 6)
3 4 output: | (None, 10, 29, 29, 6)
A 4 ) Y
Concatanita input: | [None, 10, 29, 29, 28), (None, 10, 29, 29, 6)]
output: | (None, 10, 29, 29, 34)
—{ DenseNet [> ]
o input: | (None, 10, 29, 29, 34)
Activation
| | output: | (None, 10, 29, 29, 34)
—>| DenseNet > , input: | (None, 10, 29, 29, 34)
AveragePooling2D
[AveragePooling20) output: | (None, 10, 14, 14, 34)
input: | (None, 10, 14, 14, 34)
Flatten
| | output: | {None, 10, 6664)
ronout input: | (None, 10, 6664)
4 output: | (None, 10, 6664)

A

FIG. 8



WO 2020/160664

500

h02 — Property 1
504 — Confidence
506 — Property 2
508 — Confidence
510— Property 3
h12 — Confidence
514 —~ Property 4
516 — Confidence

9/26

FIG. 9

PCT/CA2020/050147

Property Confidence Record

Poor

0

Fair

0.01
Good
0.83
Excellent
0.16



WO 2020/160664

540

542—
544—
546—
548—]

10/26

5?4 5?2

a0

v/

>\
w\
N

- C |

~> A: Poor (0)

~> B: Fair (0.01)

> C. Good (0.83)

> D: Excellent (0.16)

FIG. 10

PCT/CA2020/050147

« 560




WO 2020/160664 PCT/CA2020/050147

11/26
S
102 104
712
108 710

FIG. 11



WO 2020/160664 PCT/CA2020/050147

12/26
S
802
834 Neural Network Training |~ 870
840- Training Data
842 Neural Network Data
844-- Mean Data
846-— STD Data uP 800
848-- Confidence Data

820

FIG. 12



WO 2020/160664 PCT/CA2020/050147

13/26

900

~

Receive signals representing a plurality of sets of training images

~902

Receive signals representing expert evaluation properties,
each of the expert evaluation properties associated with one
of the sets of images

~904

AN

Y

Consider a set of training images as a subject
set of training images

~906

A 4

For the subject set of training images, cause the at least one
neural network to be applied to the set to determine at least one
property confidence distribution parameter

~908

Y

Cause a cumulative distribution function defined by the at least
one property confidence distribution parameter to be applied to
a range associated with the expert evaluation property

~910

v

—912
Additional
training images to be
considered?

Yes

Cause the neural network function to be updated to reduce a loss,
the loss determined based at least in part on the determined
property confidences

~914

FIG. 13



PCT/CA2020/050147

WO 2020/160664

AL |

¢_=8_>_)
als
NISTld  1aNasuag
aMpop |/
— uealy -
gha e be m. .
(62014 (X6 : : :
‘| -0 HH ais i
pafiesany
o || 4. = S0)4 8INpoy
= ha 2 € _r7 ||
(EL T | [800H 4l A,_\,:m? jaNesueg [«
Y |eKsumny 5 [amonJ
S E || szo ,
© = -[GOHH
(X)) a|npo
< SI ueay _awws_ A/ £ [ |
“(SCOM - || pafiesany LS Tfe{ 901 <] X20[g «{ X0Ig [«
anpop |/ asuaq| [asuaq| [asuag
| ueajy A v o $9119S
_ 1aNasuag mopuIm aul
18he1 qoid-400 10]981)X3 8.n)ead lejodwal|  Apmg
o o
-~ v86 286

086



WO 2020/160664 PCT/CA2020/050147

15/26

1000
.

Ultrasound Session Training Record

1002 — Session ID 1
Image 1
1004{ Image 2
Image 3
1006 — ﬁuality assessment Good

FIG. 15



WO 2020/160664

16/26

1020
~

Training Confidence Record

1022 — Session ID 1
1024 — Confidence 0.83

FIG. 16

PCT/CA2020/050147



WO 2020/160664

PCT/CA2020/050147

17/26

~1270

1200
\‘\ 1202
Neural Network
1 304 Image Analysis
1240-- Image Data
1242 — Neural Network
1244 — Visual Mean Data
1246 - Visual STD Data P 1300
12481 Simpson’s Mean and STD
1250 Confidence Data

1324

1322

FBZO

FIG. 17

10 ~1312



WO 2020/160664 PCT/CA2020/050147

1826
1400

Receive signals representing a set of images ™~1402

Cause at least one neural network function to be
applied to the set of images to determine at least [™~1404
one property confidence distribution parameter

Y

Cause a cumulative distribution function defined at

least in part by the at least one property
confidence distribution parameter to be applied |[>1406
to a plurality of ranges

