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(57) Abstract: The present disclosure relates to techniques for the treatment of patient tissue. The
techniques may include resection or removal of such tissue. Error reduction in the identification and
presentation of specific tissue types may be realized through these techniques. An image may be
received that provides a visual representation of the tissue. Pixels of the image may be segmented
to form a boundary. Portions of the image may be classified for resection and resection of the tissue
may be performed.
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METHODS AND SYSTEMS FOR DETERMINING AN OBJECT
MAP

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Provisional Application No.
63/036,280, filed June 8, 2020, which is incorporated herein by reference in its entirety.

BACKGROUND

[0002] Numerous methods have been devised for the treatment and prevention of colon
cancer. Colonoscopy is one such technique used for colon cancer screening and
prevention, during which a tiny camera is inserted and guided through the colon to detect
and treat polyps—potential precursors to colon cancer. At present, colonoscopic
colorectal cancer prevention hinges on treatment of the polyps through the complete
removal and histopathological assessment of all detected polyps. This costly and
cumbersome practice results in the treatment of large quantities of polyps that have
negligible malignant potential, since endoscopists lack an accurate and consistent way of

classifying polyps in real-time.

SUMMARY

[0003] The present disclosure relates to the treatment of tissue growths and polyps. It is
to be understood that both the following general description and the following detailed

description provide only examples and are not restrictive.

[0004] As one or more examples, a method for treating tissue may include determining
an object in image data based on a first classifier. The method may include determining a
boundary of the object based on the object. The method may include determining a
plurality of sub-images within the boundary based on the boundary of the object. The
method may include determining a predicted disease state for each sub-image of the
plurality of sub-images. The method may include determining a predicted disease state
for the object based on the predicted disease states for each sub-image of the plurality of
sub-images.

[0005] Also disclosed is a method that may include determining a first training data set
comprising a plurality of images containing a labeled boundary of an object. The method

may include training a first classifier configured to determine an object boundary based
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on the first training data set. The method may include determining a second training data
set comprising a plurality of labeled sub-images from within the labeled boundary of the
object of each image in the first training data set based on the first training data set. The
method may include training a second classifier configured to predict a disease state
based on the first training data set. The method may include configuring for an input
image the first classifier to output a determined object boundary in the input image and
the second classifier to output a predicted disease state for each sub-image of a plurality

of sub-images from within the object boundary from the input image.

[0006] Also disclosed is a method. The method may include determining an object in
image data based on a first classifier. The method may include determining a boundary
of the object based on the object. The method may include determining a plurality of
sub-images within the boundary based on the boundary of the object. The method may
include determining a predicted disease state for each sub-image of the plurality of sub-
images. The method may include determining a visual indication of the boundary based
on the boundary of the object. The method may include determining a visual indication
of the predicted disease state for each sub-image of the plurality of sub-images based on
the predicted disease states for each sub-image of the plurality of sub-images. The
method may include determining an object map based on the visual indication of the
boundary and the visual indications of the predicted disease state for each sub-image of
the plurality of sub-images. The method may include outputting the image data and the

object map as a composite image.

[0007] Also disclosed are methods and systems comprising receiving object
classification data wherein the object classification data comprises an indication of a
predicted object, an indication of one or more regions of the predicted object, and one or
more scores associated with the indication of the predicted object, determining data
indicative of a boundary of the predicted object, determining a visual representation
associated with each of the one or more regions of the predicted object wherein the
visual representation may be based on the indication of the one or more regions of the
predicted object and the one or more scores associated with the indication of the one or
more regions of the predicted object, determining based on the data indicative of the
boundary of the predicted object, and the visual representation associated with each of
the one or more regions of the predicted object an object map, and outputting, based on

the object map and the image data, a composite image. The methods may further
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comprise determining, based on the one or more scores associated with the indication of
the one or more regions of the predicted object, a color associated with the one or more
scores associated with the indication of the one or more regions of the predicted object,
wherein determining the visual representation associated with each of the one or more
regions of the predicted object comprises assigning the color to the visual representation

associated with each of the one or more regions of the predicted object.

[0008] Also disclosed are methods comprising receiving, from a machine learning
classifier, image data, wherein the image data comprises at least one region and a
plurality of image sections, and wherein the at least one region comprises at least one
subregion, determining, based on at least one image section of the plurality of image
sections, an initial classification associated with the at least one image section,
determining, based on at least one additional image section of the plurality of image
sections, an additional initial classification associated with the at least one additional
image section, determining, determining, based on the initial classification and the
additional initial classification, a score, wherein the score is associated with the at least
one subregion, determining, based on the score, a visual indication, and outputting, based

on the visual indication, an object map.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] In order to provide understanding techniques described, the figures provide non-
limiting examples in accordance with one or more implementations of the present

disclosure, in which:

[0010] FIG. 1A illustrates an example method for tissue treatment with a composite

image in accordance with one or more implementations of the present disclosure.

[0011] FIG. 1B illustrates an example method for determining an object map in
accordance with one or more implementations of the present disclosure.

[0012] FIG. 2 illustrates an example machine learning system in accordance with one
or more implementations of the present disclosure.

[0013] FIG. 3A illustrates an example machine learning method in accordance with one
or more implementations of the present disclosure.

[0014] FIG. 3B illustrates an example application of a predictive model in accordance

with one or more implementations of the present disclosure.
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[0015] FIG. 4 illustrates an example original image from an endoscope alongside a
composite image in accordance with one or more implementations of the present
disclosure.

[0016] FIG. 5A illustrates an example visual indication in accordance with one or more
implementations of the present disclosure.

[0017] FIG. 5B illustrates an example visual indication in accordance with one or more
implementations of the present disclosure.

[0018] FIG. 6 illustrates an example method for treatment of tissue in accordance with
one or more implementations of the present disclosure.

[0019] FIG. 7 illustrates an example computing environment in which the present
methods may be executed in accordance with one or more implementations of the present
disclosure.

[0020] FIG. 8 illustrates a decolorized version of FIG. 4 in accordance with one or
more implementations of the present disclosure.

[0021] FIG. 9A illustrates a training method for semantic segmentation or pixel
classification in accordance with one or more implementations of the present disclosure.
[0022] FIG. 9B illustrates a training method for a region of interest or pixel portion
classifier in accordance with one or more implementations of the present disclosure.
[0023] FIG. 10 illustrates a portion of a classification method for classifying a region
of interest or pixel portion with a trained classification model in accordance with one or
more implementations of the present disclosure.

[0024] FIG. 11 illustrates a portion of a treatment for tissue in accordance with one or
more implementations of the present disclosure.

[0025] FIG. 12A illustrates statistical data of polyp pathology in accordance with one
or more implementations of the present disclosure.

[0026] FIG. 12B illustrates statistical data of computer-aided treatment in accordance
with one or more implementations of the present disclosure.

[0027] FIG. 12C illustrates statistical data of confidence in computer-aided treatment

in accordance with one or more implementations of the present disclosure.
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DETAILED DESCRIPTION

[0028] As used in the specification and the appended claims, the singular forms “a,”
“an,” and “the” include plural referents unless the context clearly dictates otherwise.
Ranges may be expressed herein as from “about™ one particular value, and/or to “about”
another particular value. When such a range is expressed, another configuration includes
from the one particular value and/or to the other particular value. Similarly, when values
are expressed as approximations, by use of the antecedent “about,” it will be understood
that the particular value forms another configuration. It will be further understood that
the endpoints of each of the ranges are significant both in relation to the other endpoint,

and independently of the other endpoint.

[0029] “Optional” or “optionally” means that the subsequently described event or
circumstance may or may not occur, and that the description includes cases where said

event or circumstance occurs and cases where it does not.

[0030] Throughout the description and claims of this specification, the word
“comprise” and variations of the word, such as “comprising” and “comprises,” means
“including but not limited to,” and is not intended to exclude, for example, other
components, integers or steps. “Exemplary” means “an example of” and is not intended
to convey an indication of a preferred or ideal configuration. “Such as™ is not used in a

restrictive sense, but for explanatory purposes.

[0031] It is understood that when combinations, subsets, interactions, groups, etc. of
components are described that, while specific reference of each various individual and
collective combinations and permutations of these may not be explicitly described, each
is specifically contemplated and described herein. This applies to all parts of this
application including, but not limited to, steps in described methods. Thus, if there are a
variety of additional steps that may be performed it is understood that each of these
additional steps may be performed with any specific configuration or combination of

configurations of the described methods.

[0032] As will be appreciated by one skilled in the art, hardware, software, or a
combination of software and hardware may be implemented. Furthermore, a computer
program product on a computer-readable storage medium (e.g., non-transitory) having
processor-executable instructions (e.g., computer software) embodied in the storage

medium. Any suitable computer-readable storage medium may be utilized including hard
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disks, CD-ROMs, optical storage devices, magnetic storage devices, memresistors, Non-

Volatile Random Access Memory (NVRAM), flash memory, or a combination thereof.

[0033] Throughout this application reference is made to block diagrams and flowcharts.
It will be understood that each block of the block diagrams and flowcharts, and
combinations of blocks in the block diagrams and flowcharts, respectively, may be
implemented by processor-executable instructions. These processor-executable
instructions may be loaded onto a general purpose computer, special purpose computer,
or other programmable data processing apparatus to produce a machine, such that the
processor-executable instructions which execute on the computer or other programmable
data processing apparatus create a device for implementing the functions specified in the

flowchart block or blocks.

[0034] These processor-executable instructions may also be stored in a computer-
readable memory that may direct a computer or other programmable data processing
apparatus to function in a particular manner, such that the processor-executable
instructions stored in the computer-readable memory produce an article of manufacture
including processor-executable instructions for implementing the function specified in
the flowchart block or blocks. The processor-executable instructions may also be loaded
onto a computer or other programmable data processing apparatus to cause a series of
operational steps to be performed on the computer or other programmable apparatus to
produce a computer-implemented process such that the processor-executable instructions
that execute on the computer or other programmable apparatus provide steps for

implementing the functions specified in the flowchart block or blocks.

