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be trained using pathology images (e.g., in some cases increasing the base of data by breaking larger fields of view into smaller
ones) to learn features consistent with certain pathologies. The platform can use the CNNs to visually annotate pathology slides at
an interface tool of a display device. The platform can automate the process of selection, as well as provide an opportunity for the
pathologist to see a depiction of predicted results. The platform can use the CNNs to identify regions of interest on pathology
slides. The interface tool can enable a predicted region of interest (ROI) type to be visually presented on a surface map showing the
basis of the prediction. If the ROI primarily lands in part of the hyperdimensional space not occupied by any training set, then the
interface tool is capable of marking it as an ROI of unknown type.
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tion of histopathologic slides using a modular arrangement of deep convolu-
tional neural networks (CNNs). The CNNs can be trained using pathology im-
ages (e.g., in some cases increasing the base of data by breaking larger fields
of view into smaller ones) to learn features consistent with certain pathologies.
The platform can use the CNNs to visually annotate pathology slides at an in-
terface tool of a display device. The platform can automate the process of selec-
tion, as well as provide an opportunity for the pathologist to see a depiction of
predicted results. The platform can use the CNNs to identify regions of interest
on pathology slides. The interface tool can enable a predicted region of interest
(ROI) type to be visually presented on a surface map showing the basis of the
prediction. If the ROI primarily lands in part of the hyperdimensional space not
occupied by any training set, then the interface tool is capable of marking it as
an ROI of unknown type.
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PLATFORM, DEVICE AND PROCESS FOR ANNOTATION AND
CLASSIFICATION OF TISSUE SPECIMENS USING
CONVOLUTIONAL NEURAL NETWORK

[0001] This application claims the benefit of U.S. Provisional Patent Application Serial
No. 62/582,068, filed November 6, 2017, the entire contents of which are hereby

incorporated by reference.

FIELD

[0002] The present disclosure generally relates to the field of digital pathology, image
processing, artificial intelligence, machine learning, deep learning, convolutional neural
networks, diagnostics, and computer interfaces.

INTRODUCTION

[0003] Digital pathology is an image-based computing environment that allows for the
viewing, management and analysis of digital slides on a computer interface and display.
In machine learning, artificial neural networks have an input layer and an output layer of
artificial neurons, as well as multiple hidden layers of artificial neurons. Artificial neural
networks receive input data, and transform the input data through a series of hidden
layers of artificial neurons. A convolutional neural network (CNN) is a class of deep
artificial neural networks that can be used for processing images.

SUMMARY

[0004] Embodiments described herein provide a platform, device and process for
digital pathology. In particular, embodiments described herein can provide a platform,
device and process for multi-level annotation and visualization of histopathologic slides
using a modular arrangement of deep neural networks.

[0005] In accordance with an aspect, there is provided a computer platform for digital
pathology. The platform has a memory having a stored data structure defining a
convolutional neural network that models a hyperdimensional space, the convolutional
neural network trained using pathology images. The platform has one or more
processors, and one or more programs. The one or more program are stored in the
memory and configured to be executed by the one or more processors, the one or more
programs including instructions to: determine a region of interest on a pathology slide and
a predicted region of interest (ROI) type by classifying a plurality of pathology features
abstracted from the pathology slide using the convolutional neural network; and generate,
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at an interface tool for display on a display device, output indications of the region of
interest on a visual representation of the pathology slide and annotations of the predicted
region of interest type on the visual representation of the pathology slide.

[0006] In some embodiments, the processor executes the instructions to determine
the predicted region of interest type by determining a mapping of the region of interest to
a portion of the hyperdimensional space, wherein the portion recognizes one or more of

the plurality of pathology features consistent with the predicted region of interest type.

[0007] In some embodiments, the processor executes the instructions to generate the
output indications comprising a surface map showing the basis of a prediction for the
predicted region of interest type, the surface map being a reduced dimensionality view of
a classification for the predicted region of interest type.

[0008] In some embodiments, the processor executes the instructions to use a first
convolutional neural network to classify the pathology slide and, based on the
classification, select a second convolutional neural network to determine the region of

interest on the pathology slide.

[0009] In some embodiments, the output indications comprise an original pathology
slide, a false colour slide showing the region of interest, an overall view of the original
pathology slide and the false colour slide, and a legend indicating the predicted region of
interest type and an associated false colour.

[0010] In some embodiments, the processor executes the instructions to receive, at

the interface tool, an input indication that a specific region of interest is of an unknown

type.

[0011] In some embodiments, the processor executes the instructions to determine a
prediction score for the predicted region of interest type using the convolutional neural
network.

[0012] In some embodiments, the processor executes the instructions to generate, at
the interface tool, a t-distributed stochastic neighbor embedding visualization of the
convolutional neural network, the t-distributed stochastic neighbor embedding
visualization depicting the hyperdimensional space modeled by the convolutional neural
network.
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[0013] In some embodiments, the processor executes the instructions to determine
the region of interest on the pathology slide and the predicted region of interest (ROI)
type by tiling an image on the pathology slide into a plurality of image times and
classifying the plurality of image tiles using the convolutional neural network.

[0014] In some embodiments, the processor executes the instructions to generate a
distribution of a plurality of image tiles on a t-distributed Stochastic Neighbour Embedding
plot to display, at the interface tool, a planar representation of the convolutional neural
network.

[0015] In some embodiments, the processor executes the instructions to project

representative image tiles from the plurality of image tiles onto the planar representation.

[0016] In some embodiments, the processor executes the instructions to generate, at
the interface tool, a class activation map having the region of interest and the predicted

region of interest type.

[0017] In some embodiments, the pathology features and the predicted region of

interest type comprise a cancer tumor type.

[0018] In some embodiments, wherein the pathology features and the predicted
region of interest type comprise a brain tumor type.

[0019] In some embodiments, the pathology features and the predicted region of

interest type comprise a lung tumor type.

[0020] In an aspect, there is provided a process for digital pathology upon an
unclassified pathology image. The process involves, at a processor, receiving the
unclassified pathology image; determining a region of interest on a pathology slide and a
predicted region of interest (ROI) type by classifying a plurality of pathology features
abstracted from the pathology slide using a convolutional neural network that models a
hyperdimensional space, the convolutional neural network trained using pathology
images, the convolutional neural network stored on a memory accessible by the
processor; generating output indications on the pathology image using the classification
data, the output indications comprising the region of interest, the predicted region of
interest type, and optionally a surface map showing a basis of the prediction for the
predicted region of interest type; and visually annotating the pathology image using an
interface tool with the output indications.
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[0021] In an aspect, there is provided a computer product with non-transitory
computer readable media storing program instructions to configure a processor to:
determine a region of interest on a pathology slide and a predicted region of interest
(ROI) type by classifying a plurality of pathology features abstracted from the pathology
slide using a convolutional neural network that models a hyperdimensional space, the
convolutional neural network trained using pathology images; generate output indications
of the region of interest on a visual representation of the pathology slide and annotations
of the predicted region of interest type on the visual representation of the pathology slide;
and update an interface tool to display the output indications and the annotations on a

display device.

[0022] In some embodiments, the instructions configure the processor to determine
the predicted region of interest type by determining a mapping of the region of interest to
a portion of the hyperdimensional space, wherein the portion recognizes one or more of
the plurality of pathology features consistent with the predicted region of interest type.

[0023] In some embodiments, the instructions configure the processor to generate
the output indications comprising a surface map showing the basis of a prediction for the
predicted region of interest type, the surface map being a reduced dimensionality view of

a classification for the predicted region of interest type.

[0024] In some embodiments, the instructions configure the processor to use a first
convolutional neural network to classify the pathology slide and, based on the
classification, select a second convolutional neural network to determine the region of
interest on the pathology slide.

[0025] In some embodiments, the output indications comprise an original pathology
slide, a false colour slide showing the region of interest, an overall view of the original
pathology slide and the false colour slide, and a legend indicating the predicted region of

interest type and an associated false colour.

[0026] In some embodiments, the instructions configure the processor to receive, at
the interface tool, an input indication that a specific region of interest is of an unknown

type.

[0027] In some embodiments, the instructions configure the processor to determine a
prediction score for the predicted region of interest type using the convolutional neural

network.
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[0028] In some embodiments, the instructions configure the processor to generate,
at the interface tool, a t-distributed stochastic neighbor embedding visualization of the
convolutional neural network, the t-distributed stochastic neighbor embedding
visualization depicting the hyperdimensional space modeled by the convolutional neural

network.

[0029] In some embodiments, the instructions configure the processor to determine
the region of interest on the pathology slide and the predicted region of interest (ROI)
type by tiling an image on the pathology slide into a plurality of image times and
classifying the plurality of image tiles using the convolutional neural network.

[0030] In some embodiments, the instructions configure the processor to generate a
distribution of a plurality of image tiles on a t-distributed Stochastic Neighbour Embedding
plot to display, at the interface tool, a planar representation of the convolutional neural

network.

[0031] In some embodiments, the instructions configure the processor to project

representative image tiles from the plurality of image tiles onto the planar representation.

[0032] In some embodiments, the instructions configure the processor to generate, at
the interface tool, a class activation map having the region of interest and the predicted

region of interest type.

[0033] In some embodiments, the pathology features and the predicted region of

interest type comprise a cancer tumor type.

[0034] In some embodiments, wherein the pathology features and the predicted
region of interest type comprise a brain tumor type.

[0035] In some embodiments, the pathology features and the predicted region of

interest type comprise a lung tumor type.

[0036] In an aspect, there is provided a computer platform for digital pathology. The
platform has a memory having a stored data structure defining a convolutional neural
network that models a hyperdimensional space, the convolutional neural network trained
using pathology images. The platform has one or more processor, and one or more
programs, wherein the one or more program are stored in the memory and configured to
be executed by the one or more processors, the one or more programs including
instructions to: detect a lesion on a pathology slide by implementing multi-class lesion
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segmentation using the convolutional neural network; determine a lesion classification of
the detected lesion by implementing multi-class lesion classification using the
convolutional neural network; determine a lesion sub-classification of the lesion
classification by implementing lesion sub-classification using the convolutional neural
network; and generate, at an interface tool for display on a display device, output
indication of the lesion sub-classification on a visual representation of the pathology slide.

[0037] In accordance with an aspect, there is provided a computer platform for digital
pathology. The platform has a memory for training and storing convolutional neural
networks using pathology images to learn a plurality of pathology features. The platform
has a processor configured to determine a region of interest on a pathology slide and a
predicted region of interest type using the convolutional neural networks, a
hyperdimensional space, and one or more of the plurality of pathology features. The
platform has an interface tool for display on a display device, the interface tool configured
to generate output indications of the regions of interest on a visual representation of the
pathology slide and visually annotate the visual representation of the pathology slide with
the predicted region of interest type.

[0038] In various further aspects, the disclosure provides corresponding systems and
devices, and logic structures such as machine-executable coded instruction sets for
implementing such systems, devices, and methods.

[0039] In this respect, before explaining at least one embodiment in detalil, it is to be
understood that the embodiments are not limited in application to the details of
construction and to the arrangements of the components set forth in the following
description or illustrated in the drawings. Also, it is to be understood that the phraseology
and terminology employed herein are for the purpose of description and should not be
regarded as limiting.

[0040] Many further features and combinations thereof concerning embodiments
described herein will appear to those skilled in the art following a reading of the instant
disclosure.

DESCRIPTION OF THE FIGURES

[0041] In the figures, embodiments are illustrated by way of example. It is to be
expressly understood that the description and figures are only for the purpose of
illustration and as an aid to understanding.



10

15

20

25

CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

[0042] Embodiments will now be described, by way of example only, with reference to

the attached figures, wherein in the figures:

[0043] FIG. 1 is a view of an example digital pathology system according to some
embodiments;

[0044] FIG. 2 is a view of an example digital pathology platform according to some

embodiments;

[0045] FIG. 3 is a view of an example interface application according to some

embodiments;

[0046] FIG. 4 is a view of an example digital pathology process according to some

embodiments;

[0047] FIG. 5 is a view of example inter-slide and intra-slide tissue class variability;

[0048] FIG. 6 is a view of example slide-level CNN tissue type classification;

[0049] FIG. 7 is a view of example slide-level CNN tissue type classification;

[0050] FIG. 8 is a view of example t-distributed stochastic neighbor embedding (t-
SNE) visualization of a CNN final hidden layer;

[0051] FIG. 9 is a view of example integrated summary reports generated using deep

neural networks;

[0052] FIG. 10 is a view of example molecular-level histopathologic classification

using deep neural networks;

[0053] FIG. 11 is a view of example digital pathology slides of tissue;

[0054] FIG. 12 is a view of example digital pathology slides of tissue;

[0055] FIG. 13 is a view of example digital pathology slides of tissue;

[0056] FIG. 14 depicts example pathologist error rates;

[0057] FIG. 15 depicts an example workflow using tissue mounted on slides;

[0058] FIG. 16 depicts an example workflow using tissue mounted on slides;
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[0059] FIG. 17 depicts an example workflow of a digital pathology system as well as a

sample workflow not using a digital pathology system;

[0060] FIG. 18 depicts use of a digital pathology system to predict prognosis from
slide data for different tumour types;

[0061] FIG. 19 depicts class activation maps (CAMs) reflecting tumour type
classification by digital pathology platform;

[0062] FIG. 20 depicts CAMs reflecting tumour type classification by digital pathology

platform;

[0063] FIG. 21 depicts CAMs reflecting tumour type classification by digital pathology

platform;

[0064] FIG. 22 depicts CAMs reflecting tumour type classification by digital pathology
platform;

[0065] FIG. 23 depicts CAMs reflecting tumour type classification by digital pathology

platform;

[0066] FIG. 24 depicts CAMs reflecting tumour type classification by digital pathology

platform;

[0067] FIG. 25 depicts CAMs reflecting tumour type classification by digital pathology

platform;

[0068] FIG. 26 depicts multi-level visualization by digital pathology platform using t-
SNE;

[0069] FIG. 27 depicts an example workflow of digital pathology system as well as a

workflow not employing digital pathology system;

[0070] FIG. 28 depicts molecular-level histopathologic classification of GBMs using

deep neural networks;

[0071] FIG. 29 depicts an example workflow using digital pathology system as well as

a workflow not employing digital pathology system;

[0072] FIG. 30 depicts an example workflow using digital pathology system as well as

a workflow not employing digital pathology system;

-8-
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[0073] FIG. 31 depicts example applications of digital pathology platform;

[0074] FIG. 32 depicts a modular or hierarchical arrangement of CNNs used by digital
pathology system;

[0075] FIG. 33 depicts t-SNE plots of data stored in a CNN and multi-level

classification;

[0076] FIG. 34 depicts a workflow producing predicted tumour types by digital
pathology platform;

[0077] FIG. 35 depicts lesion segmentation;
[0078] FIG. 36 depicts lesion segmentation;
[0079] FIG. 37 depicts lesion segmentation;

[0080] FIG. 38 depicts various views of an integrated report generated at or

presented at an interface application;

[0081] FIG. 39 depicts t-SNE plots of data stored in a CNN and multi-level

visualization;

[0082] FIG. 40 depicts example workflows of an example digital pathology platform
that uses a modular or hierarchical CNN classification, for example, a plurality of trained
CNNs;

[0083] FIG. 41 depicts example workflows of an example digital pathology platform
that uses a modular or hierarchical CNN classification, for example, a plurality of trained
CNNs;

[0084] FIG. 42 depicts a view of a report presented at generated at or presented at
an interface application that shows prognostic outcome of various molecularly distinct

pathologies;

[0085] FIG. 43 depicts a concept diagram of digital pathology system housed in a
cloud-based architecture;

[0086] FIG. 44 depict views of an interface for engaging with an interface application;
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[0087] FIG. 45 depict views of an interface for engaging with an interface application;

and

[0088] FIGs. 46A to 46C depict an example classifier for lung tumors, in accordance
with some embodiments.