FIG. 18



PCT/CA2020/050147

WO 2020/160664

19/24

61 "OId

v6v1l C6¥1 A3 A N AA A Al A vavl vyl
/ _ \ \ m w
s uosawl b A U_OEa_w um Al \U’ \U’

_ nuq.”u_m_ O / | v =] i eyt A/ _\ 1------..-----Mx auly Iy
(D<-—Hmowdis) ol “ [ | €[ | | “
: |Butjood-xep|:
S m 1 m

aue|dig PoOOYIdNI] T@A E_oEm_wv MHie€ o m aso m 1 :
@B Dt—moubs| il s| | s||E] | TF
LIDI =R
oc oc S

m__sae_wu_m @A Ac_oEm_wv JdJ« m GX auld a¢vy

sl CD<— (mowhis) 94l P | s i ,“
 [Buiiood-xe|: T

m__sae_wu_m @A Ac_oEm_wv MHi€ C\w} C\w} J m m_Mu m I : .

gy o[l o[€ . '
CGD— (powbig) ol =| | = S S

5
ey~ cryl
Buippaqw3 jelodwsa ] -oneds
Buliapoy Ajuiesasun ylim uolyaipaid asaweIS-opnasd malp-jen sindu

ol




WO 2020/160664

1540

20/26

PCT/CA2020/050147

Property Confidence Record

1542 — Property 1
1544 — Confidence
1546 — Property 2
1548~ Confidence
1550—~ Property 3
1552 — Confidence
1554 — Property 4
1556 — Confidence

FIG. 20

gevere dysfunction
Moderate dysfunction
0.05

Mild dysfunction
0.80

Normal function

0.15



WO 2020/160664

21726

1700

PCT/CA2020/050147

1802

‘

1804

Neural Network Training

~1870

J

1840-- Training Data

1842 —1 Neural Network Data

1844 - Mean Data

1846 STD Data

1848 Simpson’s Mean and STD

1850-— Confidence Data

1820

FIG. 21

uP 1800

10 ~1812

FSZZ



WO 2020/160664 PCT/CA2020/050147

22/26
1900

~

Receive signals representing a plurality of sets of training images

~1902

A

Receive signals representing expert evaluation properties,
each of the expert evaluation properties associated with one
of the sets of images

~1904

Ll

Y

Consider a set of the training images as a subject
set of training images

~-1906

Y

For the subject set of training images, cause the at least one
neural network to be applied to the set to determine at least one
property confidence distribution parameter

~1908

Y

Cause a cumulative distribution function defined by the at least
one property confidence distribution parameter to be applied to
a range associated with the expert evaluation property

~1910

v

—1912
Additional
training images to be
considered?

Yes

Cause the neural network function to be updated to reduce a loss,
the loss determined based at least in part on the determined
property confidences

~1914

FIG. 22



WO 2020/160664 PCT/CA2020/050147

23/26
20\0(1
LV EF Training Record
2002 — Session 1D 1
( ﬁ%g %mage12
mage
2004 A2C Image 3
Pt
mage
2006 A4C Image 3
9008 — Visual assessment Normal function
2010— A2C Simpson's 0.68
2012— A4C Simpson's 0.
2014— Biplane Simpson's 0.72

FIG. 23



WO 2020/160664

24/26

2040
~

Training Confidence Record

2042 — Session 1D 1
2044 — Confidence 0.58

FIG. 24

PCT/CA2020/050147



PCT/CA2020/050147

WO 2020/160664

25/26

Ground Truth

€T O

Likelihood Prediction

9INPOIAl epquue’

- 1A

< 9INPON 1S WLIST [
18heq
qoid-403d
< 3|NPOJA Uea
(
901
9INPoN epque’] +/ H
< 9INPON ALS |« WIST [«
18heq
qoid-403d
< 3INPON Uea
(
<901

0901



PCT/CA2020/050147

WO 2020

26/26

1100

1102

1104

N

FIG. 26



International application No.