[0035] Blocks of the block diagrams and flowcharts support combinations of devices
for performing the specified functions, combinations of steps for performing the
specified functions and program instruction means for performing the specified
functions. It will also be understood that each block of the block diagrams and
flowcharts, and combinations of blocks in the block diagrams and flowcharts, may be
implemented by special purpose hardware-based computer systems that perform the
specified functions or steps, or combinations of special purpose hardware and computer
instructions.

[0036] Methods and systems are described for using a machine learning classifier(s) for

detection and classification of objects. Machine learning (ML) is a subfield of computer

science that gives computers the ability to learn through training without being explicitly
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programmed. Machine learning platforms include, but are not limited to, deep-learning
techniques, naive Bayes classifiers, support vector machines, decision trees, neural

networks, and the like.

[0037] In an aspect, the machine learning classifiers may process, be trained with, or
otherwise operate on, image data. The image data may be generated by photographic
method, a CT scan, or any other suitable medical imaging technology. As an example,
narrow-band imaging (NBI) may be used to generate image data. NBI is an endoscopic
technology that uses blue and green light to illuminate the surface mucosa, which results
in the visualization of surface pits and microvessels through enhanced contrast. Interest
in the use of NBI for polyp histology has led to formalized consensus criteria that

categorizes neoplastic and non-neoplastic polyps.

[0038] The image data may comprise a two-dimensional image or a three-dimensional
image. For example, three-dimensional (3D) medical image data may comprise a series
of CT image slices obtained from a CT scan of an area of a human or animal patient.
Each slice is a two-dimensional digital greyscale image of the x-ray absorption of the
scanned area. In an example, the intensity value of each pixel may be expressed in
Hounsfield units (HU). Sequential slices may be separated by a constant distance along
the z direction (i.e. the scan separation axis); for example, by a distance of between 0.5-
2.5 mm. Hence, the scan image formed by a plurality of slices may be a three-
dimensional (3D) greyscale image, with an overall size depending on the area and
number of slices scanned. Each pixel may then be considered to be a voxel (or

volumetric pixel) in three-dimensional space.

[0039] In an example, a first ML classifier may be trained using training data (e.g.,
image data) to configure the first ML classifier to predict/classify images to define a
boundary of an object or otherwise segment the image. The training data may comprise a
plurality of medical images and/or diagnostic data. Diagnostic data may include vital
sensory information from the patient (e.g., temperature, heart rate). In an example, the
training data may comprise one or more labels associated with an object, pixels,
portions, and the like, that have been assigned by someone knowledgeable (e.g., a
clinician), a computer-based algorithm, or combinations thereof. The one or more labels
may be, for example, binary indications of growth-associated tissue. For example, a
clinician may designate individual pixels of image data as growth-associated through a

selection program. The clinician or program may designate the rest of the pixels of the
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image data as statistically or empirically ordinary. In such a way, tissue depicted within
the image data is classified as TRUE/FALSE, ZERO/ONE, or some other designation to

provide a ground truth for training.

[0040] Such training data or training data sets can be encoded into a Bayesian model.
The probability distribution for each feature may be modeled using a parameterized
form, which is based on the training data set and a training step for the learning of
parameters. For example, the Bayesian framework can incorporate a model that takes
advantage of the fact that polyps comprise different features, for differences in
appearance. Features may be learned in one or more layers of the first ML classifier. The
features may include one or more appearance features. The appearance features may
comprise image information derived from the medical image. The appearance features
may comprise a shape feature derived from the medical image. The appearance features
comprise a texture feature derived from the medical image. The features may include one
or more shape features, for instance a region of the predicted object or a boundary of the
predicted object. The shape features may be defined by coordinates or a position relative
to another shape feature, or the like. The features may include one or more anatomical
features. Determining the value of an anatomical feature may comprise calculating a
centerline a boundary using a boundary distance transform. The image may be divided
into sections or units (for example, a pixel). The image may be segmented to identify

and/or characterize a region of the image that comprises an object, for instance a polyp.

[0041] A second ML classifier may be trained using training data. The training data set
for the second ML classifier may be the image data or portions thereof (e.g., sub-image
data) to configure the second ML classifier to predict/classify neoplasticity or
malignancy. The training data used to train the second ML classifier may be the same as,
or different from, the training data used to train the first ML classifier. The training data
may comprise a plurality of medical images and/or diagnostic data. The images may be
derived according to the first ML classifier. For instance, the first ML classifier may
identify sub-images within the image data related to a polyp or growth. In an example,
labels for the training data (e.g., sub-images) may have been assigned by a clinician. For
example, a benign/malignant classification can be determined for regions/subregions of
the predicted object and represented on a per image unit basis (for example, a pixel may
comprise a benign section of the predicted object or a malignant section). Likewise, each

pixel that comprises a benign/malignant classification is also associated with a



WO 2021/252502 PCT/US2021/036420

confidence score that describes the probability that the benign/malignant classification is

correct.

[0042] Such, training data can be encoded into a Bayesian model. The probability
distribution for each feature may be modelled using a parameterized form, which may be
based on the training set data and a training step for the learning of parameters. For
example, the Bayesian framework can incorporate a model that takes advantage of the
fact that benign and malignant polyps comprise different features, for differences in

appearance.

[0043] Once trained, new image data may be provided to the first ML classifier and/or
the second ML classifier. The output of the first ML classifier and/or the second ML
classifier, referred to herein as object classification data, may comprise classified pixels,
boundaries, segmentations, sub-image classifications, sub-region classifications,
confidence scores, and combinations thereof. For instance, the first ML classifier
indicates a boundary of an object (e.g., a polyp) and the second ML classifier outputs a
prediction of disease state for a plurality of regions of that polyp. These results are stored
as object classification data. The confidence score may be related to an entire image,
sub-images, sub-regions, and combinations thereof. In another example, the image data
may be used to segment the image on a trained segmentation model, classify the image
or portions thereof, and provide a confidence score. In addition, the methods disclosed
herein allow the inclusion of features that characterize a particular section or unit or
point in the image data with respect to prior medical knowledge. The values of the
features may be determined at every image unit (e.g., pixel or voxel) in the medical
image or may be determined at a portion of the image (e.g., a region) or for a single unit.
For example, determining the value of an appearance feature may simply require an
intensity value of a particular pixel to be read from the medical image data, whereas the
values of shape features and anatomical features are typically determined by performing
one or more calculations based upon the intensity value of pixel (and, possibly, its
neighboring pixels).

[0044] The object classification data may be used to generate an object map and/or
composite image. The object classification data may be used to generate a usable output
comprising a composite image of a predicted object within the image data. The image
data may lead to two or more types (or layers) of classification; a pixel-wise

classification or segmentation defining a boundary, a benign/malignant classification,
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and for each of the benign malignant/classifications a confidence score. The object
classification data that is received comprises two or more layers or two or more
classifications of data. The data from the two or more layers is combined to generate the
object map, and the object map is overlaid with a photograph of the predicted object to

generate the composite image.

[0045] The composite image may be used as a guide to direct treatment and reduce
errors. Techniques are described for treating polyps and other growths on various tissues.
A variety of treatments exist for such growths. As an example, resection may be
performed to further analyze the growth for cancer. The costs associated with resection
and evaluation can add substantially to the total cost of a colonoscopy. Risk of cancer
within a polyp increases as the size of the polyp passes five millimeters. For example,
some studies have found nearly all polyps below five millimeters to be benign. As such,
removal and analysis may be costly and unnecessary. In contrast, 0-1.5% of six to nine
millimeter polyps are cancerous and 2—-10% of polyps greater than ten millimeters are
cancerous. As such, treatment of polyps may be performed when a high likelihood of
cancer is presented. For instance, treatment may include identifying tissue with a high
likelihood of cancer and resection of the tissue during an endoscopic procedure. In one
example procedure, only polyps less than five millimeters visually predicted to be
neoplastic are resected and either discarded or subjected to further analysis. In another,
polyps less than five millimeters may be resected with only those visually predicted to be

neoplastic being subjected to further analysis.

[0046] Although varieties of techniques exist for performing machine learning and
resecting tissue, specific improvements to those techniques are disclosed herein. The
specific techniques disclosed herein describe a practical implementation that
pragmatically reduces the required processing power and training data necessary to
accurately predict disease state (e.g., cancerous tissues) from tissue images. Indeed, the
provided disclosure reduces the error associated with computer-aided growth detection,
reducing costs associated with over-resection and under-resection. As an example, a
computer-aided treatment that required resection of every identified growth could raise
the risk of medical complications associated with resections. Conversely, the same
computer-aided treatment could err in identifying neoplastic tissues and recommend non-

resection.

10
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[0047] FIG. 1A shows, an example method 100 for tissue treatment utilizing a
composite image in accordance with one or more implementations of the present
disclosure. Any of the steps show in method 100 may be combined with any other steps
discussed throughout this disclosure. In step 102, image data may be received by or from
an endoscope. The image data an image 412, as discussed throughout and with regard to
FIG. 4 and FIG. 8. In step 104, data indicative of a predicted object boundary 1002 may
be determined, as discussed throughout and with regard to FIG. 10. As discussed
throughout this disclosure and in FIG. 1, FIG. 6, a boundary 1002 may be predicted with
regard to an object. Semantic segmentation models, similar to those trained in semantic
segmentation model 908 of FIG. 9A, may be used. The semantic segmentation model

908 may be used to segment each image 412 to outline growth and polyp boundaries.

[0048] In step 106, classification of sub-images may be performed. Sub-images may be
regions of interest or pixel portions of the image 412, for example, sub-images may
comprise a portion of the image 412 within the boundary of the object. As an example,
the sub-images may be a resized image 1006, as discussed throughout the disclosure
including FIG. 10. A classification model similar to ROI classifier 960 may be used, as
discussed throughout the disclosure including FIG. 9B. As such, classifications and
confidence scores may be generated independently. The sub-image size can be 64 pixels
by 64 pixels or another size. In step 108, an object map may be determined. As discussed
throughout this disclosure and with regard to various figures, the object map provides
visual representations and indications (e.g., indicia 870, 872, 874, 876). The object map
may be a matrix (e.g., FIG. SA and FIG. SB) that represent sub-images, regions of
interest, or pixel portions with the corresponding scores and hues from the classifier for
that sub-image. In step 110, a composite image 440, 450, 460 may be output or
displayed, as shown throughout this disclosure including FIG. 4 and FIG. 8. After
display, an operator, an endoscopist or otherwise, may treat the patient according to the
composite image 440, 450, 460, indicia 870, 872, 874, 876 or other indicia provided on
the screen (e.g., aggregate confidence score, aggregate classification) in step 112. Any of
these steps along with other steps throughout this disclosure may be combined, omitted,

or otherwise used to treat patients and respective growths.