DETAILED DESCRIPTION

[0089] Embodiments described herein provide a platform, device and process for
digital pathology. In particular, embodiments described herein can provide a platform,
device and process for multi-level annotation and visualization of histopathologic slides
using a modular arrangement of deep neural networks.

[0090] The platform can process pathology images (e.g., in some cases increasing
the base of data by breaking larger fields of view into smaller ones) to train deep
convolutional neural networks (CNNSs) in the features consistent with certain cancers. The
platform can use the CNNs to identify regions of interest on pathology slides. The
platform and process is not limited to specific pathologies and regions. An example
embodiment relates to brain tumors for illustrative purposes. Similar results have been
achieved in other cancer types (e.g., lung), as described in an example below.

[0091] The platform can use the CNNs to visually annotate pathology slides at an
interface tool of a display device. In an example embodiment, the interface tool can
present a display that includes the original slide (e.g., hematoxylin and eosin (H&E)
stained), a false colour slide showing the identified regions of interest, an overlay of these
two, and/or a legend indicating the predicted ROI type and associated false colour.
Ordinarily, the pathologist would have to manually select certain slides for follow-up
testing (such as antibody specific tests) and wait up to several days for the results. The
platform can automate the process of selection, as well as provide an opportunity for the
pathologist to see a depiction of predicted results for that follow-up testing. In addition to
H&E slides, the tool can also quantify immunohistochemical slides using similar
approaches.

[0092] The interface tool can enable a predicted region of interest (ROI) type to be
visually presented on a "surface map" showing the basis of the prediction, which is a
reduced dimensionality view of the classification. For example, if the ROI consistently
lands in the hyperdimensional space occupied by the glioblastoma training set, then it is
likely glioblastoma and a report can be generated that provides quantitative estimates of

-10 -
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confidence (e.g., 82% fall in the glioblastoma space, 17% in medulloblastoma, 1% other).
If however, the ROI primarily lands in part of the hyperdimensional space not occupied by
any training set, then the tool is capable of marking it as an ROI of unknown type. These
spaces can be populated with data over time making it possible to identify many other
different types. This may involve the use of multiple neural networks based on tissue
origin, and so on. The interface tool provides the ability to identify even unknown types.
All these decisions are generated using a chi-square test of the distribution of the
sampled tiles and their corresponding classes. The p-value for this chi-square test can be
adjusted to the user’s preference.

[0093] The platform trains CNNs (or one or more layers of a CNN) on the relevant
image data. The platform uses one or more trained CNNs to classify new image data
according to the relevant features. For example, the platform can define personalized
diagnostic and prognostic information; identify novel molecular, proteomic, or clinical
subgroups; enhance diagnosis or classification of images (e.g., pathology slides) beyond
human accuracies (e.g., including during fatigue or where classification is “unknown” or
extremely rare); identify novel molecular, proteomic, or clinical groups of clinical or
research significance; identify novel morphologic surrogates of biomarkers; and identify
morphogenomic correlations and clinically annotated and actionable variables (e.g.,
response to specific treatments).

[0094] In some embodiments, the platform can reduce error rates linked to
conventional, manual techniques. For example, FIG. 14 at 1400 depicts example
pathologist error rates. In some embodiments, the platform can reduce error rates
compared to using probability scores in isolation.

[0095] Dynamic visualization of the results by the interface tool can be leveraged by
caregivers or researchers to improve clinical care or basic research. For example,
researchers can engage with the interface tool to view digital pathology slides annotated
with disease or molecular classification or to view surface maps showing the basis of the
classification and providing for further classification and enhanced classification accuracy.

[0096] Embodiments described herein can annotate images with classifications or
predicted types, for example, molecularly or proteomically distinct tumour types, and can
uncover novel distinctions, for example, with prognostic relevance. Embodiments
described herein can provide a faster, more accurate, and more efficient technology for

-11 -
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clinical care and research and can uncover differences in pathology images not

detectable by the human eye or otherwise readily understood.

[0097] FIG. 1 is a view of an example digital pathology system 100 according to some
embodiments. Digital pathology system 100 includes digital pathology platform 110.
Digital pathology platform 110 connects to external system 150 and interface application
130, for example, to receive pathology images, such as digital slides annotated with
clinical, molecular, or pharmacological information, unannotated slides or images, or data
reflecting proteomic or molecular signatures, for example, hierarchical clustering data of
proteomic signatures. Digital pathology system 100 can transmit data to interface
application 130 to generate annotations and indicators, as described herein. A slide
image can reflect hematoxylin and eosin (H&E)-stained slides or one of various
immunohistochemical stains or fixation techniques, for example, those amenable to
formalin fixed paraffin embedded (FFPE) tissue samples or to frozen tissue samples.
Other stains and fixation methods that could change how the slide looks or affect
classification include the use of other available stains (e.g., silver stain, H&E + luxol fast
blue (LFB), histochemical stains, and so on). A proprietary stain can be used that

improves image analysis.

[0098] The digital slides may be used to train one or more CNNs or other training
models. The digital slides may be associated or annotated with the data reflecting
proteomic or molecular signatures. Digital pathology platform 110 may use one or more
CNNs to classify one or more digital slides or images or parts thereof or regions of
interest. Digital pathology platform 110 may use data reflecting proteomic or molecular
signatures, prognostic data, clinical data, classification data, or other annotations to train,
re-train, or validate one or more CNNs or other training models. The CNNs or other
training models can be used to classify or annotate new slides or images or uncover
proteomic or molecular signatures, biomarkers, or other clinically or molecularly relevant
subgroups, for example, sub-types of IDH-wf glioblastoma (GBM) types or proteomic sub-
groups representing gliomas driven by pathways amenable to pharmacological inhibition.

[0099] Images can include pathology images, pathology slides, digital slides, image
tiles, pictures, histologic data, images of slides depicting a tissue sample, depictions of
samples, pixels, and/or a portion or part of same (e.g., features extracted from image
data).
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[0100] Digital pathology platform 110 can create or train one or more classification
models or CNNSs, for example, for classification of images, histologic data, or of images of
slides depicting a tissue sample. Digital pathology platform 110 can receive data from one
or more interface applications 130. Digital pathology platform 110 can receive stored data
from one or more external systems 150 or interface applications 130. Digital pathology
platform 110 can organize or associate the data by tissue type (e.g., a type of glioma) or
by patient identity, for example. Digital pathology platform 110 can build or train one or
more classification models using this data. Digital pathology platform 110 can use a CNN
or a hierarchy of convolutional neural networks or one or more other classification models
to classify the data and cause a result to be sent to an entity 150 or interface application
130. The result can cause an entity to actuate a response, which can be a message
suggesting or automating the ordering of one or more clinical tests or a message or

annotation identifying one or more probable classifications.

[0101] In some embodiments, digital pathology platform 110 can receive one or more

trained CNNSs or other classification models from an external system 150.

[0102] In some embodiments, digital pathology platform 110 can re-train one or more
CNNs, for example, the final three layers of a trained convolutional neural network, for
example, to take advantage of transfer learning of pre-learned features so as to fine-tune
node weightings within the network to optimize classification of desired features, for

example, histopathologic features.

[0103] In some embodiments, data may be processed by or received at digital
pathology platform 110 as image patches or tiles, for example, of 1024 x 1024 pixels.
Digital pathology platform 110 can generate or extract tiles from an image, where each
tile represents a discrete section of the image. The automated tiling can be done using
image handling codes using the python programing language, for example, that take the
images and processes it into 1024 x 1024 images. This is an example and other
automated tiling processes can be used. Digital pathology platform 110 can use these
tiles to train or re-train one or more convolutional neural networks or other classification
models and/or classify the tile or tiles using one or more convolutional neural networks or
other classification models. The tile size used may be of a large size so as to excel at
complex classification tasks by providing multiple levels of morphologic detail (single cell-
level and overall tumor structure) without significantly affecting computation times. For
example, a trained or re-trained CNNs (or hierarchy of convolutional neural networks)

may differentiate between classes, for example, 13 or more different tissue classes
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commonly found on neuropathology tissue slides including hemorrhage, surgical material,
dura, necrosis, blank slide space, and normal cortical gray, white, and cerebellar brain
tissue. Other categories that the convolutional neural network (or hierarchy of
convolutional neural networks) may differentiate between include nervous system tumor
types such as glioma, meningioma, schwanomma, metastasis, and lymphoma. The
convolutional neural network (or hierarchy of convolutional neural networks) may
differentiate between molecular GBM subtypes (e.g., IDH-mutant (IDH-muf) and IDH-
wildtype (IDH-wi)), between mutations in isocitrate dehydrogenase (IDH) genes and
presence of 1p/19q co-deletions, between samples indicative or correlative to long-term
survivors and baseline survivors, or between any union of same, for example, between
IDH-wt GBM-BS, IDH-wt GBM-LTS, IDH-wt GBM, IDH-mut GBM, IDH-mut low grade
astrocytomas, and IDH-mut 1p/19q co-deleted oligodendrogliomas. Classification may
allow for risk stratification of conditions, diseases, pathologies, molecular or proteomic
signatures, pathways or drivers amenable to pharmacological or other intervention,

tumour types, cancers, or detectable difference in tissue or sample.

[0104] In some embodiments, digital pathology platform 110 can use one or more
CNNs to automate retrieval of regions of interest, for example, diagnostic (“lesional®)
areas. These tiles can be used to train or re-train one or more convolutional neural
networks or one or more layers within same. Digital pathology platform 110 can use these
tiles to incorporate new classes into one or more classification models. Digital pathology
platform 110 can use the tiles to train, validate, and test a convolutional neural network
classifier optimized at distinguishing between, for example, two genomically distinct GBM
subtypes. This may allow digital pathology platform 110 to resolve distinct classes (such
as tumour classes) that are indistinguishable to the human observer, with applications, for
example, in diagnosis, ordering tests or courses of treatment, in providing information
such as prognostic correlates, or for identifying appropriate pharmacological or clinical
intervention. This may also allow for expedient and feasible training of convolutional
neural networks on various immunostains used by specialists. For example, automated
tile generation can generate >10,000,000 image tiles that span the vast majority of
diagnostic tumor classes in neuropathology and can be used to train convolutional neural

networks on various immunostains or fixations.

[0105] In some embodiments, a hierarchy or modular arrangement of convolutional
neural networks may be used to successively classify data, for example, pathology
images or slide image tiles, at increasingly finer gradients or smaller sub-groups or to
carry out sequentially more refined classification tasks in the appropriate setting (e.g.,
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following classification of a glioma). This multi-level approach can reduce the need for
continual revalidation of robust and pre-learned classification tasks can allow new
learning tasks to be integrated and activated in a context specific manner. This may

improve classification, for example, its accuracy.

[01086] Each convolutional neural network may be trained on appropriate data or
otherwise configured to classify or predict certain result and/or classify certain input data.
Each convolutional neural network may thus be optimized or fine-tuned for different
classification purposes. For example, a trained convolutional neural network may classify
a tile, and digital pathology platform 110 can use the classification to determine which
second convolutional neural network will be used to further classify the tile. A plurality of
convolutional neural networks may be used successively on the same data, for example,
slide image tile, or on output from the previous convolutional neural network. The identity
of each convolutional neural network used in succession can be dynamically determined
by digital platform 110, for example, based on the classification, result, or data output
from one or more convolutional neural networks (for example, previously used in the
hierarchy), machine learning, classification model, clustering algorithm, or data collected
by digital pathology platform 110.

[0107] For example, a VGG19 CNN trained on 1.2 million images available through
ImageNet, for example, pictures of cats and dogs, can be received from external system
150 and used by digital pathology platform 110. Digital pathology platform can re-train the
CNN and change the weighting of the CNN to be better optimized at recognizing and
classifying tumors instead of cats and dogs. For each “module” or level in a hierarchy of
CNNs, each CNN is retrained to carry out a context specific task.

[0108] In some embodiments, digital pathology platform 110 can generate output
indications of regions of interest on digital pathology slides using classification data. For
example, digital pathology platform 110 can identify, for example, by classification using
one or more convolutional neural networks, classification models, and/or clustering
techniques, one or more regions of interest within image data, for example, data
representing a digital slide image, data representing a single image tile constructed from
a portion of a digital slide image, or data representing one or more overlays of image tiles.
Digital pathology platform 110 can generate data, for example, classification data or
output from one or more convolutional neural networks, and digital pathology platform
110 can use the data to generate one or more output indications of regions of interest.
Digital pathology platform 110 can associate the output indications of a region of interest
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with the corresponding image data whose classification was used in the generation of the
indications of a region of interest. For example, a region of interest can include a
predicted region of interest type of a hyperdimensional space, for example, depicted,
representable by, or stored by one or more convolutional neural networks.

[0109] The use of a CNN results in a hyperdimensional space. The t-SNE is
generated based on the hyper-dimensional space stored within the t-SNE. In some
embodiments, the t-SNE mainly uses the final CNN layer. During t-SNE generation there
can be a parameter called perplexity that may be used in some embodiments (e.g., a
value of 40 can be used). The digital pathology platform 110 can remove extra points far

away from main cluster.

[0110] For example, digital pathology platform 110 can generate annotations,
overlays, or legends depicting indications of regions of interest, predicted region of
interest types, or classifications of regions of interest. Digital pathology platform 110 can
associate such annotations, overlays, or legends with the corresponding image data
whose classification was used in the generation of the indications of a region of interest.
Digital pathology platform 110 can transmit the data and associations to an interface
application 130 or to an external system 150 or interface application 130. Interface
application 130 can process, combine with other data (for example, received from
external systems 150 or stored at interface application 130), and/or present the data as
visually annotated images, for example, visually annotated versions of digital pathology
slides provided to interface application 130 for classification. Interface application 130 can

visually annotate the digital pathology slides using the interface tool.

[0111] In some embodiments, digital pathology platform 110 can generate a
distribution of image tiles, such as lesion tiles, on a t-distributed Stochastic Neighbour
Embedding (t-SNE) plot to show a planar representation of a convolutional neural
network layer (for example, the final layer). Digital pathology platform 110 can generate
the t-SNE plot using high-dimensional data stored within convolutional neural network
trained on, for example, IDH-mutated and IDH-wildtype GBMs. The CNN layer can be
one of the inputs to this process. Digital pathology platform 110 can use a classifier to use
the distribution of data on the t-SNE plot to classify, predict, or assign a classification,
prediction, or region of interest type to image data such as image tiles. This may allow for
validation of a first classification of the image data (for example, generated by a
convolutional neural network) and/or more accurate classifications or predictions of region

of interest types (for example, where the classification substantially agrees with another
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classification of the same region of interest, image, or tile). This may allow for
identification of unknown types, for example, where an image for classification or a region
of interest primarily lands in part of the hyperdimensional space not occupied by any
training set. This computer defined process resulting in a t-SNE plot depicting
hyperdimensional space in a two-dimensional view does not force a classification and
allows visualization of how the computer is seeing or predicting regions of interest in the

tissue.

[0112] Both prediction scores and t-SNE can be generated from the trained CNN so
they are inherently linked. For prediction scores the classification boundaries can be
unknown. For the t-SNE, in a way the platform 100 is setting the boundaries very tightly
around previous examples and to filter tiles that are truly unique. This results in a much
more conservative classification but appears to make fewer mistakes as it is very
conservative. Embodiments can blend prediction scores and t-SNE to get improved
results.

[0113] For example, predictions for new cases, samples, or image tiles can be
generated by overlaying image tiles on the trained t-SNE space and assessing its
distribution. Digital pathology platform 110 can transmit or store this data or data
generated at any intermediary step. For example, digital pathology platform 110 can
transmit the overlayed image tiles and trained t-SNE space, concordance and/or variance
with a first classification, and summary statistics for each identified class to an interface
application 130 or external system 150 over a network 140 (or multiple networks).

[0114] Generation of the t-SNE plot can enable visualization of the internal
organization of a training convolutional neural network. Visualization can include colour-
coding, annotations, clustering, overlaying, organization, or a legend. Interface application
130 allows engagement with one or more t-SNE plots generated from a trained
convolutional neural network. This may uncover or facilitate detection and analysis of
trends or correlations within the data. For example, there may be a trend towards non-
neuroepithelial and cohesive epitheliod lesions when moving upwards within a cluster of

data points reflecting tissue classified as lesional tissue.