PCT/CA2020/050147

INTERNATIONAL SEARCH REPORT

A. CLASSIFICATION OF SUBJECT MATTER
IPC: GO6T 1/40 (2006.01), GO6N 3/02 (2006.01), GO6N 3/08 (2006.01), GO6T 7/00(2017.01),

G16H 30/00 (2018.01)

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GOGK 9/(*all subclasses) (2006.01), GO6T 1/40 (2006.01), GO6N 3/02 (2006.01), GO6N 3/08 (2006.01), GO6T 7/00 (2017.01), G16H 30/00
(2018.01)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
- NONE -

Electronic database(s) consulted during the international search (name of database(s) and, where practicable, search terms used)

Databases: Questel Orbit, IEEE XPlore, Intellect (CIPO database), Google, Google Scholar, Google Patent
Keywords: ultrasound, neural, network, confidence, image, property, feature, mean, cardiac, map, associated, classification, CAD, “computer
aided diagnosis”, distribution, gaussian, Laplace, combine, tag, tagging

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
A US 8,175,362 B2 (SHASHIDHAR SATHYANARAYANA) 8 May 2012 (08-05-2012) 1-21
Abstract

Col 3, Lines 1-11; Col 3, Lines 24-48; Col 4, Lines 16-25

A RIBEIRO et al., An Ultrasound-Based Computer-Aided Diagnosis Tool for Steatosis Detection, 1-21
IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, July 2014 (07-2014),
Vol. VOL. 18, NO. 4, pp. 1397-1403, ISSN: 2168-2208

[online] [retrieved on 19 March 2020 (19-03-2020)].

Retrieved from the Internet: https://iceexplore.icee.org/document/6623104

Section: “I. Introduction”; Page 1397

Section: “II. Problem Formulation; Pages 1397-1399

Section: “Ill. Experimental Results”; Pages 1399-1401

"W Further documents are listed in the continuation of Box C. "# See patent family annex.
* |Special categories of cited documents: “T” [later document published after the international filing date or priority

“A” |document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention

“D” |document cited by the applicant in the international application “X” |document of particular relevance; the claimed invention cannot be

“E” |earlier application or patent but published on or after the international considered novel or cannot be considered to involve an inventive
filing date step when the document is taken alone

“L” |document which may throw doubts on priority claim(s) or which is “Y” |document of particular relevance; the claimed invention cannot be
cited to establish the publication date of another citation or other considered to involve an inventive step when the document is
special reason (as specified) combined with one or more other such documents, such combination

“0” |document referring to an oral disclosure, use, exhibition or other means being obvious to a person skilled in the art

“P” |document published prior to the international filing date but later than “&” |document member of the same patent family
the priority date claimed

Date of the actual completion of the international search Date of mailing of the international search report
20 March 2020 (20-03-2020) 16 April 2020 (16-04-2020)

Name and mailing address of the ISA/CA Authorized officer

Canadian Intellectual Property Office

Place du Portage I, C114 - 1st Floor, Box PCT Giles Babin (819) 639-2193
50 Victoria Street

Gatineau, Quebec K1A 0C9
Facsimile No.: 819-953-2476

Form PCT/ISA/210 (second sheet ) (July 2019) Page 2 of 3




INTERNATIONAL SEARCH REPORT

International application No.

Information on patent family members PCT /C A2020 /050147
Patent Document Publication Patent Family Publication

Cited in Search Report Date Member(s) Date

US8175362B2 08 May 2012 (08-05-2012) US2009103794A1 23 April 2009 (23-04-2009)
CA2702927A1 23 April 2009 (23-04-2009)
EP2227783A1 15 September 2010 (15-09-2010)
TP2011500217A 06 January 2011 (06-01-2011)
WO02009052375A1 23 April 2009 (23-04-2009)

Form PCT/ISA/210 (patent family annex ) (July 2019)

Page 3 of 3




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - description
	Page 46 - description
	Page 47 - description
	Page 48 - description
	Page 49 - description
	Page 50 - description
	Page 51 - description
	Page 52 - description
	Page 53 - description
	Page 54 - description
	Page 55 - description
	Page 56 - description
	Page 57 - description
	Page 58 - description
	Page 59 - claims
	Page 60 - claims
	Page 61 - claims
	Page 62 - claims
	Page 63 - claims
	Page 64 - claims
	Page 65 - claims
	Page 66 - drawings
	Page 67 - drawings
	Page 68 - drawings
	Page 69 - drawings
	Page 70 - drawings
	Page 71 - drawings
	Page 72 - drawings
	Page 73 - drawings
	Page 74 - drawings
	Page 75 - drawings
	Page 76 - drawings
	Page 77 - drawings
	Page 78 - drawings
	Page 79 - drawings
	Page 80 - drawings
	Page 81 - drawings
	Page 82 - drawings
	Page 83 - drawings
	Page 84 - drawings
	Page 85 - drawings
	Page 86 - drawings
	Page 87 - drawings
	Page 88 - drawings
	Page 89 - drawings
	Page 90 - drawings
	Page 91 - drawings
	Page 92 - wo-search-report
	Page 93 - wo-search-report