[0049] FIG. 1B shows a method 150 for determining an object map and a composite
image of steps 108 and 110, respectively, from FIG. 1A. The method 150 may be carried

out by any suitable system, for example, system 700.

11
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[0050] The object classification data may comprise an indication of a predicted object,
an indication of one or more regions of the predicted object, a score associated with the
indication of the one or more regions of the predicted object, or a score associated with
the indication of the predicted object. In an example, the indication of the predicted
object may comprise an object identifier such as whether or not the object is a polyp. In
an example, the indication of the predicted object may comprise an object classification
such as whether or not the object is malignant or benign. In an example, the indication of
one or more regions of the predicted object may comprise at least one boundary
identification. In an example, the indication of the predicted object may comprise an
indication of a boundary of the object which distinguishes the object from its
surroundings. For example, the indication of the object may distinguish polyp tissue
from non-polyp tissue. The indication may be associated with each of the image sections

(e.g., pixels or voxels) or a portion of the image sections.

[0051] In an embodiment, the object classification data may be received from a
machine learning classifier (e.g., a predictive model) which may the data in any number
of ways. Receiving object classification data at step 152 may comprise
downloading/obtaining/receiving the object classification data. The object classification
data may originate from various sources, including live feeds or streams, databases, live-
video, real-time images, other image data and the like for classification. The data may
comprise data sets associated with different conditions (e.g., colon cancer, anal cancer,
melanoma, breast cancer, lung cancer, ovarian cancer, etc.) and may be generated from

various data types and/or platforms.

[0052] Determining data indicative of a boundary of the predicted object at step 154
may comprise various implementations that define a boundary of the predicted object
from the object classification data, other information, and combinations thereof. The
boundary of the predicted object may be processed by applying analysis to determine a
visual representation, as will be described and indicated at step 156. In this manner, one
or more boundaries may be generated. The data indicative of a boundary of the predicted
object may be used to identify polyp candidates. Determining data indicative of a
boundary of the predicted object at step 154 may comprise determining a pixel matrix in
the object classification data. The pixel matrix may designate polyp pixels and non-polyp
pixels, as an example. Determining data indicative of a boundary of the predicted

object at step 154 may comprise determining a mathematical description of an outline of

12
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an object (e.g., a formula). The formula may separate polyp pixels and non-polyp pixels
with a line or another geometry. Determining data indicative of a boundary of the
predicted object at step 154 may comprise determining one or more coordinates for an
outline of an object. The one or more coordinates may form a line or another geometry to

separate polyp pixels and non-polyp pixels.

[0053] Determining a visual representation at 156 may comprise determining an
indication (e.g., a score or value) associated with a region of the predicted object. In an
example, the indication may comprise an object class (e.g., polyp, non-polyp, etc...). In
an example, the visual representation may be associated with a score or a numerical
value associated with region. For example, the numerical value may be binary with a 0
indicating a benign region and 1 indicating a malignant. In another example, the
numerical value may comprise a probability such as a likelihood or a percentage. The
probability may be represented by a numerical value on a scale, for instance between 0
and 1, or 1 and 5, or any other range. A specific example may comprise determining that
the region or portion of pixels of the image associated with tissue is classified into one of
two categories (e.g., good or bad, zero or one) according to disease state. Other
categories may be used. Determining a visual representation associated with regions of
the predicted object at step 156 may comprise determining for each sub-image indicated
in the object classification data, a predicted disease state and determining a color
associated with the disease state. As an example, one predicted disease state may be
associated with the color red, and another predicted disease state may be associated with

the color green.

[0054] The probability may represent a predictive value as to whether or not a region of
an object possesses a certain quality, for instance, whether or not a region of an object is
malignant or benign. As an example, the certain quality may adjust the redness

associated with the predicted disease state.

[0055] In an example, the probability may be determined using any statistical method
such as, for example, Bayes’ law to determine and in some cases combine probability
distributions and generate a probability map. In an example, as will be explained below,
combining maps may comprise overlaying probability maps wherein each section of an
image comprises a probability.

[0056] In an example, the image data may comprise a pixel or voxel associated with a

probability. In an example, the visual representation may comprise color indicators. For
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instance, a region of the predicted object may be associated with the color red, to
indicate a high confidence that the region is malignant. A different region of the
predicted object may be associated with the color green, to indicate a high confidence
that region is benign. A different region of the predicted object may be associated with
the color yellow, to indicate a low confidence as to whether or not the region is benign or
malignant. In an example, determining a score such as a probability comprises
calculating the value of a Gaussian function at a particular image unit, wherein the
Gaussian function models the probability distribution of that feature. The Gaussian
function may model the probability distribution of a feature that characterizes the section
of the medical image, and wherein calculating the value of the Gaussian function
includes: (i) treating a mean value in the Gaussian function as a fixed value; or (ii)
calculating a mean value in the Gaussian function as a function of the size of a

previously-detected object.

[0057] In an example, the indication of the predicted object may comprise coordinates,
for instance coordinates in an x-y plane or an x-y-z volume. The coordinates may be
associated with a region of the object. A region of the predicted object may be associated

with the coordinates of a plan or volume.

[0058] At step 158, an object map may be determined. For instance, an object map may
comprise at least one visual representation. In an example, an object map may comprise
at least one visual representation of an object with indications as to whether or not
regions of the object possess a given quality, for instance a prediction as to whether or
not a region of a polyp is benign or malignant. Determining an object map at step 158
may comprise plotting on an overlay image, a visual representation of the boundary and
the visual representations of the regions of the predicted object. Determining an object
map at step 158 may comprise altering a color composition of the pixels within the

visual representations of the regions of the predicted object.

[0059] At step 160, a composite image may be output. The composite image may
comprise at least one image of the predicted object, for example the polyp, and at least
one visual representation associated with a region of the object, for example a prediction
that a region of the polyp is malignant or benign (as seen in FIG. 4). Outputting the
composite image may comprise outputting a combination of the image and the overlay
image. Outputting the composite image may comprise outputting the adjusted color

composition of the image.
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[0060] As shown in FIG. 2, a system 200 is described herein that is configured to use
machine learning techniques to train, based on an analysis of one or more training data
sets 210A-210B by a training module 220, at least one machine learning-based classifier
230 that is configured to classify baseline data as being associated with a diagnosis,
pathology or histology. In an example, the training data set 210A (e.g., the data) may
comprise curated data from one or more studies. In an example, the training data set
210A may comprise only curated data or only a portion of the curated data. In an
example, the training data set 210B (e.g., the in-treatment data) may comprise data. The
training data set 210B includes thousands of images from segmented polyps with
annotations (e.g., neoplasticity, malignancy). In an example, the training data set 210B
may comprise only the labeled data or only a portion of the labeled data. The labels may

comprise benign and malignant labels.

[0061] Data may be randomly assigned to the training data set 210B or a testing data
set. In some implementations, the assignment of data to a training data set or a testing
data set may not be completely random. In this case, one or more criteria may be used
during the assignment, such as ensuring that similar numbers of diagnosis with different
benign/malignant statuses are in each of the training and testing data sets. In general, any
suitable method may be used to assign the data to the training or testing data sets, while
ensuring that the distributions of benign/malignant statuses are somewhat similar in the
training data set and the testing data set. In an example, 75% of the labeled baseline data
may be assigned to the training data set 210B and 25% of the labeled baseline data may

be assigned to the test data set.

[0062] In an example, the training module 220 may train the machine learning-based
classifier 230 by extracting a feature set from the first data (e.g., the curated case
agnostic data) in the training data set 210A according to one or more feature selection
techniques. In an example, the training module 220 may further define the feature set
obtained from the training data set 210A by applying one or more feature selection
techniques to the second data (e.g., the labeled baseline data) in the training data set
210B that includes statistically significant features of positive examples (e.g., malignant)

and statistically significant features of negative examples (e.g., benign).

[0063] In an example, the training module 220 may extract a feature set from the
training data set 210A and/or the training data set 210B in a variety of ways. The

training module 220 may perform feature extraction multiple times, each time using a
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different feature-extraction technique. In an example, the feature sets generated using the
different techniques may each be used to generate different machine learning-based
classification models 240. In an example, the feature set with the highest quality metrics
may be selected for use in training. The training module 220 may use the feature set(s) to
build one or more machine learning-based classification models 240A-240N that are
configured to indicate whether or not new data is associated with a malignant or benign
diagnosis.

[0064] In an example, the training data set 210B may be analyzed to determine any
dependencies, associations, and/or correlations between measured diagnosis and the
benign/malignant statuses of the cases in the training data set 210B. The identified
correlations may have the form of a list of features that are present or absent for samples
that are associated with different benign/malignant statuses. In an example, the training
data set 210A may be analyzed to determine one or more lists of features that have at
least one feature in common with the training data set 210B. These may be considered as
features (or variables) in the machine learning context. The term “feature,” as used
herein, may refer to any characteristic of an item of data that may be used to determine
whether the item of data falls within one or more specific categories. By way of
example, the features described herein may comprise one or more diagnosis, pathologies,

histologies, or the like or characteristics thereof.

[0065] In an example, a feature selection technique may comprise one or more feature
selection rules. The one or more feature selection rules may comprise a feature
occurrence rule. The feature occurrence rule may comprise determining which features
in the training data set 210A occur over a threshold number of times and identifying
those features that satisfy the threshold as candidate features. For example, any features
that appear greater than or equal to 2 times in the training data set 210A may be
considered as candidate features. Any features appearing less than 2 times may be

excluded from consideration.