[0115] In some embodiments, digital pathology platform 110 can transmit a two-
dimensional plot such as a t-SNE plot, depicting hyperdimensional space to an interface
application 130 or to external systems 150.
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[0116] In some embodiments, digital pathology platform 110 can generate a class
activation map, surface map, or “heatmap” depicting the basis of classifications or
predictions of, for example, image data, tiles, and/or pathology slides. For example, the
class activation map can highlight, annotate, or otherwise depict discriminative image
regions or features used by one or more convolutional neural networks to make the
classification or prediction of a region of interest type. In some embodiments, a plurality of
possible classifications of type or predictions of regions of interest (e.g., IDH-wt GBM-
LTS, favourable prognostic outcome, pathology driven by a pathway amenable to
pharmacological intervention, schwanomma, hemorrhage, etc.) can be depicted with their

respective prediction scores displayed as a percentage.

[0117] In some embodiments, digital pathology platform 110 can transmit a class
activation map, surface map, or “heatmap” to an interface application 130 or to external
systems 150.

[0118] In some embodiments, digital pathology platform 110 can connect to interface
application 130 over a network 140 (or multiple networks). In some embodiments, digital

pathology platform 110 can connect to interface application 130 directly.

[0119] In some embodiments, interface application 130 can enable validation of
outputs generated by a digital pathology platform 110, such as the classification of an
image or slide. In some embodiments, interface application 130 can enable a multi-
disciplinary and integrated workflow with care providers, whereby results (e.g.,
classifications) are generated and/or presented to users by digital pathology platform 110
or interface application 130 in an interleaved, iterative, or contemporaneous process to a

care provider workflow.

[0120] In some embodiments, interface application 130 can generate output
indications of regions of interest on digital pathology slides using classification data from
digital pathology platform 110 or an external system 150 or data stored at interface
application 130. For example, digital pathology platform 110 can identify, for example, by
classification using one or more convolutional neural networks, classification models,
and/or clustering techniques, one or more regions of interest within image data, for
example, data representing a digital slide image, data representing a single image tile
constructed from a portion of a digital slide image, or data representing one or more
overlays of image tiles. Digital pathology platform 110 can transmit data, for example,

classification data or output from one or more convolutional neural networks, to interface
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application 130 and interface application 130 can use the data to generate one or more
output indications of regions of interest. Interface application 130 can associate the output
indications of a region of interest with the corresponding image data whose classification
was used in the generation of the indications of a region of interest. For example, a region
of interest can include a predicted region of interest type of a hyperdimensional space, for
example, depicted, representable by, or stored by one or more convolutional neural

networks.

[0121] For example, interface application 130 can generate output indications of
regions of interest on images or slides such as digital pathology slides depicting tissue.
Interface application 130 can use classification data (including re-classification,
subsequent classification, and classifications based on a combination of two or more
classifications) to generate the output indications and present them on the image or
slides. The regions of interest can include a predicted region of interest type of a
hyperdimensional space and a surface map showing the basis of the prediction. The
indications can be presented as annotations, overlays, or legends depicting indications of
regions of interest, predicted region of interest types, or classifications of regions of
interest. Interface application 130 can associate such annotations, overlays, or legends
with the corresponding image data whose classification was used in the generation of the
indications of a region of interest. Interface application 130 can store the data and
associations or can transmit same to an external system 150 for analysis or research.
Interface application 130 can process, combine with other data (for example, received
from external systems 150 or stored at interface application 130), and/or present the data
as visually annotated images, for example, visually annotated versions of digital
pathology slides provided to interface application 130 for classification. Interface

application 130 can visually annotate the digital pathology slides using the interface tool.

[0122] In some embodiments, interface application 130 can receive indications of
regions of interest including a predicted region of interest type of a hyperdimensional
space from a digital pathology platform 110 or external systems 150.

[0123] In some embodiments, interface application 130 can generate a distribution of
image tiles, such as lesion tiles, on a t-distributed Stochastic Neighbour Embedding (t-
SNE) plot to show a planar representation of a convolutional neural network layer (for
example, the final layer). In some embodiments, interface application 130 can receive a
two-dimensional plot such as a t-SNE plot, depicting hyperdimensional space from a
digital pathology platform 110 or external systems 150.
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[0124] Interface application 130 can generate the t-SNE plot using high-dimensional
data stored within convolutional neural network trained on, for example, IDH-mutated and
IDH-wildtype GBMs. Interface application 130 can use a classifier to use the distribution
of data on the t-SNE plot to classify, predict, or assign a classification, prediction, or
region of interest type to image data such as image tiles. This may allow for validation of
a first classification of the image data (for example, generated by a convolutional neural
network at digital pathology platform 110) and/or more accurate classifications or
predictions of region of interest types (for example, where the classification substantially
agrees with another classification of the same region of interest, image, or tile). This may
allow for identification of unknown types, for example, where an image for classification or
a region of interest primarily lands in part of the hyperdimensional space not occupied by
any training set. This computer defined process resulting in a t-SNE plot depicting
hyperdimensional space in a two-dimensional view does not force a classification and
allows visualization of how the computer is seeing the tissue.

[0125] For example, predictions for new cases, samples, or image tiles can be
generated by overlaying image tiles on the trained t-SNE space and assessing its
distribution using, for example, a chi-square statistical distribution test. Interface
application 130 can transmit or store this data or data generated at any intermediary step.
For example, interface application 130 can transmit the overlayed image tiles and trained
t-SNE space, concordance and/or variance with a first classification, and summary
statistics for each identified class to a digital pathology platform 110 or external system
150 over a network 140 (or multiple networks).

[0126] Generation of the t-SNE plot can enable visualization of the internal
organization of a training convolutional neural network. Visualization can include colour-
coding, annotations, clustering, overlaying, organization, or a legend. Interface application
130 allows engagement with one or more t-SNE plots generated from a trained
convolutional neural network trained. This may uncover or facilitate detection and
analysis of trends or correlations within the data. For example, there may be a trend
towards non-neuroepithelial and cohesive epitheliod lesions when moving upwards within
a cluster of data points reflecting tissue classified as lesional tissue.

[0127] In some embodiments, interface application 130 can generate a class
activation map, surface map, or “heatmap” depicting the basis of classifications or
predictions of, for example, image data, tiles, and/or pathology slides. For example, the

class activation map can highlight, annotate, or otherwise depict discriminative image
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regions or features used by one or more convolutional neural networks to make the
classification or prediction of a region of interest type. In some embodiments, a plurality of
possible classifications of type or predictions of regions of interest (e.g., IDH-wt GBM-
LTS, favourable prognostic outcome, pathology driven by a pathway amenable to
pharmacological intervention, schwanomma, hemorrhage, etc.) can be depicted with their
respective prediction scores displayed as a percentage. In some embodiments, interface
application 130 can receive a class activation map, surface map, or “heatmap” from a
digital pathology platform 110 or external systems 150.

[0128] Interface application 130 can also generate and present an integrated
summary output or report containing information such as classification, predicted region
of interest type of a hyperdimensional space, a surface map showing the basis of the
prediction, a class activation map, a t-SNE plot that can show unknown cases classified
as “undefined”, likelihood percentages or relative prediction scores associated with
alternative predictions or classifications, visual annotations of images (such as digital
pathology slides), and other data associated with an image or tile, a cluster of images or
tiles, and/or a selection of image data. For example, the data presented can include
context specific clinical information such as patient identifiers, age, tumour location, date
and time of sampling, and physician comments. In some embodiments, a user can
engage with interface application 130 to select or request one or more images or image
sets, for example, corresponding to a single patient or tissue sample. Interface application
130 can present information associated with the selection or request. The user can
provide input to interface application 130, for example, further comments, annotations, or
corrections in relation to one or more images, set of images, or other groupings. Interface
application 130 can process (for example, parse and associate with other data), store (for
example, in one or more databases, memory, or external systems 150), and/or transmit
this input data (for example, to a digital pathology platform 110 or external system 150).

[0129] Interface application 130 can connect with one or more user devices or with
one or more external systems 150 and can request data. Interface application 130 can
request data dynamically, for example, based on input or response from the one or more
users or the one or more external systems 150 or based on a classification or a result
received from a digital pathology platform 110 or a second external system 150. The user
devices or external systems 150 can provide interface application 130 with data such as
pathology images, for example, digital slides annotated with clinical, molecular, or
pharmacological information, unannotated slides or images, or data reflecting proteomic
or molecular signatures, for example, hierarchical clustering data of proteomic signatures.
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[0130] Interface application 130 can present and/or transmit visualization
representing one or more outputs from digital pathology platform 110, for example, a
surface map showing the basis of a classification or prediction generated by digital
pathology platform 110. In some embodiments, application 130 can create one or more
such visualization using data from digital pathology platform 110 or from one or more

external systems 150.

[0131] In some embodiments, the users or external systems 150 can engage with
interface application 130 to annotate the data or digital slides. Interface application 130
can organize, synchronize, process, modulate, aggregate, or reorganize the data.

[0132] Interface application 130 can engage a user via a display, interactive display,
keyboard, mouse, or other sensory apparatus. Interface application 130 can transmit and
receive signals or data from such devices and cause data to be sent to digital pathology
platform 110. Network 140 (or multiple networks) is capable of carrying data and can
involve wired connections, wireless connections, or a combination thereof. Network 140
may involve different network communication technologies, standards and protocols, for

example.

[0133] In some embodiments, external systems 150 can connect to digital pathology
platform 110, for example, via network 140 (or multiple networks). In some embodiments,
external systems 150 can connect to digital pathology platform 110 directly. External
systems 150 can be one or more databases or data sources or one or more entities that
aggregate or process data. For example, an external system 150 can be a second digital
pathology platform 110 or other interface application 130 that collects pathology slide
data (or other data), performs feature extraction on the data, and builds one or more
classification models, convolutional neural networks, or hierarchy of convolutional neural
networks. Feature extraction or training may be performed on image tiles. The external
system 150 can then process the data and/or build one or more classification models or
convolutional neural networks based on a selection of features. The one or more
convolutional neural networks can be used by one or more other digital pathology
platforms 110, stored in a database, and/or transmitted to an external system 150, for

example, that is accessible by researchers or developers.

[0134] In some embodiments, external systems 150 can connect to interface
application 130, for example, via network 140 (or multiple networks). In some

embodiments, external systems 150 can connect to interface application 130 directly.
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External systems 150 can send and/or receive data from an interface application 130
and/or digital pathology platform 110. In some embodiments, an external system 150 can
be a hospital, research institute, care facility, doctor, or caregiver. For example, an
external system 150 in a remote community can transmit slide information to a digital
pathology platform 110 or to an interface application 130 over a network (or multiple
networks) 140. Digital pathology platform 110 can use one or more trained convolutional
neural networks (for example, a hierarchy of convolutional neural networks), classification
models, clustering, and/or other data manipulation techniques to annotate the slide. The
data can be further processed and results of same can be sent to external system 150 in
a remote community. This may help guide the doctor in the remote community on
treatment options, likely prognosis or clinical significance, clinical testing or order, or other
courses of action, for example, based on the proteomic or molecular signature, glioma
subtype, prognostic significance, biomarker indication, or pharmacological target
suggested by the classification output from the digital pathology platform 110.

[0135] In some embodiments, at an interface application 130, a specialist doctor can
engage with the slide received from the external system 150 in a remote community, for
example, to provide further annotations or classifications before the data is sent by
interface application 130 to a digital pathology platform 110. Digital pathology platform
110 can apply one or more data processing techniques or convolutional neural networks
based on the data received.

[0136] This connectivity can facilitate the viewing, manipulation, and/or analysis of the
data by a researcher, developer, and/or healthcare provider engaged with an external
system 150.

[0137] FIG. 2 is a view of an example digital pathology platform 110 according to
some embodiments. A digital pathology platform 110 can include an /O Unit 111,
processing device 112, communication interface 113, and storage device 120.

[0138] A digital pathology platform 110 can connect with one or more interface
applications 130, entities 150, data sources 160, and/or databases 170. This connection
may be over a network 140 (or multiple networks). Digital pathology platform 110 receives
and transmits data from one or more of these via 1/O unit 111. When data is received, |/O

unit 111 transmits the data to processing device 112.

[0139] Each I/O unit 111 can enable the digital pathology platform 110 to interconnect

with one or more input devices, such as a keyboard, mouse, camera, touch screen and a
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microphone, and/or with one or more output devices such as a display screen and a

speaker.

[0140] A processing device 112 can execute instructions in memory 121 to configure
storage device 120, and more particularly, tiling unit 122, convolutional neural network
unit 123, surface map unit 124, annotation unit 125, and CAM unit 126. A processing
device 112 can be, for example, any type of general-purpose microprocessor or
microcontroller, a digital signal processing (DSP) processor, an integrated circuit, a field
programmable gate array (FPGA), a reconfigurable processor, or any combination
thereof. The oversampling is optional and in some embodiments there may not be an

oversampling unit.

[0141] Memory 121 may include a suitable combination of any type of computer
memory that is located either internally or externally such as, for example, random-
access memory (RAM), read-only memory (ROM), compact disc read-only memory
(CDROM), electro-optical memory, magneto-optical memory, erasable programmable
read-only memory (EPROM), and electrically-erasable programmable read-only memory
(EEPROM), Ferroelectric RAM (FRAM) or the like. Storage devices 120 can include
memory 121, databases 127, and persistent storage 128.

[0142] Each communication interface 113 can enable the digital pathology platform
110 to communicate with other components, to exchange data with other components, to
access and connect to network resources, to serve applications, and perform other
computing applications by connecting to a network (or multiple networks) capable of
carrying data. The digital pathology platform 110 can be operable to register and
authenticate users (using a login, unique identifier, and password for example) prior to
providing access to applications, a local network, network resources, other networks and
network security devices. The platform 110 may serve one user or multiple users.

[0143] The storage 127 may be configured to store information associated with or
created by the tiling unit 122, convolutional neural network unit 123, surface map unit
124, annotation unit 125, and CAM unit 126. Storage 127 and/or persistent storage 128
may be provided using various types of storage technologies, such as solid state drives,
hard disk drives, flash memory, and may be stored in various formats, such as relational
databases, non-relational databases, flat files, spreadsheets, extended markup files, etc.

[0144] Storage device 120 can be used to build a classification model, for example, a

convolutional neural network, by training on data received from interface application 130
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or other entities 150, for example, images such as pathology images or pathology slides,
including data representing a portion of or a part of same (e.g., image tiles or features
extracted from image tiles).

[0145] Tiling unit 122 can be associated with a storage device 120 and digital
pathology platform 110 can receive data, for example, image data corresponding to a
pathology slide depicting a tissue sample from a patient, via interface application 130.
Tiling unit 122 can receive stored data from one or more external systems 150 or
interface applications 130, for example, corresponding to other image data from other
patients, other hospitals, other samples from the same patient, or other (or same) class or
type of image. Tiling unit 122 can process the data. In some embodiments, tiling unit 122

may not tile the data.

[0146] In some embodiments, tiling unit 122 can divide the image into a set of pixel
images, for example, 1024 x 1024 pixel images or data encoding same. For some
embodiments, tasks can result in different tile sizes (e.g. 512 x 512, 2048 x 2048) and this

is an example only.

[0147] In some embodiments, tiling unit 122 can also identify regions of interest from
the image data, for example, using one or more classification outputs from a trained
convolutional neural network in CNN unit 123. Tiling unit 122 can create image tile data
encoding a portion, part, or section of the image data. The image tile data for a single
image tile may comprise only selected features from a single portion, part, or section of

the image data.

[0148] Tiling unit 122 can transmit data, such as images or tiles to CNN unit 123.
Tiles can include data encoding 1024 x 1024 pixel images derived from a whole
pathology image, to CNN unit 123. CNN unit 123 can receive same. Tiling images can
facilitate the production of image patches for robust training and feature extraction by
CNN unit 123.