[0066] In an example, the one or more feature selection rules may comprise a
significance rule. The significance rule may comprise determining, from the baseline
data in the training data set 210B, benign diagnosis data and malignant diagnosis data.
As the baseline data in the training data set 210B are labeled as benign or malignant, the

labels may be used to determine the benign diagnosis data and malignant diagnosis data.
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[0067] In an example, one or more candidate features may be selected according to a
wrapper method. A wrapper method may be configured to use a subset of features and
train a machine learning model using the subset of features. Based on the inferences that
drawn from a previous model, features may be added and/or deleted from the subset.
Wrapper methods include, for example, forward feature selection, backward feature
elimination, recursive feature elimination, combinations thereof, and the like. Forward
feature selection is an iterative method that begins with no feature in the machine
learning model. In each iteration, the feature which best improves the model is added
until an addition of a new variable does not improve the performance of the machine
learning model. In an example, backward elimination may be used to identify one or
more candidate features. Backward elimination is an iterative method that begins with all
features in the machine learning model. In each iteration, the least significant feature is
removed until no improvement is observed on removal of features. In an example,
recursive feature elimination may be used to identify one or more candidate features.
Recursive feature elimination is a greedy optimization algorithm which aims to find the
best performing feature subset. Recursive feature elimination repeatedly creates models
and keeps aside the best or the worst performing feature at each iteration. Recursive
feature elimination constructs the next model with the features remaining until all the
features are exhausted. Recursive feature elimination then ranks the features based on the

order of their elimination.

[0068] In an example, one or more candidate features may be selected according to an
embedded method. Embedded methods combine the qualities of filter and wrapper
methods. Embedded methods include, for example, Least Absolute Shrinkage and
Selection Operator (LASSO) and ridge regression which implement penalization
functions to reduce overfitting. For example, LASSO regression performs L1
regularization which adds a penalty equivalent to absolute value of the magnitude of
coefficients and ridge regression performs L2 regularization which adds a penalty

equivalent to square of the magnitude of coefficients.

[0069] After training module 220 has generated a feature set(s), the training module
220 may generate a machine learning-based classification model 240 based on the
feature set(s). Machine learning-based classification model, may refer to a complex
mathematical model for data classification that is generated using machine-learning

techniques. In one example, this machine learning-based classifier may include a map of
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support vectors that represent boundary features. By way of example, boundary features

may be selected from, and/or represent the highest-ranked features in, a feature set.

[0070] In an example, the training module 220 may use the feature sets extracted from
the training data set 210A and/or the training data set 210B to build a machine learning-
based classification model 240A-240N for each classification category (e.g., malignant,
benign). In some examples, the machine learning-based classification models 240A -
240N may be combined into a single machine learning-based classification model 240.
Similarly, the machine learning-based classifier 230 may represent a single classifier
containing a single or a plurality of machine learning-based classification models 240
and/or multiple classifiers containing a single or a plurality of machine learning-based

classification models 240.

[0071] The extracted features may be combined in a classification model trained using
a machine learning approach such as discriminant analysis; decision tree; a nearest
neighbor (NN) algorithm (e.g., k-NN models, replicator NN models, etc.); statistical
algorithm (e.g., Bayesian networks, etc.); clustering algorithm (e.g., k-means, mean-
shift, etc.); neural networks (e.g., reservoir networks, artificial neural networks, etc.);
support vector machines (SVMs); logistic regression algorithms; linear regression
algorithms; Markov models or chains; principal component analysis (PCA) (e.g., for
linear models); multi-layer perceptron (MLP) ANNs (e.g., for non-linear models);
replicating reservoir networks (e.g., for non-linear models, typically for time series);
random forest classification; a combination thereof and/or the like. The resulting
machine learning-based classifier 230 may comprise a decision rule or a mapping that

assigns a case to a class (benign/malignant).

[0072] The machine learning-based classifier 230 may be used to predict the
benign/malignant statuses (e.g., dichotomous outcomes) of the image sections in the
image data or multiclass predictions of tissues (e.g., neoplastic, non-neoplastic, sessile
serrated polyp, sessile serrated adenoma, serrated lesion). In one example, the result for
each image section includes a confidence level that corresponds to a likelihood or a
probability that the corresponding image section belongs in the predicted
benign/malignant status. The confidence level may be a value between zero and one,
which represents a likelihood that the corresponding test sample belongs to a
benign/malignant status. In one example, when there are two statuses (e.g., benign and

malignant), the confidence level may correspond to a value p, which refers to a
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likelihood that a particular image section belongs to a first status. In this case, the value

1—p may refer to a likelihood that the particular image section belongs to a second status.

[0073] FIG. 3A is a flowchart illustrating an example training method 300 for
generating the machine learning-based classifier 230 using the training module 220. The
training module 220 can implement supervised, unsupervised, and/or semi-supervised
(e.g., reinforcement based) machine learning-based classification models 240. The
method 300 illustrated in FIG. 3A is an example of a supervised learning method;
variations of this example of training method are discussed below, however, other
training methods can be analogously implemented to train unsupervised and/or semi-

supervised machine learning models.

[0074] The training method 300 may determine (e.g., access, receive, retrieve, etc.) first
data (e.g., pathologies, histology etc...) of one or more studies and second data of one or
more other studies at 310. The first data may contain one or more data sets, each data set
associated with a particular study. Each study may include one or more diagnosis in
common with the second data. First data may include segmentation ground truths along
with input images, and second data may include classifications of regions of interest or
pixel portions. Each study may involve different patient populations, although it is
contemplated that some patient overlap may occur. The second data may contain one or
more data sets, each data set associated with a particular study, different from those of
the first data set. Each study may include one or more diagnosis in common with the first
data. Each study may involve different patient populations, although it is contemplated
that some patient overlap may occur. In an example, each data set may include a labeled
list of diagnosis. In another example, each data set may comprise labeled baseline data.

In another example, each data set may further include labeled in-treatment data.

[0075] The training method 300 may generate, at 320, a training data set and a testing
data set. The training data set and the testing data set may be generated by randomly
assigning labeled data of individual cases from the second data to either the training data
set or the testing data set. In some implementations, the assignment of cases as training
or test samples may not be completely random. In an example, only the labeled baseline
data for a specific study may be used to generate the training data set and the testing data
set. In an example, a majority of the labeled baseline data for the specific study may be
used to generate the training data set. For example, 75% of the labeled baseline data for

the specific study may be used to generate the training data set and 25% may be used to
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generate the testing data set. In another example, only the labeled in-treatment data for

the specific study may be used to generate the training data set and the testing data set.

[0076] The training method 300 may determine (e.g., extract, select, etc.), at 330, one
or more features that can be used by, for example, a classifier to differentiate among
different classifications (e.g., malignant vs. benign). In an example, the training method
300 may determine a set of features from the first data. In another example, the training
method 300 may determine a set of features from the second data. In another example, a
set of features may be determined from data from a study different than the study
associated with the labeled data of the training data set and the testing data set. In other
words, data from the different study (e.g., the curated case agnostic data) may be used
for feature determination, rather than for training a machine learning model. In an
example, the training data set may be used in conjunction with the data from the
different study to determine the one or more features. The data from the different study
may be used to determine an initial set of features, which may be further reduced using

the training data set.

[0077] The training method 300 may train one or more machine learning models using
the one or more features at 340. In one example, the machine learning models may be
trained using supervised learning. In another example, other machine learning techniques
may be employed, including unsupervised learning and semi-supervised. The machine
learning models trained at 340 may be selected based on different criteria depending on
the problem to be solved and/or data available in the training data set. For example,
machine learning classifiers can suffer from different degrees of bias. Accordingly, more
than one machine learning models can be trained at 340, optimized, improved, and cross-

validated at 350.

[0078] The training method 300 may select one or more machine learning models to
build a predictive model at 360 (e.g., a machine learning classifier). The predictive
model may be evaluated using the testing data set. The predictive model may analyze the
testing data set and generate classification values and/or predicted values at 370.
Classification and/or prediction values may be evaluated at 380 to determine whether
such values have achieved a desired accuracy level. Performance of the predictive model
may be evaluated in a number of ways based on a number of true positives, false
positives, true negatives, and/or false negatives classifications of the plurality of data

points indicated by the predictive model. For example, the false positives of the
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predictive model may refer to a number of times the predictive model incorrectly
classified a feature as benign that was in reality a malignant. Conversely, the false
negatives of the predictive model may refer to a number of times the machine learning
model classified one or more features as malignant when, in fact, the feature was benign.
True negatives and true positives may refer to a number of times the predictive model
correctly classified one or more features as malignant or benign. Related to these
measurements are the concepts of recall and precision. Generally, recall refers to a ratio
of true positives to a sum of true positives and false negatives, which quantifies a
sensitivity of the predictive model. Similarly, precision refers to a ratio of true positives

a sum of true and false positives.

[0079] When such a desired accuracy level is reached, the training phase ends and the
predictive model may be output at 390; when the desired accuracy level is not reached,

however, then a subsequent iteration of the training method 300 may be performed.

[0080] In FIG. 3B, an example application of a predictive model in accordance with
one or more implementations of the present disclosure is illustrated. The process flow
392 may facilitate the prediction of an object, classification of an image, classification of

a sub-image, or combinations thereof.

[0081] At step 394, data can be determined. The data may comprise information related

to tissue or a patient. As an example, the data may be an image or sub-image.

[0082] The data can be processed with a model at step 396, and in step 398 a prediction
can be made. The prediction may define a segmentation of pixels of an image. The
prediction may define a classification of images or sub-images. The process flow 392
may be executed on a variety of hardware and software components as described herein

including various network structures and learning methods.

[0083] FIG. 4 shows a plurality of images 410, 420, 430, 440, 450, and 460. Images
410, 420, and 430, comprise image data comprising pictures of predicted objects. The
predicted objects may comprise polyps. Images 440, 450, and 460 comprise composite
images comprising an object map overlaid over the predicted object. The object map, as
described herein, may comprise a visual representation of data, pathologies, histologies,
and the like associated with the predicted object. In an example, the object map may
comprise regions or subregions. For example, 440 shows a composite image wherein the
object map comprises two regions (green and yellow). The colors associated with a

region may be indicative of feature and/or or confidence score. For example, a green
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color may be indicative of a high confidence that the region is benign while a yellow
color may be indicative of a low confidence as to whether a region is benign or
malignant. Likewise, as can be seen in image 450, the predicted object may comprise a
single region and/or a single color. For example, in image 450, the object map is entirely
red, which may indicate a high confidence that the region is malignant. Image 460 shows
an example composite image wherein the object map comprises a plurality of colors

associated with a plurality of regions of the predicted object.

[0084] FIGS. SA-5B show several example visual indications or representations
associated with a predicted object. The visual representation may comprise a plurality of
scores. For example, the visual representation may comprise scores ranging from 1 to 5.
The score may comprise confidence scores. Generating image data for the visual
representation may comprise imaging an area of the body several times to determine a
predicted object. The several images of the predicted object may vary with regard to
their visual representation. The scores making up the visual representation may comprise
color indicators (as seen in FIG. 5B). As an example, the several visual representations
may be stacked or overlaid as shown in FIG. 5B. The visual representations may
partially overlap or completely overlap. One value may represent a high confidence
score while another value represents a low confidence score. Likewise, a color may be
associated with a predicted diagnosis such as benign while another color may be
associated with a different diagnosis such as malignant. As can be seen, visual
representation 510, 520, and 530 have been partially overlapped and the scores of each
image section added. In FIG 5B, the overlapping visual representation have generated an

object map that has a high confidence of malignancy as seen by the red “5s.”

[0085] FIG. 6 shows an example method comprising receiving, at step 610, image data,
determining, at step 620, an initial classification associated with an image section,
determining, at step 630, an additional initial classification associated with an additional
image section, determining, at step 640 a score, determining, at step 650, a visual
indication and outputting, at step 660, an object map. Such steps may include one or
more steps from FIG. 1.

[0086] Receiving image data at step 610 may comprise downloading, obtaining, or
receiving the image data, or combinations thereof. The image may be obtained from
various sources, including live feeds or streams, databases, live-video, real-time images,

other image data and the like. The image data may be received from a machine learning
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classifier as described above. The image data may comprise at least one region. For
instance, one region may comprise a feature, while another region comprises another
feature. Further, the image may comprise sections. For example, the sections may
comprise a pixel or a voxel or a plurality of pixels or voxels groups of pixels or voxels or
the like. In an example, a section may comprise 32 pixels in one direction (e.g., the x
direction), and 32 pixels in another direction (the y or z direction) or combinations

thereof.

[0087] Determining an initial classification at step 620 may comprise making a
determination as to a feature, diagnosis, pathology, histology or the like. For instance,
determining an initial classification may comprise determining the image section
comprises a feature, such as a polyp or a boundary or some characteristic, for example a
surface characteristic. The initial classification may comprise a classification as to
whether that image section is indicative of, for example, a section of a polyp being

benign or malignant.

[0088] Determining an additional classification at 630 may comprise making a
determination as to a feature, diagnosis, pathology, histology or the like. For instance,
determining an initial classification may comprise determining the image section
comprises a feature, such as a polyp or a boundary or some characteristic, for example a
surface characteristic. The initial classification may comprise a classification as to
whether that image section is indicative of, for example, a section of a polyp being

benign or malignant.

[0089] In an example, the initial classification of step 620 may use the semantic
segmentation model to determine boundaries of growths within the image. For example,
the semantic segmentation may classify individual pixels of the image as those related to
growths and those related to ordinary tissue. The additional classification of step 630
may use the trained region of interest model to classify the images as neoplastic and non-
neoplastic. For example, smaller regions of interest having pixels within the boundary
may be classified as neoplastic and non-neoplastic. As another example, the additional
classification of step 630 may classify every pixel within the boundary or a scaled
version of the image associated with the boundary as neoplastic or non-neoplastic,

providing a coarse indication of abnormal growth.

[0090] Determining a score at step 640 may comprise determining a confidence score

based on the initial classification, any additional classifications, or combinations thereof.
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For instance, the confidence score may be associated with an initial classification of
malignancy. The confidence score may be associated with the initial classification of
malignancy, a first additional classification of malignancy, a second additional
classification of malignancy, other additional classifications, or combinations thereof. In
such a case, the confidence score may adjusted lower than the initial classification of
malignancy in a scenario where the initial classification is malignancy and a first
additional classification is benign. In an example, the score of step 640 may be
determined based on part of the classification process. For instance, the score may be a
confidence score related to the classification of the region of interest as neoplastic

against the classification of the region of interest as non-neoplastic.

[0091] Determining a visual indication at step 650 may comprise associating a plurality
of image sections with initial classifications. Determining a visual representation may
comprise associating additional image sections with additional classifications. The image
sections and additional image sections may be overlaid so as to develop an object map
which may comprise at least one visual indication. Determining a visual indication at
650 may comprise associating the score with the initial image section and/or the
additional image section. In an example, step 650 may comprise adding, augmenting, or
otherwise inserting a visual representation of the classification as a color, symbol,
pattern, or otherwise. For instance, the classification may be related to coloration of the
particular region of interest or portion of the pixels classified. As shown in FIG. 4, a hue
of the region of interest or portion may be changed. As an example, regions of interest
classified as neoplastic may be shaded red. As another example, regions of interest
classified as non-neoplastic may be shaded green. The underlying structure may be left
intact such that a viewer can see which area of the original image is identified as

neoplastic.

[0092] Outputting an object map at step 660 may comprise sending the object map to a
display device. Outputting the object map may comprise displaying the object map on
the display device.

[0093] FIG. 7 is a block diagram depicting an environment 700 comprising non-
limiting examples of a computing device 701 and a server 702 connected through a
network 704. In an aspect, some or all steps of any described method may be performed
on a computing device as described herein. The computing device 701 can comprise one

or multiple computers configured to store one or more of the training module 220,
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training data 210 (e.g., labeled baseline data, labeled in-treatment data, and/or curated
case agnostic data), and the like. The server 702 can comprise one or multiple computers
configured to store data 724 (e.g., curated case agnostic data). Multiple servers 702 can

communicate with the computing device 701 via the through the network 704.

[0094] The computing device 701 and the server 702 can be a digital computer that, in
terms of hardware architecture, generally includes a processor 708, memory system 710,
input/output (I/0) interfaces 712, and network interfaces 714. These components (708,
710, 712, and 714) are communicatively coupled via a local interface 716. The local
interface 716 can be, for example, but not limited to, one or more buses or other wired or
wireless connections, as i1s known in the art. The local interface 716 can have additional
elements, which are omitted for simplicity, such as controllers, buffers (caches), drivers,
repeaters, and receivers, to enable communications. Further, the local interface may
include address, control, and/or data connections to enable appropriate communications

among the aforementioned components.

[0095] The processor 708 can be a hardware device for executing software, particularly
that stored in memory system 710. The processor 708 can be any custom made or
commercially available processor, a central processing unit (CPU), an auxiliary
processor among several processors associated with the computing device 701 and the
server 702, a semiconductor-based microprocessor (in the form of a microchip or chip
set), or generally any device for executing software instructions. When the computing
device 701 and/or the server 702 is in operation, the processor 708 can be configured to
execute software stored within the memory system 710, to communicate data to and from
the memory system 710, and to generally control operations of the computing device 701

and the server 702 pursuant to the software.

[0096] The I/0O interfaces 712 can be used to receive user input from, and/or for
providing system output to, one or more devices or components. User input can be
provided via, for example, a keyboard and/or a mouse. System output can be provided
via a display device and a printer (not shown). I/0 interfaces 712 can include, for
example, a serial port, a parallel port, a Small Computer System Interface (SCSI), an
infrared (IR) interface, a radio frequency (RF) interface, and/or a universal serial bus

(USB) interface.

[0097] The network interface 714 can be used to transmit and receive from the

computing device 701 and/or the server 702 on the network 704. The network interface
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714 may include, for example, a 10BaseT Ethernet Adaptor, a 100BaseT Ethernet
Adaptor, a LAN PHY Ethernet Adaptor, a Token Ring Adaptor, a wireless network
adapter (e.g., WiFi, cellular, satellite), or any other suitable network interface device.
The network interface 714 may include address, control, and/or data connections to

enable appropriate communications on the network 704.

[0098] The memory system 710 can include any one or combination of volatile memory
elements (e.g., random access memory (RAM, such as DRAM, SRAM, SDRAM, etc.))
and nonvolatile memory elements (e.g., ROM, hard drive, tape, CDROM, DVDROM,
etc.) that are non-transitory. Moreover, the memory system 710 may incorporate
electronic, magnetic, optical, and/or other types of storage media. Note that the memory
system 710 can have a distributed architecture, where various components are situated

remote from one another, but can be accessed by the processor 708.

[0099] The software in memory system 710 may include one or more software
programs, each of which comprises an ordered listing of executable instructions for
implementing logical functions. In the example of FIG. 7, the software in the memory
system 710 of the computing device 701 can comprise the training module 220 (or
subcomponents thereof), the training data 210B, and a suitable operating system (O/S)
718. In the example of FIG. 7, the software in the memory system 710 of the server 702
can comprise, the data 724, and a suitable operating system (O/S) 718. The operating
system 718 essentially controls the execution of other computer programs and provides
scheduling, input-output control, file and data management, memory management, and
communication control and related services. One or more of the components may be

used in an endoscope.

[00100] For purposes of illustration, application programs and other executable program
components such as the operating system 718 are illustrated herein as discrete blocks,
although it is recognized that such programs and components can reside at various times
in different storage components of the computing device 701 and/or the server 702. An
implementation of the training module 220 can be stored on or transmitted across some
form of computer-readable media. Any of the disclosed methods can be performed by
computer-readable instructions embodied on computer-readable media.
Computer-readable media can be any available media that can be accessed by a
computer. By way of example and not meant to be limiting, computer readable media

can comprise “computer storage media” and “communications media.” “Computer
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storage media” can comprise non-volatile, removable and non-removable media
implemented in any methods or technology for storage of information such as computer
readable instructions, data structures, program modules, or other data. Example computer
storage media can comprise RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other magnetic storage devices, or any
other medium which can be used to store the desired information and which can be

accessed by a computer.