[0149] CNN unit 123 can train on any user defined variable that is available and tied
to training images. Digital pathology platform 110 can test any clinical or molecular
variable tied to an image (e.g., diagnosis and IDH-mutated and/or 1p19q codeleted
gliomas). The automated workflow employed by digital pathology system 100 can test for

any variable amongst 100’s of whole slides (100,000 of image tiles, and so on).
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[0150] For example, this includes molecular changes (e.g., IDH status, O6-
methylguanine-methyltransferase (MGMT), etc.) and clinical data (e.g., survival). Not all
variables may have morphologic correlates but digital pathology platform 110 can allow
for their empirical testing and identification in an automated and expeditious way. In that
sense, digital pathology platform 110 can look or assess for any variable that is in some
way potentially tied to morphology. For example, digital pathology platform 110 or CNN
unit 123 can allow for identification or classification that distinguishes between molecular
changes (molecular subgroups/changes including IDH-mutated and IDH-wildtype, other
molecular changes commonly occurring in gliomas and of high clinical value such as
1p19q co-deletion), survival / prognostic outcomes (e.g., baseline (BS) v LTS, highly
aggressive tumors and less aggressive tumors simply by morphology), proteomically
distinct groups, biologically distinct / genomically defined groups, and morphologic

groups.

[0151] As molecular tests are more expensive, in addition to linking trained image
features to genetic changes (e.g., IDH mutations, 1p19q codeletion), they can also be
linked to protein alterations. The computer identifies morphology. Molecular and clinically
significant changes identified can be tied by digital pathology platform 110 to morphologic

groups noted by the computer.

[0152] CNN unit 123 associated with a storage device 120 can process the tiles of
pathology images, for example, to remove trends, noise, and artifacts, and can
reconstruct each tile from the remaining components. CNN unit 123 can extract features
from the image or tile data using one or more feature extraction methods. This can
produce a vector of histological features. CNN unit 123 can select features from the

features extracted from the images or tiles.

[0153] CNN unit 123 can use the selected features to train one or more convolutional
neural networks, such as VGG19, InceptionV3 CNN image classifier, or one or more
selected layers of a pre-trained convolutional neural network. Training may be performed
to fine-tune one or more CNNs or one or more layers of a CNN to optimize classification
for particular images, tiles, pathologies, gliomas, or molecularly or proteomically distinct
classes. CNN unit 123 can create or train multiple CNNs that CNN unit 123 can use in a
hierarchical or modular arrangement, for example, to sequentially more refined
classification tasks in the appropriate context (e.g., after classification of glioma).
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[0154] CNN unit 123 can classify data such as image data, tiles, or digital pathology
slides using one or more trained or re-trained convolutional neural networks. CNN unit
123 can generate classification data and output indications of regions of interest using the

classification data.

[0155] In some embodiments, surface map unit 124 can generate a distribution of
images or image tiles, such as lesion tiles, on a t-distributed Stochastic Neighbour
Embedding (t-SNE) plot to show a planar representation of a convolutional neural
network layer (for example, the final layer). In some embodiments, surface map unit 124
can receive a two-dimensional plot such as a t-SNE plot, depicting hyperdimensional
space from a digital pathology platform 110 or external systems 150. Surface map unit
124 can cause such distribution of images or image tiles to be stored in a database 127
or persistent storage 128 or transmitted over a network 140, for example, to interface

application 130.

[0156] In some embodiments, annotation unit 125 can generate output indications of
regions of interest on digital pathology slides using classification data. For example, CNN
unit 123 can identify, for example, by classification using one or more convolutional
neural networks, classification models, and/or clustering techniques, one or more regions
of interest within image data. Annotation unit 125 can associate the classification or
predicted region of interest type with an image, tile, or digital pathology slide, for example,
that was used in creating the classification or predicted region of interest type. Annotation
unit 125 can cause such associations to be stored in a database 127 or persistent
storage 128 or transmitted over a network 140, for example, to interface application 130.
Using the association data, annotation unit 125 can create data allowing the presentation
of the classifications or predicted region of interest type on the image, tile, or digital
pathology slide. Interface application 130 can receive the data and visually annotate the

image, tile, or digital pathology slide for presentation to a user.

[0157] In some embodiments, CAM unit 126 can generate a class activation map,
surface map, or “heatmap” depicting the basis of classifications or predictions of, for
example, image data, tiles, and/or pathology slides. CAM unit 126 can cause such class
activation map, surface map, or “heatmap” to be stored in a database 127 or persistent
storage 128 or transmitted over a network 140, for example, to interface application 130.
FIG. 3 is a view of an example interface application 130 according to some embodiments.

The interface application 130 can include a visual representation of a pathology tile.
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[0158] An interface application 130 can include an /O Unit 131, processing device
132, communication interface 133, and storage device 180.

[0159] An interface application 130 can connect with one or more digital pathology
platforms 110, entities 150, data sources 160, and/or databases 170. This connection
may be over a network 140 (or multiple networks). Interface application 130 receives and
transmits data from one or more of these via I/O unit 131. When data is received, /O unit

131 transmits the data to processing device 132.

[0160] Each I/O unit 131 can enable the interface application 130 to interconnect with
one or more input devices, such as a keyboard, mouse, camera, touch screen and a
microphone, and/or with one or more output devices such as a display screen and a
speaker.

[0161] A processing device 132 can execute instructions in memory 181 to configure
storage device 180, and more particularly, data collection unit 182, visualization unit 183,
surface map unit 184, annotation unit 185, and CAM unit 186. A processing device 132
can be, for example, any type of general-purpose microprocessor or microcontroller, a
digital signal processing (DSP) processor, an integrated circuit, a field programmable
gate array (FPGA), a reconfigurable processor, or any combination thereof. The
oversampling is optional and in some embodiments there may not be an oversampling

unit.

[0162] Memory 131 may include a suitable combination of any type of computer
memory that is located either internally or externally such as, for example, random-
access memory (RAM), read-only memory (ROM), compact disc read-only memory
(CDROM), electro-optical memory, magneto-optical memory, erasable programmable
read-only memory (EPROM), and electrically-erasable programmable read-only memory
(EEPROM), Ferroelectric RAM (FRAM) or the like. Storage devices 180 can include
memory 181, databases 187, and persistent storage 188.

[0163] Each communication interface 133 can enable the interface application 130 to
communicate with other components, to exchange data with other components, to access
and connect to network resources, to serve applications, and perform other computing
applications by connecting to a network (or multiple networks) capable of carrying data
including the Internet, Ethernet, plain old telephone service (POTS) line, public switch
telephone network (PSTN), integrated services digital network (ISDN), digital subscriber
line (DSL), coaxial cable, fiber optics, satellite, mobile, wireless (e.g. Wi-Fi, WiMAX), SS7
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signaling network, fixed line, local area network, wide area network, and others, including

any combination of these.

[0164] The interface application 130 can be operable to register and authenticate
users (using a login, unique identifier, and password for example) prior to providing
access to applications, a local network, network resources, other networks and network
security devices. The platform 110 may serve one user or multiple users.

[0165] The storage 187 may be configured to store information associated with or
created by the data collection unit 182, visualization unit 183, surface map unit 184,
annotation unit 185, and CAM unit 186. Storage 187 and/or persistent storage 188 may
be provided using various types of storage technologies, such as solid state drives, hard
disk drives, flash memory, and may be stored in various formats, such as relational
databases, non-relational databases, flat files, spreadsheets, extended markup files, etc.

[0166] Data collection 182 associated with a storage device 180 and interface
application 130 can receive data, for example, image data corresponding to a pathology
slide depicting a tissue sample from a patient. Data collection unit 182 can receive stored
data from one or more external systems 150 or digital pathology platform 110, for
example, corresponding to other image data from other patients, other hospitals, other
samples from the same patient, or other (or same) class or type of image. Data collection
unit 182 can process the data.

[0167] In some embodiments, surface map unit 184 can generate a distribution of
images or image tiles, such as lesion tiles, on a t-distributed Stochastic Neighbour
Embedding (t-SNE) plot to show a planar representation of a convolutional neural
network layer (for example, the final layer). In some embodiments, surface map unit 184
can receive a two-dimensional plot such as a t-SNE plot, depicting hyperdimensional
space from a digital pathology platform 110 or external systems 150. Surface map unit
184 can cause such distribution of images or image tiles to be stored in a database 187
or persistent storage 188 or transmitted over a network 140, for example, to digital
pathology platform 110. Surface map unit 184 can cause the t-SNE plot to be presented
to a user engaged with interface application 130.

[0168] In some embodiments, annotation unit 185 can generate output indications of
regions of interest on digital pathology slides using classification data. For example,
annotation unit 185 can receive classification data transmitted from a digital pathology

platform 110. Annotation unit 185 can associate the classification or predicted region of
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interest type with an image, tile, or digital pathology slide, for example, that was used in
creating the classification or predicted region of interest type. Annotation unit 185 can
cause such associations to be stored in a database 187 or persistent storage 188 or
transmitted over a network 140, for example, to digital pathology platform 110. Using the
association data, annotation unit 185 can create data allowing the presentation of the
classifications or predicted region of interest type on the image, tile, or digital pathology
slide. Annotation unit 185 can visually annotate the image, tile, or digital pathology slide

for presentation to a user engaged with interface application 130.

[0169] In some embodiments, CAM unit 186 can generate a class activation map,
surface map, or “heatmap” depicting the basis of classifications or predictions of, for
example, image data, tiles, and/or pathology slides. CAM unit 186 can cause such class
activation map, surface map, or “heatmap” to be stored in a database 187 or persistent
storage 188 or transmitted over a network 140, for example, to digital pathology platform
110 or entities 150. CAM unit 186 can cause the class activation map, surface map, or

‘heatmap” to be presented to a user engaged with interface application 130.

[0170] Visualization unit 183 can generate and present an integrated summary output
or report containing information such as classification, predicted region of interest type of
a hyperdimensional space, a surface map showing the basis of the prediction, a class
activation map, a t-SNE plot that can show unknown cases classified as “undefined”,
likelihood percentages or relative prediction scores associated with alternative predictions
or classifications, visual annotations of images (such as digital pathology slides), and
other data associated with an image or tile, a cluster of images or tiles, and/or a selection
of image data. Visualization unit 183 can cause the integrated summary output or report
to be presented to a user engaged with interface application 130.

[0171] FIG. 4 is a view of an example workflow 400.

[0172] At 402, digital pathology platform 110 receives, at a processer, an unclassified

pathology image.

[0173] At 404, digital pathology platform 110 generates, at the processor,
classification data using one or more convolutional neural networks trained using
pathology images to learn pathology features. Memory stores the convolutional neural
networks.
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[0174] At 406, digital pathology platform 110 generates, at an interface tool or
interface application, output indications of regions of interest on digital pathology slides
using the classification data, the regions of interest including a predicted region of interest

type of a hyperdimensional space and a surface map showing the basis of the prediction.

[0175] At 408, digital pathology system 100 visually annotates the digital pathology

slides using the interface tool 130.

[0176] At 410, digital pathology system 100 generates an interface at interface
application 130, for example, a visualization of annotated digital pathology slides, a
surface map, a CAM map, an integrated summary report, or a predicted region of interest

type.

[0177] Alternatively or in addition, at 412, digital pathology system 100 stores the
annotated digital pathology slide data and/or transmits same over a network (or multiple
networks) 140.

[0178] FIGs. 11 to 13 at 1100, 1200, and 1300, respectively, depict example digital

pathology slides of tissue with different tumour diagnosis and associated prognosis.

[0179] FIGs. 15 and 16 at 1500 and 1600, respectively, depict example workflows for
diagnosis using tissue mounted on slides. Digital pathology system 100 can mitigate a
need to order extra tests on a tissue sample (e.g., for diagnosis), time costs, and safety

costs.

[0180] FIG. 17 at 2100 depicts an example conceptual workflow employing digital
pathology system 100 as well as a lengthier workflow not employing digital pathology

system 100.

[0181] FIG. 18 at 2200 depicts use of digital pathology system 100 to predict

prognosis from slide data for different tumour types.

[0182] FIGs. 19 to 25 at 2300, 2400, 2500, 2600, 2700, 2800, 2900, respectively,
depict class activation maps (CAMs) reflecting tumour type classifications or predictions
generated by digital pathology platform 110. Probability for each predicted class can also
be presented. The most probable classes can be used to identify a final predicted class
and displayed to the user. In the integrated reports 2800, 2900 shown on FIG. 24 and
FIG. 25, the output displays an aggregate percentage score for each class across the
whole slide and lists the most likely diagnosis in the box 2802, 2902. A similar scope and
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exercise is carried out with the distribution of tiles on the t-SNE plot. If these match (e.g.,
as in FIG. 24) a diagnosis 2804 is given. When these do not match (e.g., as in FIG. 25),
the algorithm senses this is a novel or difficult case and elects to flag the slide without
giving a diagnosis 2904.

[0183] FIG. 26 at 3000 depicts a t-SNE plot for a hyperdimensional space stored by a
convolutional neural network. In the t-SNE plot, training images are plotted to highlight the
organization of information within the neural network. By plotting a large number of tiles,
decision boundaries may be developed and organized between classes.

[0184] FIG. 27 at 3100 depicts an example conceptual workflow employing digital
pathology system 100 as well as a lengthier workflow not employing digital pathology
system 100. 3100 also depicts a view of an integrated report presented to a user
engaged at interface application 130.

[0185] FIG. 28 at 3200 depicts molecular-level histopathologic classification of GBMs
using deep neural networks. An approach was also developed that allows trained neural
networks to automate segmentation and retaining themselves with different parameters
linked to each image. In this particular case, image tiles containing glioblastoma were
auto-segmented from surrounding normal brain tissue. These are used to train the neural
network to differentiate between IDH-mut and IDH-wt glioblastoma. The resulting t-SNE
may then be used to serve as a classifier for test cases by overlaying test tiles on the t-
SNE plot. For this particular exercise, a preliminary validation sets highlight an ability to
predict IDH status in new cases (e). An example of the area under the curve (AUC) is
listed here.

[0186] FIG. 29 and 30 at 3700 and 3800, respectively, depicts an example
conceptual workflow employing digital pathology system 100. Digital pathology system
100 can improve efficiency, safety, and precision in diagnostics and define new

prognostic or predictive biomarkers.

[0187] FIG. 31 at 3900 depicts example applications of digital pathology platform 100,
for example, to various pathology site groups or various metrics.

[0188] FIG. 32 at 4000 depicts a modular or hierarchical arrangement of CNNs used
by digital pathology system 100. Neural networks may also be placed in tandem to carry
out progressively more intricate tasks and benefit from integrating information from

multiple sources. The final product is a probability score that uses input from
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demographic, H&E and molecular data to refine the diagnosis and provide an improved

probability score.

[0189] FIG. 33 at 4100 depicts t-SNE plots of data stored in a CNN and multi-level
classification. The majority of diamonds 814 in the oval 4106 on the t-SNE plot show that
this test case (left panel 4102) matches the training images of a schwannoma on the t-

SNE plot 4104. This case is therefore classified as a schwannoma.

[0190] FIG. 34 at 4200 depicts a workflow producing predicted tumour types by digital
pathology platform 110.

[0191] FIGs. 35 to 37 at 4300, 4400, and 4500, respectively, depict CAMs or surface
maps showing the basis of CNNs in digital pathology platform 110. This may mirror

immunohistochemical staining.

[0192] FIG. 38 at 4600 depicts various views of an integrated report generated at or
presented at an interface application 130.

[0193] FIG. 39 at 4700 depicts t-SNE plots of data stored in a CNN and multi-level
visualization. The majority of black diamonds on t-SNE plot show that this test case (left
panel) matches the training images of a glioma on the t-SNE plot. This case is therefore
classified as a glioma.