[00101] Referring to FIG. 8, a decolorized version of FIG. 4 is illustrated in accordance
with one or more implementations of the present disclosure. FIG. 8 is intended to clarify
portions of the previously disclosed subject matter without adding additional matter. As
shown in Figs. 4 and 8, original endoscopic images 410, 420, 430 are taken during a
colonoscopy or another operation. The original endoscopic images 410, 420, 430 present
ordinary tissue along with unordinary tissues 812, 822, 832. As shown in composite
images 440, 450, 460 indicia is added to the original endoscopic images 410, 420, 430 to
highlight the classification of the image and the confidence score of the classification.
For instance, original endoscopic image 410 include a single growth, object, abnormal,

or unordinary tissue 812.

[00102] A boundary 842 is defined by the classification or segmentation of the pixels of
the image to identify the unordinary tissue 812. The original endoscopic images 420, 430
are also associated with respective boundaries 852, 862 defined by the classification or
segmentation of the pixels of the image. Indicia 870, 872, 874, 876 may be imparted on
the portion of the image within the boundary using classification of regions of interest or
portions of the image with the classification model, detecting neoplastic and non-

neoplastic tissue through image classification.

[00103] The indicia 870, 872, 874, 876 may change the hue of the original endoscopic
image to allow a gastroenterologist to see the underlying tissue and its classification. As
shown, a map of different indicia indicates the classification and the confidence score.
For example, indicia 870 may be a red overlay defining bounded areas of neoplastic
tissue within the respective boundaries 842, 852, 862. Indicia 872 may be a green
overlay defining bounded areas of neoplastic tissue within the boundary 842, 852, 862.
Indicia 874, 876 may be yellow augment to the red and green overlays. For instance, a

low confidence score neoplastic area may be represented as a yellowish red, shown as
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indicia 876. As another example, a low confidence score non-neoplastic area may be
represented as a yellowish green, shown as indicia 874. Various types of indicia may be
used. Overlays and symbols may be used to indicate respective areas. A different hue or
coloration scheme may be used. As an example, the colorblind may prefer yellow and

blue as opposed to red and green.

[00104] In FIG. 9A, a training method for semantic segmentation or pixel classification
in accordance with one or more implementations of the present disclosure is shown as
method 900. FIG. 9A is intended to clarify portions of the previously disclosed subject
matter without adding additional matter. A segmentation model 908 may be trained to
identify boundaries within an image 410. As an example, image 410 is processed by the
semantic segmentation model 908 for a prediction of the correct segmentation. The
semantic segmentation model 908 may be trained to output a segmented image 910 with
segmentations 914, 916 classified to according to the annotated training image 902. The
annotated training image 902 is defined with the ground truth semantic segmentations
904, 906. The ground truth semantic segmentations may provide a labeled boundary 907
explicitly or implicitly by virtue of border of the ground truth semantic segmentations
904, 906. As an example, the semantic segmentation model 908 may be trained against
the annotated training image 902, comparing the classification of pixels of the segmented
image 910 to the annotated training image 902. After segmentations are defined in the
segmented image 910, the boundary 912 may be explicitly or implicitly determined
where the segmentations 914, 916 abut. The semantic segmentation model 908 may then
be used to segment other images once trained. The semantic segmentation model 908
may be an encoder-decoder network that uses atrous convolutions. The convolutions may

further include residual learning of convolutional layers.

[00105] In FIG. 9B, a training method for a region of interest or pixel portion classifier
in accordance with one or more implementations of the present disclosure is shown as
method 950. FIG. 9B is intended to clarify portions of the previously disclosed subject
matter without adding additional matter. The ROI classifier 960 may be trained with
regions of interest or pixel portions of the image 410 and other images. Training data
210B selections may be made from within the boundary 912 identified with the semantic
segmentation model 908. For example, training images 952, 954, 956, which are also
sub-images of the image 410, and may all be selected from within the boundary 912 and

annotated as neoplastic or non-neoplastic, benign or malignant, or various other
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categorizations (e.g., predicted disease state). The training images 952, 954, 956 are used
to train the ROI classifier 960, adjusting the model based on the loss associated with
classification 962. The model may be a residual network of convolutions. As an
example, shown throughout this disclosure and FIG. 9B, regions or portions of images
may be compiled and identified as neoplastic or non-neoplastic. The region-of-interest
classifier 960 may be trained on these sub-images and classifier identifications from
training data set 210B to properly predict the nature of the region, portion, or sub-image.
The training data set 210B may only include images that are associated or within
boundaries defined by the segmentation model. The training data set 210B may include
thousands of classified images (e.g., 65,000). In an example, determining a given
probability or a probability distribution may comprise calculating the probability
distribution for a given feature based on the values of the features and prior medical
knowledge, wherein the prior medical knowledge comprises one or more parameter
values, generating a probability map by using Bayes’ Law to combine the probability

distributions.

[00106] In FIG. 10, a portion of a classification method for classifying a region of
interest or pixel portion with a trained classification model in accordance with one or
more implementations of the present disclosure is shown as method 1000. FIG. 10 is
intended to clarify portions of the previously disclosed subject matter without adding
additional matter. In step 1004, the image 412 or any other image is received from a
repository or medical instrument. The image may include segmentation data indicative of
a boundary 1002. As discussed, assignments for each pixel of the image 412 may be
determined through the semantic segmentation model 908 or another implement.
Maximal dimensions 1012 of the boundary 1002 may be determined to resize the
received image 412 to resized image 1006. The resized image 1006 may be defined by
predefined dimensions based on the maximal dimensions 1012. As an example, the
dimensions 1008, 1010 may be 384 pixels by 384 pixels. As another, the dimensions
1008, 1010 may be 512 pixels by 256 pixels or 256 pixels by 512 pixels. Resizing may
be based on the maximal length and the maximal width, maximal dimensions 1012, of
the boundary 1002. As an example, if the maximal length and the maximal width,
maximal dimensions 1012, are similar or within a specific ratio (e.g., 3:4), the boundary
1002 is considered squarer than oblong and the 384 pixels by 384 pixels square is used

for resizing. If the maximal length and the maximal width , maximal dimensions 1012,
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are dissimilar or outside of a specific ratio (e.g., 3:4), the boundary 1002 is considered
more oblong than square and the 512 pixels by 256 pixels rectangle, or 256 pixels by 512
pixels) is used for resizing. In such a way, the underlying features of the images 412 are

maintained without altering the processing of the image.

[00107] Resizing the image 412 into resized image 1006 may provide a more constant or
stable processing timeframe, which can ensure presentation to an operator at constant or
similar intervals. For instance, processing images with one million pixels may take

longer than processing images with one thousand pixels, allowing this process to provide
real-time or near real-time results (e.g., one frame per second, ten frames per second, 30

frames per second) regardless of the input image and without loss in quality.

[00108] The resizing process may include cropping the image 412 according to the
boundary 1002 and then resizing the image to the configured size. As an example, the
image 412 may be cropped into a rectangular image around the boundary 1002 based on
the maximal pixel locations and the minimal pixel locations. Padding or extra portions of
the image 410 may be include (e.g., maximal locations plus five and minimal locations
minus five). As such, the resulting rectangle is based on the size of the segmented object.
The processing time for classifying regions of interest or pixel portions within the
segmented object may be constant for all objects detected during the procedure by
resizing (e.g., upscaling or downscaling) the rectangle of pixels associated with the
boundary 1002. As an example, during upscaling pixel values may be expanded or
duplicated, and during downscaling pixel values may be averaged or otherwise reduced
to maintain the same content. As such, the processing time required is held constant or
predictable to ensure real-time or same-time availability of classification information at

the instrument or display.

[00109] In step 1018, a region of interest or pixel portion may be selected. As an
example, the entire set of pixels 1014 from resized image 1006 may be selected for
classification. The classification and resulting confidence score may be used to adjust
indicia provided. As an example, if resized image 1006 is neoplastic the hue of all pixels
may be shaded red. The strength of the shading may be based on the confidence score

and a limit may be used to ensure that the entire image classification is not overused.

[00110] As another example, a region of interest or pixel portion 1016 may be selected
that includes a portion of the set of pixels from resized image 1006. For instance, the

pixel portion 1016 may be 64-pixels by 64-pixels. Selections may have at least one pixel
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within the boundary 1002. After classification, indicia related to the pixel portion 1016

outside of the boundary 1002 may be removed or zeroed.

[00111] In step 1020, the pixel portion 1016 may be classified using the ROI classifier
960, as trained. The classifier may output a classification 1022 and a confidence score

1024.

[00112] Referring to FIG. 11, a portion of a treatment for tissue in accordance with one
or more implementations of the present disclosure is shown in method 1100. FIG. 11 is
intended to clarify portions of the previously disclosed subject matter without adding
additional matter. In step 1102, indicia 870, 872, 874, 876 is added to the region of
interest or pixel portion 1016. The indicia 870, 872, 874, 876 may be various
implements. As an example, the indicia 870, 872, 874, 876 may alter a hue of the pixel
portion 1016. In such a case, the indicia 870, 872, 874, 876 may be added by multiplying
red, blue, and green (“RGB”) color values of each pixel of the pixel portion 1016 with a
modifier or adding to the color values. Other color components may be used.

(e.g. “YUV?”). As an example, the pixel may have a red value between zero and 255
(e.g., five). To add the indicia, the red value of the pixel may be multiplied by ten or
have 128 added to it. As such, the hue will be changed as shown in FIG. SA and FIG.
SB.

[00113] In step 1110, weighting is applied from adjacent pixel portions 1016, 1106,
1108 to adjust the indicia of respective pixel portions 1016, 1106, 1108. As an example,
the classification of pixel portion 1106 is used to adjust the pixel portion 1016. The ROI
classifier may classify pixel portion 1106 as neoplastic with low confidence while
classifying pixel portion 1106 as neoplastic with high confidence. As such, the pixels
corresponding to the non-overlapped portion of pixel portion 1016 may be red. The
overlapped portion between pixel portion 1016 and pixel portion 1106 may be
represented as yellowish red. The change in hue may be obtained by increasing the green
component of the pixels within both pixel portion 1016 and pixel portion 1106. As such,
the non-overlapped portion of 1016 may be a stronger red or indicia with green as zero
and red near 255, the overlapped portion a moderate yellowish red with red near 255 and
green near 100, and the non-overlapped portion of 1106 may be a mild yellowish red
with red near 255 and green near 200. Such an application serves to blend the
neighboring pixel portions 1016, 1106, 1108, as also shown in FIG. SB. Adjacent pixel
portions 1016, 1106, 1108 may be overlapped a certain percentage and although shown
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in a row, adjacent rows of the pixel portions 1016, 1106, 1108 may overlap to provide a

two-dimensional or three-dimensional blending to provide result image 1112.

[00114] In step 1114, the result image 1112 is displayed on the instrument or associated
display. The result image 1112 may be one of the composite images 440, 450, 460 and
can be displayed alongside the original image 412 for comparison or on its own because
the indicia 870, 872, 874, 876 maintains the underlying image while providing
information to an endoscopist. The result image 1112 may be displayed in real-time
based on the technical improvements described. As such, resection may be performed by
an endoscopist to remove the growth based on the result image 1112 in step 1116. As an
example, an endoscopist may be trained to resect tissue based on the coloration and
stratification of the result image. An endoscopist may be trained to resect only portions
of the tissue with a red hue or yellowish-red hue. As another example, an endoscopist
may be trained to resect tissue outlined by the the boundary 1002 when the internal map
is substantially indicative of neoplastic tissue (e.g., substantially red or yellowish-red).
As another example, the resection of tissue may be performed based on a size of the
boundary 1002 and the classification of the regions of interest or pixel portions. For
instance, boundaries 1002 that represent growths or polyps less than five millimeters
may be resected based on the regions of interest being substantially red or yellowish-red,
and boundaries 1002 that represent growths or polyps greater than five millimeters may
be resected regardless of the indicia 870, 872, 874, 876 or when the indicia 870, 872,
874, 876 is not entirely green. Various decision hierarchies can be devised to ensure that
the proper resection is performed based on the indicia 870, 872, 874, 876 and the shapes
or sizes of the boundary 1002.

[00115] In FIG. 12A, statistical data of polyp pathology in accordance with one or more
implementations of the present disclosure is shown. For example, prevalence of tubular
adenomas, tubulovillous adenomas, sessile serrated adenomas and hyperplastic colonic
mucosa is disclosed. Indeed, provided are methods and systems for reducing errors in the
display of medically imaged tissue data and the treatments thereof. As an example, the
provided techniques open the box of the previously unknown, and in one example,
provide both an outline of identified polyp boundaries within which histology
assessments are made and a map of spatially localized histology predictions in
subregions within the detected boundary. Indeed, in this possible enhancement of the

many provided herein, an intuitive, color-enriched, augmented visualization of the
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model's predicted histology over the polyp surface, providing an enhanced level of

transparency and interpretability.

[00116] In an example, a sensitivity of 0.96, specificity of 0.84, negative predictive
value (NPV) of 0.91, and high-confidence rate (HCR) of 0.88, distinguishing 171
neoplastic polyps from 83 non-neoplastic polyps of all sizes, or better, could be
achieved. Among 93 neoplastic and 75 non-neoplastic polyps <5 mm, the model

achieved a sensitivity of 0.95, specificity of 0.84, NPV of 0.91, and HCR of 0.86.

[00117] FIG. 12B illustrates statistical data of computer-aided treatment in accordance
with one or more implementations of the present disclosure. For example, performance
results of computer-aided treatment regarding neoplastic polyps non-neoplastic polyps

1s shown.

[00118] FIG. 12C illustrates statistical data of confidence in computer-aided treatement
in accordance with one or more implementations of the present disclosure. For example,

performance results of computer-aided treatment regarding various polyp sizes is shown.

[00119] As one or more examples, a method for treating tissue of a patient may include
capturing an image of the tissue. The captured image having pixels arranged to provide a
visual representation of the tissue. The method may include segmenting the pixels to
designate a boundary. The method may include selecting a first pixel portion of the
pixels based on a first tissue portion of the tissue. The first pixel portion may have a

pixel of the pixels within the boundary.

[00120] The method may include classifying the first pixel portion for resection with a
confidence score. The confidence score may be indicative of a negative positive value
greater than 80% for classification of neoplastic and non-neoplastic tissue. The method

may include resecting the first tissue portion according to the confidence score.

[00121] The method may include adding indicia to the first pixel portion and displaying
the first pixel portion with the indicia. The indicia may change a hue of the pixel portion.
The pixel may be a first pixel and the indicia may be weighted according to the first
pixel portion and a second pixel portion. The second pixel portion may be based on the
first tissue portion. The second pixel portion may have a second pixel of the pixels
within the boundary.
[00122] Pixels of the first pixel portion may comprise or essentially consist of every
pixel within the boundary and the pixels of the second pixel portion may be a 64-pixel-
by-64-pixel contiguous block of the pixels. Pixels of the first pixel portion may be a first
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64-pixel-by-64-pixel contiguous block of the pixels and the pixels of the second pixel
portion may be a second 64-pixel-by-64-pixel contiguous block of the pixels. A fourth of

the pixels of the first pixel portion may be equal to pixels of the second pixel portion.

[00123] The method may include selecting a third pixel portion of the pixels based on
the first tissue portion. The third pixel portion may have a third pixel of the pixels within
the boundary and the fourth of the pixels of the first pixel portion. The method may
include changing a color composition of the pixels of the first pixel portion within the
boundary. The method may include maintaining the color composition of the pixels of

the of the first pixel portion outside the boundary.

[00124] The method may include masking the pixels of the first pixel portion outside the
boundary such that only the pixels of the first pixel portion within the boundary are used

for classification.

[00125] The method may include maintaining the color composition of the pixels of the
of the first pixel portion based on a percentage of the pixels of the first pixel portion

within the boundary.

[00126] The method may include classifying a second pixel portion for abandonment.
The classifying may include adding first indicia to the first pixel portion and adding

second indicia different from the first indicia to the second pixel portion.

[00127] The method may include discarding the first tissue portion. The may include

analyzing the first tissue portion for cancer.

[00128] The method may include extracting features of the pixels according to a
deep-learning network. The method may include decoding the extracted features to

designate the boundary that categorizes the pixels to represent a growth within the tissue,

[00129] Segmenting the pixels may be based on a trained model. The model may be
trained according to previously captured images annotated with the segments. The
annotations may identify pixels associated with the segments and categorizing the pixels.
[00130] Classifying the portion may be based on a trained model of classified images.
The classified images may be classified as benign or cancerous, neoplastic or non-
neoplastic.

[00131] The first pixel portion is a 64-pixel-by-64-pixel square of the pixels. The
captured image may be resized according to the boundary. The resizing may be an

upsample of the pixels to a defined quantity such that computation of the classifying is
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substantially similar for iterations of the method. The resizing may be downsample of
the pixels to a defined quantity such that computation of the classifying is substantially

similar for iterations of the method.

[00132] The defined quantity may be 384 pixels by 384 pixels for a boundary that is
squarer than oblong. The defined quantity may be 512 pixels by 256 pixels for a

boundary that is more oblong than square.

[00133] The method may include receiving, from a machine learning classifier, object
classification data associated with image data. The object classification data may
comprise an indication of a predicted object, an indication of one or more regions of the
predicted object, and one or more scores associated with the indication of the one or
more regions of the predicted object. The method may include determining, based on the
indication of the predicted object, data indicative of a boundary of the predicted object.
The method may include determining, based on the indication of the one or more regions
of the predicted object and the one or more scores associated with the indication of the
one or more regions of the predicted object, a visual representation associated with each

of the one or more regions of the predicted object.

[00134] The method may include determining, based on the data indicative of the
boundary of the predicted object, and the visual representation associated with each of
the one or more regions of the predicted object, an object map. The method may include

outputting, based on the object map and the image data, a composite image.

[00135] The object classification data may include a score associated with the indication
of the predicted object. The indication of the predicted object may include at least one of
an object class or object coordinates. The one or more scores associated with the
indication of the one or more regions of the predicted object may include a confidence

score. The image data may include at least one of a digital image or a video.

[00136] The method may include outputting the composite image on a display device.
The method may include determining, based on the one or more scores associated with
the indication of the one or more regions of the predicted object, a color associated with
the one or more scores associated with the indication of the one or more regions of the
predicted object. The determining the visual representation associated with each of the
one or more regions of the predicted object may include assigning the color to the visual

representation associated with each of the one or more regions of the predicted object.
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[00137] The method may include determining, based on the object map, an object
prediction. The method may include outputting, with the composite image, the object

prediction.

[00138] A method may include receiving, from a machine learning classifier, image
data, wherein the image data comprises at least one region and a plurality of image
sections, and wherein the at least one region comprises at least one subregion. The
method may include determining, based on at least one image section of the plurality of
image sections, an initial classification associated with the at least one image section.
The method may include determining, based on at least one additional image section of
the plurality of image sections, an additional classification associated with the at least
one additional image section. The method may include determining, based on the initial
classification and the additional classification, a score, wherein the score is associated
with the at least one subregion. The method may include determining, based on the
score, a visual indication. The method may include outputting, based on the visual

indication, an object map.

[00139] The method may include determining the score comprises overlaying the at least
one image section and the at least one additional image section and averaging the initial
classification and the additional classification. The method may include at least one of an
object class, object coordinates, pathology. The image data may include at least one of a
digital image or video. Outputting the composite image may include outputting the

composite image on a display device. The plurality of image sections may include pixels.

[00140] A system may include a computing device. The computing device may be a
processor or group of processors. Instructions may be stored on digital storage. The
instructions may be operable upon execution by the processor to receive, from a machine
learning classifier, object classification data associated with image data. The object
classification data may include an indication of a predicted object, an indication of one
or more regions of the predicted object, and one or more scores associated with the
indication of the one or more regions of the predicted object. The instructions may be
operable upon execution by the processor to determine, based on the indication of the
predicted object, data indicative of a boundary of the predicted object. The instructions
may be operable upon execution by the processor to determine, based on the indication
of the one or more regions of the predicted object and the one or more scores associated

with the indication of the one or more regions of the predicted object, a visual
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representation associated with each of the one or more regions of the predicted object.
The instructions may be operable upon execution by the processor to determine, based
on the data indicative of the boundary of the predicted object, and the visual
representation associated with each of the one or more regions of the predicted object, an
object map. The system may include a display device. The display device may be

configured to output, based on the object map and the image data, a composite image.