[0194] FIGs. 40 and 41 at 4800 and 4900, respectively, depict example workflows of
an example digital pathology platform 110 that uses a modular or hierarchical CNN
classification, for example, a plurality of trained CNNs.

[0195] FIG. 42 at 5000 depicts a view of a report presented at generated at or
presented at an interface application 130 that shows prognostic outcome of various
molecularly distinct pathologies. A Kaplan Meier curve is shown with a superior survival of
IDH-mut Glioblastoma patients as compared to IDH-wt patients even though histologically
they look very similar to humans.

[0196] FIG. 43 at 5100 depicts digital pathology system 100 housed in a cloud-based
architecture. A world map is shown depicting that the methods herein can be used as a
stand-alone cloud based tool that allows anyone in the world to upload a histological

image and use it to generate an interpretation without the need of local software.
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[0197] FIG. 44 and 45 at 5200 and 5300, respectively, depict views of an interface for
engaging with an interface application 130. A user can select files, for example, pathology
images, for digital pathology system 100 to use to learn pathology features or classify
pathology images. Sample embodiments of screenshots of the user interface are shown.
FIG. 44 highlights the home page where different “Apps” are listed. This current version
has a “lesion detector” app shown. Once a user clicks on the available apps, the user is
taken to another page (see FIG. 45) in which the user may upload your image of image

for annotation and classification.

[0198] FIG. 46A depicts a classifier which was generated using 28 The Cancer
Genome Atlas (TCGA) lung adenocarcinoma cases. Classes included ‘adenocarcinoma’
5412, ‘alveolar tissue’ 5414, ‘stromal tissue’ 5418, and ‘blank’ 5416. Separation between
individual tissue types is demonstrated on a clustered t-SNE plot, with performance
characteristics listed just below plot (A) 5410. FIG. 46B depicts a dendrogram
demonstrating hierarchical clustering of tissue images is depicted in (B) 5420. FIG. 46C
depicts a heat map depicting clustering of 512 individual features (horizontal axis) for
training classes (vertical axis) is shown in (C) 5430.

[0199] In FIG. 46A, a separation of different training images is shown. The bottom
cluster represents blank tiles. The left cluster represent stromal tiles. The top cluster
represents Alveolar tiles and the right cluster represents adenocarcinoma tiles. This
highlights that the t-SNE visualization and classification tool is generalizable to other
tumor types. Panels B and C show alternative clustering approaches (hierarchical
clustering) that use the features shown within the t-SNE.

[0200] In FIG. 46B, separation of four clusters are shown in the following order from
left to right. Blank, Stroma, Aveolar and Adenocarcinoma. In this example, the
visualization technique allows a user to see that the system determined that stroma and
blank are more similar to one another as compared to aveolar and adenocarcinoma. This

provides a new tool to visualize learning within the neural network.

[0201] FIG. 46C shows a similar clustering approach shown in FIG. 46B. The cluster
is rotated horizontally and includes a “heatmap” of the 512 features that the CNN uses in
its final layers. Each feature is represented with a vertical line which allows a user to see
how these features change through the different classes. The horizontal clustering also
helps arrange the 512 features in groups that share similar patterns across classes. For

example, features 303 and 362 have extremely high values in Blank tiles and are
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clustered together. There are 20 horizontal lines in this heatmap and correspond to five

training images from: Blank, Stroma, Aveolar and Adenocarcinoma.

[0202] Digital pathology system 100 can improve diagnostic accuracy, diagnostic
turnaround, resource management, and patient care, and create transformation change in

existing processes.

[0203] For example, other approaches may be focused on using deep learning for
very narrow classification tasks which are difficult to fully automated into a routine
workflow. For example, they are focused on developing algorithms to a find specific type
of cancer cell on a slide. This means, with just this set-up, the pathologist first needs to
look at the case, make an interpretation and then decide if a case/slide is appropriate for
additional Al-based analysis. An example digital pathology system 100 can be multi-class
and modular to accept a wide variety of slides in neuropathology (e.g. and other organ

sites in the future) and sub-classify it accordingly to the appropriate context.

[0204] In some embodiments, the digital pathology system 100 is multi-class in the
sense that it does not just output “cancer” and “not cancer” or tumor A versus tumor B,
and instead can use multiple classifiers (e.g., 10 classes, 13 classes, 15 classes, 18
classes, and so on). This makes it much more dynamic as it can recognize more features
and diagnoses using the multiple classifications. In some embodiments, the digital
pathology system 100 is modular in the sense that it does not use or expect to use a
single classifier to diagnosis everything. There can be more than 100 tumor types,
survival, molecular subgroup, and other features. For example, images can be taken from
one high level CNN that classifies a tumor into cell type (e.g., metastasis, schwannoma
and glioma). If it is a glioma then the digital pathology system 100 can send image tiles to

the “IDH-module:” to determine IDH status.

[0205] Other approaches may use “binary” readouts (“normal” vs. “tumor”, “positive”
vs. “negative” or “benign” vs. “aggressive”). Such approaches may be prone to errors or
difficult to tune when more than two classes are used. This is due to a need to determine
a cut-off percentage below which the prediction may not be useful or accurate. This is

challenging to do with other available tools for classifiers that use more than 2 classes.

[0206] Digital pathology system 100 provides an in-depth annotation of a slide
including a variety of different normal and different tumor types (e.g., more than 20). This
allows digital pathology system 100 to generate statistics for each slide such as the

likelihood of a tumor on that slide being one type or another brain tumor type. This can
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make the process more versatile and give differential diagnosis based on the different
tumor it learned and does not require the user to activate an algorithm specific to a
specific tumor type (fully-automated). Furthermore, digital pathology system 100 can label
all tissue types on a slide different colours and provides legends of all the different
colours. This make the “annotated” slides very intuitive for the user to know where blood,
necrosis, and normal tissues are without them needing to have pathology training.
Similarly, digital pathology system 100 can use a 2-stage classification system where
each class is analyzed using prediction scores and a t-SNE plot. The use of t-SNE plots
for histology is quite unique in the sense that it does not force a classification and allows
visualization of how the computer is “seeing” the tissue. This allows the computer to flag
classes where the morphology does not match the previous cases as “uncertain”. In that
sense digital pathology system 100 can produce visual outputs (multi-colour heatmaps, t-
SNE plots), multi-class statistics (gives you % of each class found on the slides),
differential diagnosis (tells you the likelihood that a tumor belongs to all learned specific
classes), and provides multiple readouts (heatmap and t-SNE) for all classes.
Specifically, the t-SNE representation, can show blank space between learned groups
and thus accommodates “uncertainty” when classes fall in between these tissue clusters.

[0207] Digital pathology system 100 can use an extensive collection of clinically
annotated slides for training set development. CNN unit 123 can generate better trained
CNNs for precise classification tasks (e.g., differentiating gliomas with and without IDH

mutations).

[0208] The digital pathology system 100 also provides an improved determination
when a diagnosis cannot be determined (i.e., there is a novel case or challenging case
being analyzed). This is due to the fact that white spaces do not get classified (which
could lead to errors). Thus, a “unknown” class is available with the digital pathology
system 100, leading to fewer errors. While a similar approach can be generated using
probability based scoring cutoffs, it is much more challenging and empirical with

traditional methods.

[0209] Embodiments described herein provide a modular deep convolutional neural
network (CNN) workflow that provides automated classification and multi-level
visualization of whole pathology slide images (WSI). Importantly, this multi-class
approach does not depend on pre-selected slide cohorts and effectively identifies difficult
and poorly trained classes while minimizing misclassification. Moreover, the workflow can

be leveraged to carry out large-scale morphogenomic correlations and discover novel
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morphologic predictors of IDH-mutated glioblastoma; a rare and actionable molecular
subgroup considered largely “histologically indistinguishable” to the human observer.
Generalization of this automated approach can revolutionize personalized medicine
efforts by providing sub-specialist and molecular-level diagnostic information in a timely,

accessible and cost-effective manner.

[0210] The personalization of medical care has substantially increased the diagnostic
demands, workload, and subspecialty requirements in pathology. The growing need to
sub-classify lesions into an expanding number of molecular subgroups and diminishing
healthcare resources challenges the efficiencies of traditional diagnostic pathology, and
risks physician burnout and diagnostic oversight. As a result, embodiments can leverage
artificial intelligence (Al) to augment the ability of pathologists to efficiently and cost-

effectively deliver on these mounting responsibilities.

[0211] Computer vision can be used in histopathologic image analysis. This can
focus on a very narrow binary classification tasks and on pre-selected cases limiting
scalability and generalization to routine pathology workflows. For example, in
neuropathology, tissue specimens are often small and unoriented, and lesions need to be
differentiated from varying amounts of intervening normal, hemorrhagic and necrotic brain
tissue (FIG. 5). Lesions then require morphologic sub-classification to facilitate cost-
effective triaging of ancillary molecular studies to their appropriate clinical context. This
substantial inter- and intra-specimen heterogeneity can pose significant challenges to

even sub-specialized pathologist and make automation difficult.

[0212] To address this, a specialized form of Al known as deep convolutional neural
networks (CNNs) can be leveraged and shown to be capable of expert-level performance
in a diverse array of pattern-recognition classification tasks. Importantly, CNNs are free of
handcrafted features and are purely data-driven allowing subtle and complex features to
be resolved with sufficiently large training images. To improve generalization,
embodiments described herein use a brain-inspired hierarchical arrangement in which a
series of CNN “modules” are connected and activated in a context specific manner to
sequentially defining, classifying and further sub-classifying abnormalities on whole
pathology slide images (WSI). This hierarchical arrangement allows “high-order” CNN
modules, designed to excel at lesion detection, to autonomously generate training sets for
“lower-order” sub-classification CNN-modules. To highlight this approach, over 580
glioblastoma (GBM) WSI from The Cancer Genome Atlas (TCGA) can be used to

develop and validate a CNN-modules capable of predicting IDH-mutations in GBMSs; an
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important molecular class considered morphologically indiscriminate to the human eye.
Example embodiments can have the flexible performance of a CNN workflow on an
unselected neuropathology case cohort from a local institution that includes a diverse
array of case, tissue types and previously untrained cases. Integration of this
generalizable Al approach aims to augment physician-led diagnostic decision making and
accelerate the spread of sustainable precision-based tools for personalized medicine.

Development of a multi-class CNN-driven annotator for histologic features

[0213] Efforts applying machine learning to digital pathology have focused on
extremely narrow classification tasks that limit automation. In addition to requiring initial
human review and triaging of cases, regional intra- and inter-slide histologic
heterogeneity, irrelevant to the narrow task, compromises machine-driven classification
(FIG. 1). As an example experiment, to overcome this, a local cohort of 50,000
pathologist-annotated hematoxylin and eosin (H&E)-stained images was developed that
span these diverse and common tissue types and used them to retrain the final layers of
the image-based VGG19 neural network. This process, known as transfer learning, takes
advantage of pre-learned features from 1.2 million images spanning 1000 categories from
the ImageNet database. Additional images help finetune and customize classification
categories to histopathologic features and allowed construction of a 13-class histologic
image classifier. In addition to normal tissue types encountered in neurosurgical
specimens, common tumor types can included that comprise the vast majority of those
encountered in a clinical neuropathology practice. According to some example
embodiments, training and classification can be carried out using image patches (tiles)
comprised of 1024 x 1024 pixels (0.504 microns per pixel), a tile size over 10 times larger
than most other approaches (e.g. 299 x 299). This larger size can excel at complex
classification tasks by providing multiple levels of morphologic detail (single cell-level and
overall tumor structure) without significantly affecting computation times. An example 13-
class CNN model can reach a validation accuracy of over > 96% after 300 EPOCH.
Further pairwise validation of the classification performance of our network using test tiles
shows strong discrimination potential. CNNs can generate extremely broad multi-class
tissue classifier for histopathologic analysis.

Visualization of WSI classification tasks

[0214] To summarize machine-based classification decisions at the whole slide level
for review, a series of global visualization tools can be integrated into the workflow.

Histologic features found on each 1024 x1024 pixel images can be used to generate a
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representative class activation map (CAM) that summarizes the simultaneous spatial
distribution of the 13 trained classes. Embodiments can then reassemble these CAM tiles
to generate a fully annotated multi-class WSI (FIG. 6). These maps provide a global
overview of distribution of different tissue types (e.g., including lesions) identified and
highly concordant with pathologist- and immunohistochemically defined “ground-truth”
(see e.g., FIGs. 6 (D) and 7). Importantly, because feature activation occurs at the sub-
tile level, these global maps help characterize biological features of disease at multiple
levels of magnification (e.g., infiltrative versus circumscribed boards). Intriguingly, these
multi-class CAM activation maps offer insight into deep learning histologic decision
making, when the classifier is interrogated with previously unencountered cases. For
example, the 13-class CNN can be presented with a rare epileptogenic lesion known as
meningioangiomatosis characterized by a begin meningiovascular proliferation that
extends into the cerebral cortex. Examination of its global CAM accurately depicts this
extremely complex disease in a highly illustrative manner (e.g., FIG. 6 (B) and (C)). In
addition to routine mapping of WSI, such maps could thus help objectively characterize

rare and previously unencountered lesions.

[0215] FIG. 6 shows slide-level CNN tissue type classification 600. Panel A illustrates
an example of automated image tiling, generation of class activation maps (CAM), and
reassembly of classified tiles to provide a global overview of tissue types and spatial
coordinates on WSI. In some embodiments, the classes may be colour-coded for visual
display. Panels B-C highlight some of the variety of cases seen in neuropathology. Panel
B shows a biopsy of largely necrotic material with only small fragments of viable
glioblastoma. Panel C highlights a complex case of meningioangiomatosis, a tumor type
not trained in our CNN. Panel D shows original WSI of an infiltrating oligodendroglioma
642, class activation maps 644, 646 and the immunohistochemical “ground truth” (IDH-
R132H) for comparison 648. The colour scheme of the CAM can be changed to fit the
users preference. The CNN-generated images is highly concordant with the
immunostained image.

[0216] FIG. 7 shows slide-level CNN tissue type classification Part 1l 700. Automated
generation of class activation for WSI. Panel A shows a comparison of WSI of a lung
metastasis to the brain generated by H&E staining 710, CNN-based classification of the
H&E slide 720 and immunohistochemical staining 730. This particular class activation
map (CAM) 720 highlights blank space 722, gray matter 724, white matter 726 and
metastasis 728. This colour map shows a high concordance between the computer-
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generated map and the one based on immunostaining for cytokeratin 7 (CK7) 730

(“ground truth”).

[0217] Panel B shows a high power view of a H&E-stained image of a diffusely
infiltrating anaplastic oligodendroglioma, WHO grade Ill within brain tissue 740. CNN-
based lesion segmentation (darker shaded region) and overlay on top of the original
image 750 highlights the infiltrating nature of this neoplasm. Note the difference to the

relatively well-circumscribed border seen in panel A.

[0218] Machine-based classification can use the probability scores generated for
each class. Although convenient, averaging probability scores of images patches can
lead to a loss of important tile-level information on how histologic classes are organized
within @ CNN architecture and can risk erroneous WSI-level classification.

[0219] FIG. 8 shows t-SNE visualization of the 13-class CNN'’s final hidden layer 800.
A. Planar representations of the high-dimension data organized within the CNN trained on
13 classes (blank 801, white 802, grey 803, glioma 804, mening 805, metastasis 806,
dibcl 807, necrosis 808, blood 809, surgical 810, schwannoma 811, dura 812 and
cerebellum 813). 200 representative pathologist-annotated tiles were plotted using the
CNN weighting and the t-SNE method. These plots allow visualization of the internal
organization of the training CNN. Each class is colour coded for convenience and
randomly selected representative images from each cluster/class are shown. B.
Intriguing, this data-driven map shows a non-random organization. In addition to anuclear
(left circle, cluster 824), normal (bottom circle, cluster 822) and lesional (right circle,
cluster 826) tissue clusters, there is a there is an additional trend towards non-
neuroepithelial and cohesive epitheliod lesions as you move upwards within the red
cluster. C. t-SNE-based classification using by overlaying lesional image tiles of test
cases (dark diamonds 814). The diamonds 814 on the schwannoma (in oval 830 in C)
and glioma (in oval 840 in D) test cases land correctly on the diagnostic region of the

training images used to generate the t-SNE.