[00141] The computing device may be configured to receive a score associated with the
indication of the predicted object. The indication of the predicted object may include at
least one of an object class or object coordinates. The one or more scores associated with
the indication of the one or more regions of the predicted object may include a
confidence score. The computing device may be configured to output the composite
image on the display device. The instructions may be operable upon execution by the
processor to determine, based on the one or more scores associated with the indication of
the one or more regions of the predicted object, a color associated with the one or more
scores associated with the indication of the one or more regions of the predicted object.
The visual representation associated with each of the one or more regions of the
predicted object may include assigning the color to the visual representation associated

with each of the one or more regions of the predicted object.

[00142] An apparatus may include one or more processors. The apparatus may include
memory storing processor executable instructions that, when executed by the one or
more processors, may cause the apparatus to receive, from a machine learning classifier,
object classification data associated with image data. The object classification data may
include an indication of a predicted object, an indication of one or more regions of the
predicted object, and one or more scores associated with the indication of the one or
more regions of the predicted object. The instructions may cause the apparatus to
determine, based on the indication of the predicted object, data indicative of a boundary
of the predicted object. The instructions may cause the apparatus to determine, based on
the indication of the one or more regions of the predicted object and the one or more
scores associated with the indication of the one or more regions of the predicted object, a
visual representation associated with each of the one or more regions of the predicted
object. The instructions may cause the apparatus to determine, based on the data
indicative of the boundary of the predicted object, and the visual representation

associated with each of the one or more regions of the predicted object, an object map.
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The instructions may cause the apparatus to output, based on the object map and the

image data, a composite image.

[00143] The method steps recited throughout this disclosure may be combined, omitted,
rearranged, or otherwise reorganized with any of the figures presented herein and are not
intend to be limited to the four comers of each sheet presented. Any one or more of the
method steps disclosed herein may be performed in whole or in part by one or more

computers or stored as executable instructions on a computer-readable medium.

[00144] It is understood that when combinations, subsets, interactions, groups, etc. of
components are described that, while specific reference of each various individual and
collective combinations and permutations of these may not be explicitly described, each
is specifically contemplated and described herein. This applies to all parts of this
application including, but not limited to, steps in described methods. Thus, if there are a
variety of additional steps that may be performed it is understood that each of these
additional steps may be performed with any specific configuration or combination of

configurations of the described methods.

[00145] As will be appreciated by one skilled in the art, hardware, software, or a
combination of software and hardware may be implemented. Furthermore, a computer
program product on a computer-readable storage medium (e.g., non-transitory) having
processor-executable instructions (e.g., computer software) embodied in the storage
medium. Any suitable computer-readable storage medium may be utilized including hard
disks, CD-ROMs, optical storage devices, magnetic storage devices, memresistors, Non-

Volatile Random Access Memory (NVRAM), flash memory, or a combination thereof.

[00146] Throughout this application reference is made to block diagrams and flowcharts.
It will be understood that each block of the block diagrams and flowcharts, and
combinations of blocks in the block diagrams and flowcharts, respectively, may be
implemented by processor-executable instructions. These processor-executable
instructions may be loaded onto a special purpose computer or other programmable data

processing apparatus to produce a machine.

[00147] These processor-executable instructions may also be stored in a computer-
readable memory that may direct a computer or other programmable data processing
apparatus to operate in a particular manner, such that the processor-executable
instructions stored in the computer-readable memory produce an article of manufacture

including processor-executable instructions for implementing the operation specified.
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The processor-executable instructions may also be loaded onto a computer or other
programmable data processing apparatus to cause a series of operational steps to be
performed on the computer or other programmable apparatus to produce a computer-

implemented process.

[00148] The specialized steps discussed herein do not seek to forestall of sets of
instructions executable by a computer to obtain the results specified herein. Indeed, the
specific steps and methods described herein are just a few possible solutions to the
treatment of tissue within a patient. The present invention has been described with a
certain degree of particularity but it should be understood that various modifications and
alterations may be made without departing from the scope or spirit of the invention as
defined by the following claims. The provisional application which this application
claims benefit is incorporated by reference in its entirety, and any original disclosure of

specification, figures, and claims are expressly maintained herein.
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[00149] While the methods and systems have been described in connection with
preferred embodiments and specific examples, it is not intended that the scope be limited
to the particular embodiments set forth, as the embodiments herein are intended in all

respects to be illustrative rather than restrictive.

[00150] Unless otherwise expressly stated, it is in no way intended that any method set
forth herein be construed as requiring that its steps be performed in a specific order.
Accordingly, where a method claim does not actually recite an order to be followed by
its steps or it is not otherwise specifically stated in the claims or descriptions that the
steps are to be limited to a specific order, it is in no way intended that an order be
inferred, in any respect. This holds for any possible non-express basis for interpretation,
including: matters of logic with respect to arrangement of steps or operational flow;
plain meaning derived from grammatical organization or punctuation; the number or type

of embodiments described in the specification.

[00151] It will be apparent to those skilled in the art that various modifications and
variations can be made without departing from the scope or spirit. Other embodiments
will be apparent to those skilled in the art from consideration of the specification and
practice disclosed herein. It is intended that the specification and examples be considered

as exemplary only, with a true scope and spirit being indicated by the following claims.
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CLAIMS
What is claimed is:

1. A method comprising:

determining, based on a first classifier, an object in image data;

determining, based on the object, a boundary of the object;

determining, based on the boundary of the object, a plurality of sub-images within the
boundary;

determining, for each sub-image of the plurality of sub-images, a predicted disease
state; and

determining, based on the predicted disease states for each sub-image of the plurality

of sub-images, a predicted disease state for the object.

2. The method of claim 1, further comprising:

determining, based on the predicted disease states for each sub-image of the plurality
of sub-images, a visual indication for each sub-image of the plurality of sub-
images;

determining, based on the visual indications for each sub-image of the plurality of
sub-images and the image data, a composite image; and

outputting the composite image.

3. The method of claim 2, wherein the visual indication changes a hue of each of
the one of the sub-images that is weighted according to a first sub-image and a

second sub-image of the plurality of sub-images.

4. The method of claim 3, wherein the first sub-image comprises all pixels within

the boundary.
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5. The method of claim 3, wherein the first sub-image is a first 64-pixel-by-64-
pixel contiguous block and the second sub-image is a second 64-pixel-by-64-

pixel contiguous block.

6. The method of claim 3, wherein a fourth of the first sub-image is equal to a

first fourth of the second sub-image.

7. The method of claim 6, wherein the plurality of sub-images includes a third
sub-image, and a second fourth of the first sub-image is equal to the third sub-

image and the first fourth and the second fourth overlap.

8. The method of claim 1, further comprising;
resecting a portion of tissue defined by the plurality of sub-images based on the
predicted disease state; and

discarding the portion.

9. The method of claim 1, further comprising;
resecting a portion of tissue defined by the plurality of sub-images based on the
predicted disease state; and

analyzing the portion for malignancy.

10. The method of claim 1, further comprising;
resizing a portion of the image data according to the boundary, the resizing an

upsample of the portion to a dimension.
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11. The method of claim 1, further comprising;
resizing a portion of the image data according to the boundary, the resizing a

downsample of the portion to a dimension.

12. The method of claim 11, wherein the dimension is 384 pixels by 384 pixels,

wherein the boundary is squarer than oblong.

13. A method comprising:

determining a first training data set comprising a plurality of images containing a
labeled boundary of an object;

training, based on the first training data set, a first classifier configured to determine
an object boundary;

determining, based on the first training data set, a second training data set comprising
a plurality of labeled sub-images from within the labeled boundary of the
object of each image in the first training data set;

training, based on the first training data set, a second classifier configured to predict a
disease state; and

configuring, for an input image, the first classifier to output a determined object
boundary in the input image and the second classifier to output a predicted
disease state for each sub-image of a plurality of sub-images from within the

object boundary from the input image.

14. The method of claim 13 further comprising altering, based on random

modification, the first training data set and the second training data set,
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15.

16.

wherein altering the first training data set comprises translation, rotation, color
alteration, and luminance alteration of the plurality of images; and

altering, based on random modification, the second training data set, wherein
altering the first training data set comprises translation, rotation, color

alteration, and luminance alteration of the plurality of sub-images.

The method of claim 13, wherein the first classifier is based on a neural

network having a residual convolution, an encoder, and a decoder.

The method of claim 13, wherein the second classifier is based on a neural

network having a residual convolution.

44



WO 2021/252502 PCT/US2021/036420

17. A method comprising:

determining, based on a first classifier, an object in image data;

determining, based on the object, a boundary of the object;

determining, based on the boundary of the object, a plurality of sub-images within the
boundary;

determining, for each sub-image of the plurality of sub-images, a predicted disease
state;

determining, based on the boundary of the object, a visual indication of the boundary;

determining, based on the predicted disease states for each sub-image of the plurality
of sub-images, a visual indication of the predicted disease state for each sub-
image of the plurality of sub-images;

determining, based on the visual indication of the boundary and the visual indications
of the predicted disease state for each sub-image of the plurality of sub-
images, an object map; and

outputting the image data and the object map as a composite image.

18. The method of claim 17, wherein the plurality of sub-images comprises a first
sub-image and a second sub-image, and the visual indication is weighted

according to the first sub-image and the second sub-image.

19. The method of claim 17, wherein the plurality of sub-images comprises a first
sub-image and a second sub-image, the first sub-image comprising all pixels
within the boundary and the second sub-image comprising a 64-pixel-by-64-

pixel contiguous block.
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20. The method of claim 17, further comprising:
resecting a portion of tissue defined by the sub-image according to the predicted
disease states; and

discarding the portion.
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