[0220] To better visualize global classification decisions, representative tiles from
classes of interest (e.g., lesion) can be projected onto the planar representations of
higher-dimensional coordinates of the different trained classes using #distributed
Stochastic Neighbour Embedding (f-SNE) (FIG. 8). These plots provide further insights
into histology-based deep learning inferences and classification decisions and a strikingly
biology-inspired and humanoid-like organization of tissue classes (FIG. 8 (A)-(B)). For
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example, there is a prominent “cluster of clusters” (cluster 822) to show the close
proximity of normal tissue types to one another. This cluster appears to bisect the
remaining tissue types with hypocellular tissue classes on the left (cluster 824) and
hypercellular lesional classes forming a third distinct cluster on the right (cluster 826).
Further examination of the clusters shows other dimension of pathologist-like
organizational framework with dis-cohesive and intra-axial lesions such as lymphoma and
most particularly gliomas showing a closer relationship to normal nervous tissue.
Similarly, more cohesive intra-parenchymal (e.g., metastasis) and extra-parenchymal
(e.g., meningioma) cluster together at a most distant site on the {-SNE plot. In addition to
providing visual insights into machine-based classification decisions, these plots may be
used to better assess computer-based diagnostic decision of both trained and previously
un-encountered classes (FIGs. 8 (C)-(D), 9 and 10). By requiring a sample of at least
fiteen, and a large bias towards one particular class, misclassification can be
substantially reduced. For WSI that do not meet these parameters, a conservative
approach can be taken where cases are labeled as “undefined” and signal review by a
pathologist. These “flagged” cases also allow to identify classification weaknesses and
future CNN class optimization. These optimized metrics thus provide new quantitative

and generalizable tools for large-scale morphologic WSI analysis and quality control.

Development of a Modular CNN workflow

[0221] Tumor classification schemes are continually undergoing revisions. Appending
additional classes to a single omnipotent CNN can however have dramatic affect
classification performance of an already well-optimized classes. A modular architecture
can be used where smaller more manageable CNN components could be arranged to
carry out sequentially more refined classification tasks (FIG. 41). This multi-level, brain-
inspired approach, can reduce the need for continued revalidation of pre-learned
classification task and allows new learning tasks to be integrated and activated in a
context specific manner (FIG. 41).

CNN-driven morphogenomic correlates of IDH-mutations in glioblastoma

[0222] As an example, a 13-class neural networks was trained exclusively using
manually curated image tiles. Although effective, this process may be highly laborious
and prone to human annotation error. It was thus next explored, if like human learning,
previously learned tasks could be leveraged within a CNN workflow to coordinate learning
of additional finer classification tasks. Specifically, embodiments use CNNs to automate

retrieval of diagnostic areas from genomically-annotated WSI of glioblastomas (GBMs)
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found within the TCGA database. GBMs represent the most common primary brain tumor
type, represent over 80% of malignant primary brain tumors and, as a group, carry a
dismal prognosis. A small subset of histologically indistinguishable GBMs however, found
to carry IDH-mutations, show a superior prognosis compared to GBMs without IDH
mutations (IDH wildtype). This important molecular subdivision has led to a recent change
in glioma classification where GBMs are subdivided into 2 distinct clinicopathological
classes (GBM, IDH-mutated and GBM, IDH-wildtype). This new classification has created
challenges for neuropathologists at remote cancer centers, as costly and inaccessibly
sequencing technologies are often needed to definitively assess IDH status. If resolvable
morphogenomic correlates exist, it would allow for more widespread subclassification of
GBMs. 580 H&E stained digital WSI were obtained from the TCGA database and the
existing CNN was used to automate generation and selection of 179,470 lesional image
patches (1024 x 1024 pixel) and they were used to train, validate and test a CNN
classifier to distinguish the two genomically distinct GBM subtypes. Validation accuracy
reached a maximum of 86%. Testing using the best performing CNN vyielded a
classification accuracy of 73.4% with an AUC of 0.80 for 5641 test image tiles.

[0223] To further validate the performance of the IDH-classifier on another
independent cohort, a local collection of 14 |IDH-wildtype GBMs and 11 IDH-mutated
astrocytomas (1 Diffuse Astrocytoma, WHO grade Il, 4 Anaplastic Astrocytoma, WHO |II,
and 6 Glioblastomas, WHO IV) were used. This validation yielded a tile-level accuracy of
84.8% and AUC of 0.93 using 13304 tiles. At the case level, an accuracy of 92% and an
AUC of 0.98 was achieved. Visualization of the image features using -SNE reveals that,
in fact, CNN-driven morphologic analysis can objectively distinguish between these two
genetic types of astrocytomas (FIG. 27). This achievement highlights the utility of CNNs
at carrying out automated large-scale morphogenetic correlations and morphologically

distinguish between molecular-defined GBM subtypes.

Automated classification of an unselected cohort of WSI

[0224] Previous machine learning approaches in histology heavily rely on pre-
selected cases which limits generalizability. Embodiments can show the performance of
the workflow on a prospective set of 48 unselected routine H&E neuropathology cases,
as an example test. To maximize sampling of the inter- and intra-case diversity, when
available, up to 5 slides of any single case were included. Diagnoses and slide
descriptions rendered by a CNN are compared to a consensus diagnosis provided by 3

board-certified pathologist with extensive neuropathology training. Where possible,
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immunostaining was also used as an additional measure of the “ground truth”. For each
slide, a classifier generates three possible outputs: (i) a list of the amounts and types of
normal tissue types present, (ii) lesion type (e.g. if present) or (iii) signals uncertainty
(“undefined”). The classifier concurred with the pathologist final diagnosis in 70% of
cases. There was an error rate of 6% and a “undefined” class prediction of 24%.
Importantly, many of the slides classified as “undefined” represented tumor types that

have not yet been included in the CNN (e.g., Hemangioblastoma).

[0225] Embodiments described herein can provide an integrated and generalizable
tool for automated multi-class annotation of unselected WSI|. Embodiments described
herein do not require initial pathologist triaging or pre-selection of cases and carries out
classification on a diverse set of normal and lesional tissue types. Embodiments
described herein can integrate several visualization tools throughout training and
classification to illustrate how histology-based learning is stored and retrieved within
CNNs. Embodiments described herein can also incorporate measures of uncertainty to

reduce misclassification of challenging and untrained classes.

[0226] Embodiments described herein can provide a model in which autonomous
learning can occur in which higher-level CNNs form the basis to select training images for
more refined morphologic classification tasks. This approach proved effective at
uncovering morphologic features that distinguish GBMs with and without IDH-mutations;
a morphologic exercise largely considered futile to the human eye. Similar large-scale
initiatives may offer mechanism to discover additional cost-effective and timely
morphologic surrogates for costly and laborious molecular studies. The modular nature of
the classification architecture simplified integration of these novel classifiers.

[0227] Embodiments described herein can be expanded to include hundreds of
tumors classes and thus offers a highly generalizable approach to computer augmented
pathological workflows. Migration of these robust classifiers to a cloud based environment
could help provide subspecialist level neuropathology support to remote clinical and
research cancer centers could help reduce workload of pathologist and accelerate the

spread of precision and personalized medicine.

[0228] Example embodiments were tested using an example experiment.

[0229] Development of an image training set. Slides from a neuropathology service
were digitized on the Aperio AT2 whole slide scanner at an apparent magnification of 20x
and a compression quality of 0.70. A collection of 100 slides were reviewed to generate a
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growing list of common tissue types and lesions encountered in practice (FIG. 5). For
each tissue class, based on availability, a collection of 200-5,000 1024 x 1024 pixel
image patches were manually generated. For some classes, such as surgical material,
the small number of examples encountered did not allow us to reach this tile number. For
other more abundant classes, tile numbers were limited to 5,000 to avoid skewed
representation of specific groups that would lead to overfitting during training. As an
example, the focus was on lesional categories on the most common and important
nervous system neoplasm, including gliomas, metastatic carcinomas, meningiomas,
lymphoma, and schwannomas. A tile size of 1024 x 1024 pixels was chosen, to balance
computational efficiency while maximizing preveration of microscopic spatial architecture.
All tile annotations were carried out by board-certified pathologists.

[0230] FIG. 5 shows Inter- and Intra-slide tissue class variability in surgical
neuropathology challenging automation 500. The left most panel 510 shows whole slide
H&E-stained image of a glioblastoma containing a heterogenous mixture of tumor,
necrosis, normal brain tissue, blood and surgical material. The tumor comprises <30% of
the slide’s surface. Remaining smaller panels show common tissue classes often
encountered in routine pathology specimens. In this example, the common tissue classes
include normal tissue 520 (e.g., white matter, gray matter, cerebellar cortex, and dura),
nonlesional tissue 530 (e.g., necrosis, surgical material and blood) and lesional tissue
540 (CNS lesion types).This diversity, if not accounted for, can result in erroneously
classification errors (e.g., mistaking dura for schwannoma). Inclusion of these classes
allows for more accurate annotation of slides and improved lesion segmentation for future
classification tasks.

[0231] Convolutional neural network (CNN). The pre-trained VGG19 convolutional
neural network was used for lesion segmentation and classification. VGG19 is a 19-layer
neural network comprised of a number of repetitive 3x3 convolutional layers previously
trained on over 1.2 million images in the ImageNet database. This network architecture,
similar to other convolutional neural networks, outperforms other machine learning
algorithms at computer vision tasks such as classifying images containing 1,000 common
object classes. Importantly, VGG19 has a strong generalizability with ability to transfer
learned image features to other image classification tasks through fine-tuning with
additional task-specific images. To carry out this process, VGG19 was loaded into Keras
with a Tensorflow backend and retrained final three layers of the network using a
collection of annotated pathology images, 1024 x 1024 pixels in size. VGG19 was thus

retrained using 8 “non-lesional” object classes commonly found on neuropathology tissue
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slides: hemorrhage, surgical material, dura, necrosis, blank slide space and normal
cortical gray, white and cerebellar brain tissue. In addition to this, images tiles of the most
common nervous system tumor types (gliomas, meningiomas, schwanommas,
metastasis and lymphomas) were included either separately (13 class model) or as a
single common lesion class (for 9 class model). Both these 9- and 13-class models were
extremely robust at differentiating lesional image tiles from those containing “non-lesional”
tissue types. The respective training set was used to retrain and optimize final three
layers of VGG19 neural network and create tumor classifiers. In all cases, the best
preforming model was achieved after 300 EPOCHS and was applied to independent test
image tiles to evaluate performance. These CNN with training images, partitioned
into training and testing set in a 4.7:1 ratio, undergoes optimization through back-
propagation over a series of 300 potential epochs. The best performing model was
selected for further testing and validation. All steps including tile selection, annotation,
training and validation were automated using the Python programming environment using
the NVIDIA geforce 1080 titan Xp graphic processing unit (GPU).

[0232] Selection and training using molecularly-annotated glioblastoma image
cohorts. 862 whole slide H&E stained images spanning over 500 GBM whole slide
images were obtained from the TCGA database. For consistency, only images scanned
at 20x magnification with a compression quality of 0.70 were included in the analysis.
Each image was partitioned into non-overlapping image tiles (dimensions: 1024 x 1024
pixels) and lesional tiles were automatically selected using the previously optimized CNN
and a cutoff confidence score of >85% to avoid other tissue constituents such as blood,
normal brain and necrosis. Corresponding molecular information within the TCGA dataset
was then used to assign appropriate IDH-mutation status to each image. All cases
missing IDH information were excluded from the analysis. For simplicity, training to
discover morphologic features specific for IDH mutations was carried out at the tile-level.
A formal performance analysis was performed on an independent cohort of WSI, both
from remaining unused TCGA images and a smaller locally assembled image cohort
(n=25). IDH-mutation status of local cases was confirmed by immunohistochemistry and,
where appropriate, additional genomic sequencing.

[0233] To test the performance of a lesion classifier, a number of approaches were
used. Class annotations by CNN were compared to ones by a board-certified
pathologists. In addition to this, when possible, the microscopic distribution of IDH-

mutated gliomas, B-cell ymphomas and metastatic carcinomas predicted by CNNs were
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compared to corresponding immunohistochemical stains. 200 randomly selected negative
and positive areas were selected for ROC testing based on “gold standards” of either
pathological or immunohistochemical based annotations of lesions. The area under the
receiver operator curve (AUC) was calculated for the different tumor types. Validation
accuracy for this exercise reached 96% percent after 300 epoches. These results show
area under the curve of at least 0.96 for all tested classes.

[0234] t-SNE Visualization. In order to visualize image features distinguishing tumor
classes on a 2d plane, t-distributed Stochastic Neighbour Embedding (t-SNE) was used.
This was done for all classes (13-class model), lesion classes (5-class mode) or IDH-
mutation classes (IDH-class model). For an example 5-class, 13-class and IDH-mutation
t-SNEs, embodiments plotted a random selection of approximately 500, 1000 and 10000
image tiles for each class, respectively. However, within some of these selected tiles
were tiles incorrectly labelled or contained features of multiple classes, resulting in points
being placed in incorrect or sub-optimal locations. To remove these anomalous points, for
each point in the t-SNE, the nearest 300 points are reviewed to determine if the point is in
the correct class cluster. Unlike 5-class and 13-class t-SNE's, spacing between IDH-
mutant and -WT clusters was non-existent. As a result, removal of anomalous points was

not performed as it would lead to a loss of information.

[0235] t-SNE Tile and Slide Classification. The spatial distribution of new tiles was
used to carry out classification at the tile and WSI level. Specifically, the generated t-SNE
was leveraged to visualize where new image tiles lies. This allowed the ability to
determine what cluster (class) a tile belongs to or whether it is anomalous. Using the tile
images that were fed into the earlier -SNE, the new tiles are added and the t-SNE is
regenerated. Although the resulting t-SNE is slightly altered with the addition of new data,
the spatial structure and clustering of classes remains consistent. To classify one of these
new tile points, it was first determined if it is an automatic anomaly if it satisfies that there
are no surrounding points in a radius of 0.5 units. Its closest 25 neighbouring points were
inspected to determine if at least 85% of them fall into a single class. If condition is met,
this majority class ends up being the final classification otherwise it is labelled as an
anomaly. This ensures that there is a high chance that the tile truly belongs to said
Cluster.

[0236] For t-SNE classification on the slide-level, up to 100 random lesional tiles are
extracted. As a slide may be non-lesional, if less than 15 tiles are obtained, the slide was

flagged and the tiles were saved for manual inspection by a neuropathologist. Otherwise,
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using the above approach, the classes of each image tile was determined and if a specific
threshold distribution was achieved, that final classification was assigned to the slide. In
the event where such condition is not met, the most dominant class was provided as a
likely alternative if it contains at least twice as many associated tile points compared to
the next dominant class. If no suitable alternative is appropriate, the slide was classified
as “undefined”. These cutoff score were objectively set using a chi-square statistical test.

[0237] As an illustrative example, brain tumors represent a diverse group of diseases
with highly variable therapies and outcomes. A key way to predict how a tumor will
behave is by analyzing its specific morphologic features under the microscope. The
human eye, however, cannot reliably detect subtle differences and this qualitative
approach can lead to subjective disagreements among pathologists. This may also
explain why patients with the same diagnoses can experience dramatically different
outcomes. Although new “molecular” technologies can better differentiate between tumor
types, molecular testing is costly and oftentimes unavailable leaving doctors still reliant on

microscopic findings to make important clinical decisions.

[0238] Artificial Intelligence (Al) can allow computers to excel at analyzing images to
identify extremely subtle morphologic differences. A platform is proposed that takes
advantage of Al, and trains computers to objectively and quantitatively differentiate
between the microscopic features of different brain tumors.

[0239] Training involves exposing computers to a large series of images with known
clinical outcomes (diagnoses, survival, therapy response) to allow Al to ‘“learn”
microscopic patterns associated with these specific clinical events. Because computers
can process larger amounts of information than humans, they will be better able to predict
tumor behavior from their microscopic appearance. This Al-assisted approach can allow
improved differentiation of brain tumor types and offer more accurate predictors of
outcome and treatment response to patients. Such automated approaches are poised to
revolutionize personalized medicine efforts by providing accurate, cost-effective and
timely diagnoses that can guide further molecular testing and care. Importantly, these
computer algorithms can be shared across the internet, allowing patients even at remote
cancer centers to also benefit from the precision of computer-aided diagnostics.

[0240] There is growing interest in utilizing artificial intelligence (Al) to improve
efficiency and objectivity in pathology. Studies thus far have however largely focused on

relatively narrow classification tasks and pre-defined tissue specimens limiting
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generalization. To address this, a form of Al was leveraged, known as deep convolutional
neural network (CNN), to develop a workflow capable of handling the immense intra- and
inter-slide heterogeneity encountered in surgical neuropathology practice. The proposed
platform expands, improves and validates the performance of the annotation tool for

routine histomorphologic analysis of digital whole slide images (WSI).

[0241] The digital pathology platform 110 can leverage access to vast amounts of
well-annotated tissue specimens and digital pathology expertise to develop an automated
CNN-driven solution for surgical neuropathology. The digital pathology system 100 can
include a CNN-based hematoxylin and eosin (H&E)-slide classifier for neuropathology, a
CNN-based immunohistochemical stain classifier for neuropathology, integrated Al-
generated reports through combinatorial analysis of H&E and immunohistochemistry
classifications, and allow for the performance of this CNN-driven workflow to be evaluated

in a routine clinical setting.

[0242] An archival collection of clinically and genomically annotated brain tumor
cases can be converted into digital WSIs and used them to train a morphology-drive
image classifier. The optimized CNN-workflow can provide a dynamic solution capable of
recognizing a wide variety of lesion and normal tissue types at a speed of 5-20 minutes /
slide. It can make robust predictions of molecular-level features (e.g., IDH-mutations,
1p19q co-deletions in gliomas) and tumor subtypes considered indistinguishable to
humans. This strategy can be expanded to further train the CNN workflow on additional

tumor types and immunohistochemical staining patterns.

[0243] The CNN-workflow can be trained on many images, for example, >1 million
images, spanning the most common brain tumor classes. In addition to these classes,
quality control measures can be incorporated to avoid classification errors of previously
unencountered cases. This approach already yields robust results with >70% correct
diagnoses, <6% errors, and prioritizes currently “undefined” cases (24%) for human
review. The training set can be scaled to many more images, for example, >10,000,000
images, spanning >100 brain tumor classes to further improve performance.

[0244] Embodiments described herein exemplify a computerized platform capable of
providing early and objective preliminary diagnoses and triaging tumor cases for
subsequent molecular analysis. Acutely, this compact tool could begin to provide prompt,
intra-operative information to help tailor surgical resections and personalized therapies. In

the sub-acute setting, this efficient CNN-workflow will help relieve clinician workloads,
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reduce diagnostic work-up times, costs and subjective qualitative interpretative errors.
Migration of the generalizable and automated tool to a web-based platform aims to
revolutionize personalized medicine efforts by globally providing sub-specialist expertise
and molecular-level morphologic correlates in a timely, accessible and cost-effective

manner.

[0245] The personalization of medical care has substantially increased the diagnostic
demands, workload, and subspecialty requirements in pathology. The growing need to
sub-classify lesions into an expanding number of molecular subgroups and diminishing
healthcare resources challenges the efficiencies of traditional diagnostic pathology, and
risks physician burnout and diagnostic oversight. As a result, there is a growing interest in
leveraging artificial intelligence (Al) to augment the ability of pathologists to efficiently and
cost-effectively deliver on these mounting responsibilities.

[0246] Computer vision can be used in histopathologic image analysis. This can
focus on a narrow binary classification tasks late in the diagnostic work-up. Such focused
applications require pathologists to pre-select cases and specific slides for analysis and
thus limiting efficiency, scalability and generalization of Al-assisted diagnostics into
routine pathology workflows. Earlier introduction of Al-tools could however allow prompt
an autonomous initiation of appropriate ancillary studies and enable pathologists to focus
on reviewing and approving finalized and integrated interpretations. This exciting prospect
is however challenged by tissue specimens, such as those from neurosurgical resections,
that are often small, unoriented, and intermixed with varying amounts of intervening
normal, hemorrhagic and necrotic brain tissue (FIG. 5). Once lesions are identified,
further challenges arise, such as the need for prompt morphologic sub-classification to
facilitate cost-effective triaging of ancillary molecular studies to their appropriate clinical
context. This substantial inter- and intra-specimen heterogeneity can pose significant
challenges to even sub-specialized pathologists and make automation early in the

diagnostic process, especially using fairly narrow Al-approaches, difficult.

[0247] A form of Al known as deep convolutional neural networks (CNNs) can proving
capable of expert-level performance in a diverse array of pattern-recognition tasks.
Importantly, CNNs are free of handcrafted features and are purely data-driven allowing an
array of subtle and complex features to be resolved when sufficiently large training image
sets are assembled. Moreover, when given enough clinically and genomically well-
annotated training images, CNNs can learn to resolve subtle features, not reliably

discernible to the human eye. For example, Al-based tools can identify previously
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unappreciated morphologic features of non-small cell lung cancers that predicted survival.
More recently, CNN-based scanning for metastatic tumor foci in lymph nodes achieved
substantially lower false-negative rates than pathologists (26.8% vs 7.6%). With sufficient
training, CNN may similarly offer complementary, prompt and cost-effective surrogates of
molecular biomarkers in neuropathology (e.g., IDH1/2, 1p19q9 and MGMT status).
Similarly, they may provide novel predictors of response and help stratify patients to
personalized regimens (e.g., immunotherapy). Lastly, CNNs may offer cost-effective
quality assurance, consensus or a timely second opinion to facility safe medical practice
at smaller community centers.

[0248] Digital and computation pathology can be improved by leveraging clinical
resources and computational workflow to develop CNN-driven diagnostic tools for
neuropathology. If successful, this workflow could also expand to include other organ
sites. Integration of this generalizable Al approach aims to augment physician-led
diagnostic decision making and accelerate the spread of sustainable precision-based

tools for personalized medicine.

[0249] There is a clinical need to improve the efficiency, objectivity and cost-
effectiveness of the histomorphologic exam. Early integration and utilization of CNN-
driven classifiers will contribute to this need by providing prompt complementary analysis
and automated triaging of molecular testing in neuropathology. Digital pathology system
100 can provide improvements, including a CNN-based hematoxylin and eosin (H&E)-
slide classifier for neuropathology, a CNN-based immunohistochemical stain classifier for
neuropathology, integrated Al-generated reports through combinatorial analysis of H&E
and immunohistochemistry classifications, and allow for the evaluation of the

performance of this CNN-driven workflow in a routine clinical setting.

A CNN-based hematoxylin and eosin (H&E)-slide classifier for neuropathology

[0250] Histologic analysis lags behind more contemporary molecular tools in
precision-based diagnostics. Molecular tools are, however, not always readily available
and thus clinicians still often rely on histomorphology for clinical decision making.
Advances in a form of Al, known as CNNs, allow computers to excel at complex image-
based tasks. Early application of CNNs to the H&E exam could serve as an cost-effective
classification tool to facilitate prompt diagnostic interpretations and objective triaging of
follow-up immunohistochemical and molecular studies. This could revolutionize
morphology-based classification by rendering refined, rapid, objective and cost-effective

interpretations.
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A CNN-based immunohistochemical stain classifier for neuropathology

[0251] Many lesions cannot be resolved solely using H&E-stained tissue and require
ancillary immunohistochemical workup to reach a diagnosis. Downstream CNN classifiers
can be capable of interpreting common immunostains in neuropathology (i.e., IDH-
R132H, p53 and Ki67).

An integrated Al-generated reports through combinatorial analysis of H&E and
immunohistochemistry classifications

[0252] The efficiency of diagnostic workflows can be improved. Diagnostic
information extracted from H&E and immunostained sections can be integrated to
generate an Al-driven interpretive summary. These reports will allow efficient review,
approval, and if necessary, revision by the pathologist. This pathologist-lead Al-
augmented workflow also adds layers of quality assurance and is poised to not only
improve efficiency, but also reduce medical errors. These intuitive microscopic reports,
capable of being generated on each and every slide, also provide key information for
researchers using clinical samples for translational research.

Evaluate performance of this CNN-driven workflow in a routine clinical setting

[0253] Machine learning can be prone to systemic error (“overfitting”). This occurs
when learning is confined to a limited number of cases that are not representative of
‘real-world” examples. The performance and utility of digital pathology system 100 or
workflow can be validated as to its performance and utility using additional neuro-
oncology cases, whole slide image (WSI) sets from The Cancer Genome Atlas (TCGA),

and independent cancer centers.

[0254] Quantitative approaches can be developed to improve the vyields of
morphologic analysis. This could eventually allow for histologic correlates of specific
molecular changes, patient outcomes and treatment response. Toward this, automated
Al-based diagnostic workflows compatible with H&E slides can be developed as
described in example embodiments. A local cohort of 100,000 pathologist-annotated
image patches (1024 x 1024 pixels) that span a diverse array of 8 common tissue types
encountered in neurosurgical tissue specimens can be developed (FIG. 5). In addition to
these non-neoplastic tissue types, 5 common CNS tumors types can be included
(gliomas, schwannomas, meningiomas, lymphomas, metastases) that comprise >80% of
those encountered in a clinical neuropathology practice. These 13 classes can be used to
retrain the final layers of the image-based VGG 19 deep convolutional neural network and

-51 -



10

15

20

25

30

CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

create a brain tumor classifier. This 13-class CNN model reaches a validation accuracy of
over >96% on non-overlapping test image tiles demonstrating the potential of CNNs to
carry out extremely broad multi-class histopathologic classification tasks (FIGs. 6 to 9).
Automated tiling and annotation approaches can be used to rapidly expand the train
image set to >1,000,000 images. Additional classes and common immunohistochemical
stains can be included.

[0255] In an example embodiment, to summarize machine-based classification
decisions to the whole slide image level (WSI), a series of global visualization tools can
be integrated into digital pathology system 100 and workflow. Test WSI are first
automatically divided into a set of 1024 x 1024 pixel images. Histologic features detected
by the computer on each 1024 x 1024 pixel image are converted and displayed onto a
digital class activation map (CAM) summarizing the simultaneous spatial distribution of
the 13 trained classes. These tiles are then reassembled to generate a fully annotated
multi-class WSI (FIG. 6). These maps provide a global overview of distribution of different
tissue types (e.g., including lesions) identified and highly concordant with pathologist- and
immunohistochemically defined “ground-truth” (FIG. 6 (D), FIG. 7). Importantly, because
feature activation occurs at the “sub-tile” level, disease features at multiple levels of

maghnification are produced (e.g., infiltrative vs. circumscribed boards).

[0256] FIG. 9 shows examples of integrated summary reports for WSI generated
using deep neural networks 900. Panels A-B show integrated reports for a glioblastoma
(A) and hemangioblastoma (B). For each WSI (left most panel), a class activation map is
generated showing the location and relative prediction scores for all trained classes. The
highest scored classes (minus blank space) are ranked in box 902. Lesional areas are
also classified based on their distribution on a t-SNE plot (as shown in FIG. 8 (A)). Unlike
the predictions scores that force classification based on the trained classes, the t-SNE
classification allows unknown cases (e.g., B — Hemnagioblasotma) to be classified as
“‘undefined” and alert the physician or researcher to more careful examine the case.

[0257] Machine-based classification can use the average probability scores
generated from each class to assign a class (e.g., diagnosis). Although convenient, this
approach risks erroneous classification when untrained classes (e.g., tumor types) are
encountered (FIG. 9 (B)). To overcome this, a secondary classification system can be
used that analyzes the planar distribution of test image tiles on the #-distributed Stochastic
Neighbour Embedding (-SNE) plot of the trained CNN classifier (FIG. 8). By using the

‘undefined” space in between tissue classes, an “undefined” label can be conveniently
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assigned to tumor and lesion types that are atypical or not yet including in CNN training.
This 2-tiered approach to lesion classification substantially reduces erroneous
misclassifications. These different visualization tools and statistics can be integrated to
generate the framework of an integrated report for pathologist review (FIG. 9).

[0258] The preliminary performance of an example embodiment of digital pathology
system 100 can be evaluated on a prospective set of 50 randomly selected H&E slides
from neuropathology service. Comparing integrative classifications outputs to consensus
diagnoses reached by 3 board-certified neuropathologists at an example institution found
concordance in 70% of slides analyzed. In an example, there may be an error rate of 6%,
with the remaining cases (24%) flagged as “undefined” class prediction. Some of the
slides classified as “undefined” represented tumor types that were not yet included in an
example CNN (e.g. hemangioblastoma, FIG. 9(B)). Together these milestones represent
baseline metrics to monitor further refinements and improvements during the course of
the project.

Digital slide scanning and image set development.

[0259] H&E and immunohistochemistry stained slides can be digitized on the Aperio
AT2 400-slide whole slide scanner at an apparent magnification of 20x and a
compression quality of 0.70. All slides were anonymized and only identifiable by a study
identifier that is linked to diagnoses, demographic, clinical and molecular information
stored in a password-protected file. Immunohistochemical slide analysis can focus on the
most common stains (e.g., IDH-R132H, p53, Ki-67, ATRX, CD20, cytokeratins (CK7,
CK20), carcinoma transcription factors (TTF-1, CDX-2), Stat6, PR, and melanoma panel).
The majority of slides for training set development will be obtained for local archival
collections. To obtain 10,000,000 images, 10,000-15,00 slides can be scanned that span
5000 cases and >100 brain tumor classes. For more subtle “morphogenomic” correlates
(e.g., morophologic predictors of IDH-mutations and 1p19q codeletions), additional cases
can be retrieved from The Cancer Genome Atlas (FIG. 10).

[0260] FIG. 10 shows Molecular-level histopathologic classification of GBMs using
deep neural networks 1000. In panel A, the trained CNN may be used to automate lesion
detection and tile extraction from 580 WSI found within the TCGA-GBM database 1002.
Tiles are then annotated with their appropriate |IDH-status (or other feature of interest)
and used to train a new neural network to histologically distinguish between the two
molecular entities. In panel B, the t-SNE plot shows the planar representation of the final
CNN layer that was trained on cohorts of IDH-mutated (upper area of plot 1002) and IDH-
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wildtype GBMs (lower area of t-SNE plot 1004). Indeed deep learning approaches can
uncover reliable morphologic features that distinguish between these two molecular GBM
subtypes. Panels C-D show IDH predictions for new (test) cases carried out by overlaying
100 representative test tiles (dark diamonds 814) and assessing the distribution within the
trained t-SNE space (upper area of t-SNE plot = IDH-mutant 1002, lower area of t-SNE
plot = IDH-wildtype 1004). Examples of a IDH mutant (C) and IDH wildtype (D) test GBM
are shown. Note the consistency at the tile level within the same case. Panel E show
ROC curves displaying the sensitivity and specificity of this approach on 31 local and
independent GBM cases.

Convolutional neural network (CNN).

[0261] In an example embodiment, the pre-trained VGG19 convolutional neural
network can be used for lesion segmentation and classification (FIGs. 6 to 10). VGG19 is
a neural network comprised of a number of repetitive 3x3 convolutional layers previously
trained on over 1.2 million images in the ImageNet database. This network architecture,
similar to other convolutional neural networks, outperforms other machine learning
algorithms at computer vision tasks such as classifying images containing 1,000 common
object classes. Keras with a Tensorflow backend can be used to initially retrained the final
three layers of the VWG19 network using a collection of manually pathologist-annotated
collection of 100,000 neuropathology images. This process, known as transfer learning,
takes advantage of pre-learned features and finetunes node weightings within the
network to optimize classification of histopatholoic features. Training and classification
can be performed using image patches (tiles) comprised of 1024 x 1024 pixels (0.504
microns per pixel), a tile size that is large (e.g., larger than 299 x 299). In some
embodiments, this larger size excels at complex classification tasks by providing multiple
levels of morphologic detail (single cell-level and overall tumor structure) without
significantly affecting computation times (FIG. 7 (B)). There are other pre-trained CNN
architectures that can implement the classification, such as Inception V3, ImageNet (with
optimize weightings with new images), AlexNet, and so on.

[0262] This re-trained VGG19 reaches a validation accuracy of >0.96% when trained
to differentiate between 13 different tissue classes commonly found on neuropathology
tissue slides including hemorrhage, surgical material, dura, necrosis, blank slide space
and normal cortical gray, white and cerebellar brain tissue (FIG. 5, 6). In addition to this,
images tiles of the most common nervous system tumor types (glioma, meningioma,

schwanomma, metastasis and lymphoma) were included. Training images are specifically
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partitioned into training and testing set in a 4.7:1 ratio and training undergoes optimization
through back-propagation over a series of 300 potential epochs. The best performing
model is selected for further testing and validation. All steps including tile selection,
annotation, training and validation were automated using the Python programming
environment and accelerated using the NVIDIA geforce 1080 titan Xp graphic processing
unit (GPU).

Expansion of CNN workflow to accommodate additional classes.

[0263] In addition to annotating and classifying new slides, the diagnostic capabilities
of the system and workflow can be expanded using a fully automated training approach.
This process, which allows for automated extraction and annotation of lesional tiles, can
generate 100,000’s of image tiles for existing and new class types using previously
learned features and annotations found in accompanying pathology reports. Specifically,
the CNN can automate retrieval of diagnostic (“lesional”) areas and use these tiles
incorporate new classes into a workflow. For example, this can be used to automate
training of a CNN capable of differentiating between different molecular GBM subtypes
(IDH-mutant/wildtype). GBMs represent the most common primary brain tumor type and
as a group carry a dismal prognosis. A small subset of histologically indistinguishable
GBMs however, found to carry IDH-mutations, show a superior prognosis compared to
GBMs without IDH mutations (IDH wildtype). This important molecular subdivision has led
to a recent change in glioma classification where GBMs are subdivided into two distinct
clinicopathological classes (GBM, IDH-mutated and GBM, IDH-wildtype). To investigate if
these molecular subtypes could be differentiated using CNNs, 580 H&E stained digital
WSI from the TCGA database may be used to automate generation and selection of
179,470 lesional image patches (1024 x 1024 pixel) and used them to train, validate and
test a CNN classifier optimized at distinguishing between these two genomically distinct
GBM subtypes. Indeed, this approach yielded a test accuracy of 86% with an AUC > 0.97
on 31 independent local test cases (Figure 10). A similarly high testing accuracy of 84%
and an AUC of 0.98 can be reached for a local set of gliomas for a 1p19q co-deletion
classifier using a training set of 76,000 genomically-annotated images from the TCGA low
grade glioma dataset. The described automated approach can be used to rapidly expand
the CNN to resolve distinct tumor classes that are even indistinguishable to the human
observer. A resource housing a comprehensive slide cohort that spans the vast majority
of tumor types and classes with full genomic annotations and near complete clinical
follow-up as well as the automated approach to expand train images to reach over
10,000,000 image tiles that span the vast majority of diagnostic tumor classes in
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neuropathology. A similar approach where initial manual annotation are eventually
transitioned to an automated workflow can be used to train additional CNNs on the array

of immunostains used by neuropathologists.

[0264] The 9- and 13-class image classifier can be used to identify areas classified as
lesion (not normal) in the TCGA images and generate a sperate 2-class IDH-classifier
CNN. The 9- and 13-class CNN are used to generate new “lesional/tumor” tiles that reach
a prediction score of 85% (an example high cut-off), are taken to represent an area of the
slide with tumor. Diagnosis information (or molecular information or clinical information)
can be used to make new training classes and digital pathology platform 110 can use
deep learning to differentiate between the different tumor types/molecular subclasses in
TCGA. As an example, images can be used to develop a new CNN that can be
incorporated into the modular or hierarchical CNN approach. This means that the “IDH-
classifier” CNN is only activated if the previous CNN in the hierarchy classified the
particular slide a “glioma”. IDH mutations only really make sense in the context of
gliomas, so this CNN is only activated in a context specific manner. This same approach
could also be used to generate news images of new tumor class that can then be
incorporated into the 13-class CNN to make it 14-classes and so on.

Integrated Summary Outputs

[0265] To provide intuitive display output for pathologists and researchers, an
automated generation of a summary report for each slide analyzed can be provided. For
example, this can display the original WSI, an accompanying class activation map
(“heatmap”) showing where lesional tissue was identified, and summary statistics for each
identified class. The mostly likely diagnosis based on these prediction scores can be
displayed separately as a percentage (red box in FIG. 9). To reduce misclassification, a
second classifier which uses the distribution of lesion tiles on a ~SNE plot was also
developed. Cases where there is disagreement between the two methods are deemed
‘undefined” and signal the human interpreter to closely review the case.
Immunohistochemically interpretation for each immunostain associated with each slide
can be further integrated and can further refine the diagnosis. These integrated reports
can serve as a “second opinion” and as a preliminary report that can be reviewed and
approved by the pathologists. For researchers without formal pathology training, these
intuitive reports, provide key microscopic quality metrics (% tumor & necrosis) for

downstream molecular analysis.
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t-SNE visualization and classification.

[0266] In order to intuitively visualize computer vision and classification, training and
test images can be plotted on a 2-dimensional representation (f-distributed Stochastic
Neighbour Embedding (-SNE)) derived from the high-dimensional data stored within the
trained CNN. In an example experiment, this was done for either all classes (13-class
model), or the IDH-mutation classes (IDH-class model). For the 13-class and IDH-
mutation ~SNE, a random selection of approximately 500 and 10000 image tiles can be
plotted for each class, respectively.

[0267] For classification of new test WSI, the spatial distribution of a random selection
of 100 test tiles were used. This allowed the ability to determine what cluster (class) a tile
belongs to or whether it is anomalous (falls in between class clusters). The cumulative
distribution of up to 100 lesional tiles were used to provide an alternative diagnostic
readout for each WSI.

Biostatistics and Bioinformatics Analysis:

[0268] The performance of the CNN associated with digital pathology system 100 can
be continually assessed by several methods. For each new training experiment, new tile
sets are divided into non-overlapping training (70%), validation (15%) and test (15%)
sets. Training is optimized through back-propagation over a series of 300 potential
epochs and the best performing model then undergoes further testing on the test image
set. Only CNNs that achieve an area under the curves (AUC) of 0.9 and a tile-level
classification accuracy of 80% may be included into the workflow. These CNN classifiers
can then be further tested and validated on a completely new set of WSI from a
diagnostic neuropathology practice. Performance usually improves when it is assessed
and averaged over the WSI as compared to individual tile-level scoring. A similar
approach can be used to include and test additional morphologic, survival and molecular
sub-classes into a growing classification workflow (FIG. 10).

[0269] The external (“real world”) validity of a classifier may be tested continually on
perspective unselected cohorts of cases from an example diagnostic neuropathology
practice. This has been carried this out on 50 slides spanning 20 cases with good results.
Classification performance will be assessed with both classification accuracies (% cases
correct), and for common tumor types, where sufficient new cases can be accumulated,
using the area under the receiver operator curve (AUC) statistic (example: FIG. 10 (E)).
For more rare tumors, performance testing will be carried out at the tile level, sampled
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from available non-overlapping cases. This performance metrics will be assessed for
each 100 slides with previous test slide sets being incorporated into training image
repository to retain the CNNs and improve the accuracy and versatility of the workflow to
additional tumor types. To maximize sampling of the inter- and intra-case diversity, when
available, a maximum of up to 5 slides of any single case is included. Diagnoses and
slide descriptions rendered by the CNN are compared to a consensus diagnosis provided
by 3 board-certified neuropathologists. Confusion matrixes will also be generated to
understand, refine, and reduce specific mis-classifications. External validation of the
CNN’s performance through collaborations with independent cancer center may be
sought. To maximize generalization of the workflow to global centers, this will be carried
out remotely using a web-based classification tool (see e.g., FIGs. 43 to 45).

[0270] Appending additional classes to a single omnipotent CNN can dramatically
affect training and classification performance of already well-optimized classes.
Anticipating this, a modular architecture can be used where smaller more manageable
CNN components (e.g., IDH-mutation and 1p19q codeletion classifiers, FIG. 10) can be
arranged in a hierarchy to carry out sequentially more refined classification tasks in the
appropriate setting (e.g., following classification of a glioma). This multi-level, brain-
inspired approach, reduced the need for continual revalidation of robust and pre-learned
classification tasks and allows new learning tasks to be integrated and activated in a
context specific manner.

[0271] Digital pathology system 100 can incorporate critical context specific clinical
information (e.g., patient age, tumor location) into its classification algorithm. A more
multi-disciplinary and integrated workflow coupled with good human-based clinical
judgement can further improve classification scores. The system can serve to augment or
replace human-based clinical decision making in neuro-oncology. In some embodiments,
a pathologist can engage with system 100 to give final approval to create an effective
workflow that benefits from the high sensitivity of machine-based classifiers with the high
specificity of the sub-specialized and experienced human observer. At the level of
automation, the integration of multiple classification strategies have been found to further
help to resolve machine-based diagnostic discrepancies by allowing only the most robust
classifications to survive the multistep analysis (FIG. 9).

[0272] The CNNs and system can be housed on a web-based environment to allow
for future trans-Canada and international collaborate validation efforts of the classification

tools. This can mitigate any systematic errors arising from training on limited datasets.
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The performance of the classifier can be further evaluated on the large and diverse
datasets of TCGA.

[0273] Even in the molecular era, histopathologic analysis continues to play an
important role in optimizing care for the majority of brain tumor patients. Histopathology
is, however, long overdue for innovations that can yield more objective, timely, and
personalized diagnostic information. To address this gap, digital pathology system 100
can be used and the system 100 does not require initial pathologist triaging or pre-
selection of cases and carries out classification on a diverse set of normal and lesional
tissue types with extremely rare misclassifications. Several visualization tools are
integrated to allow final human review and approval of computer driven decision making.
These outputs also provide intuitive detailed analysis of tissue specimens that could also
allow researcher to ask novel basic and translational research questions. For example, in
addition to classic morphology-based classification of brain tumors, the automated
approach allows for morphogenomic correlations and training on clinically annotated and
actionable variables (e.g., response to specific treatments). The system 100 can
leverages existing diagnostic material and stand to provide a tangible and sustainable
impact to personalized medicine with minimal changes to clinical workflow or additional
financial investment. For example, the system 100 may can allow for the discovery of
novel cost-effective and timely morphologic surrogates of molecular biomarkers. This
offers a highly practical way to manage the rising cost of molecular testing. The system
100, including CNNs, be expanded to other tumor types and thus offers a highly
generalizable approach to large-scale morphologic (phenotypic) analysis of cancer for
both basic and translational research. Migration of these robust classifiers to a cloud
based environment could help provide subspecialist level neuropathology support to
remote clinical and research cancer centers that may not have dedicated
neuropathologists. Lastly, the system 100 and CNNs may also act as a generalizable tool
that can be used to help reduce pathologists’ heavy workloads and errors while also
outputting novel morphologic correlates that can accelerate stratification of patents to
personalized therapies.

[0274] Diffuse gliomas, as a group, represent the most common brain tumours and
carry a remarkably variable clinical course. Some rapidly evolve, while others remain
relatively stable for years before progression. Precise risk stratification is thus essential
for personalized management. Historically, diffuse gliomas have been classified using a
defined set of histologic criteria, focused on cell morphology and features of malignancy.
First, they are subdivided into tumors resembling native astrocytes (astrocytomas),
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oligodendrocytes (oligodendrogliomas) or both (oligoastrocytomas). Low and intermediate
grade lesions (World Health Organization (WHO) grade II-lll) show nuclear atypia and
mitotic activity, respectively. Histologically higher grade tumors show necrosis and/or
microvascular proliferation (WHO grade IlI-IV). Unfortunately, this classification system

suffers from documented subjective inter-observer variability.

[0275] More recently, large-scale genomic efforts have recovered biomarkers that
more precisely differentiate between prognostic classes of gliomas. As a result, gliomas
are now defined based on mutations in isocitrate dehydrogenase genes (IDH1/2) and
presence of 1p/19q co-deletions, to include: (i) IDH-wildtype (IDH-w{) astrocytomas, (ii)
IDH-mutated (IDH-muf) astrocytomas, and (i) IDH-mut, 1p19q co-deleted
oligodendrogliomas. This classification system better predicts clinical outcomes and
treatment response than traditional histologic assessment. For example, among high
grade astrocytomas, anaplastic astrocytoma (WHO grade Ill) and glioblastoma (GBMs,
WHO grade 1V), IDH mutations are favorable and stronger predictors of prognosis than
WHO grading. Similarly, the clinical behavior of “oligoastrocytomas” is more precisely
defined based on their IDH1/2 and 1p/19q co-deletion status. These findings have led to
a recent revision in the WHO glioma classification system.

[0276] This new classification system is not without challenges. IDH-muf gliomas are
relatively rare (5-10%) and not all captured by immunostaining (a-IDH1-R132H). This,
therefore, necessitates IDH1/2 sequencing in a large number of negative cases. Similarly,
due to potential false positives, assessment of 1p19q co-deletion by florescence in situ
hybridization (FISH) is now being replaced by more costly technologies (e.g., array CGH).
As the number of personalized biomarkers rise (e.g., MGMT promoter hypermethylation),

the financial constraints of healthcare, make routine multi-OMICS testing difficult.

[0277] Another remaining challenge is the need for improved risk stratification among
the most common glioma subtype, IDH-wf GBMs. The clinical heterogeneity of GBMs
cannot yet be well accounted for with genomic biomarkers. For example, while most IDH-
wt GBMs follow an aggressive course (baseline survival (IDH-wi GBMs-BS): <12
months), a clinically relevant subset, comprising ~20% and 7% of patients, will survive
beyond 3 and 5 years, respectively. This latter group, collectively defined as long-term
survivors (IDH-wf GBMs-LTS), however are not yet accurately resolved by a current
clinical (e.g. tumor location, extent of resection, age, sex), histologic and genomic

classification systems. Given the similar frequency and favorable outlook these patients
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share with IDH-mut GBMs, analytical models to predict long-term survivors (LTS) in IDH-

wt GBMs would represent a significant milestone for personalized care.

Need for protein-based glioma biomarkers.

[0278] The following is an example application. One challenge facing gene-based
biomarker discovery is the assumption that the genomic landscapes of tumors closely
mirror their proteomic (and functional) phenotypes. Proteogenomic studies in colorectal,
breast and ovarian cancer, that superimpose proteomic and genomic data, now show that
protein abundance cannot as yet be accurately inferred from DNA- or RNA
measurements (r = 0.23-0.45). For example, although copy number alterations (CNA)
drive local (“cis”) mRNA changes, relatively few translate to protein abundance changes.
In ovarian cancer, >200 protein aberrations can be detected from genes at distant
(“trans”) loci of CNA and are discordant with mRNA levels. These discrepancies are
ominous, as KEGG pathway analysis reveals that these changes are involved in invasion,
cell migration and immune regulation. Consequently, it is perhaps not surprising that
these proteomic signatures outperformed transcriptomics for risk stratification between
short (<3 yr) and long term survivors (>5 yr). There is a strong need for more proteomic
approaches in precision and personalized medicine.

[0279] There is promise in protein-based sub-classification of GBMs. For example,
the levels of 171 proteins can be analyzed by reverse phase protein arrays (RPPA) in 203
IDH-wt GBMs from The Cancer Genome Atlas (TCGA) dataset. Using this data, a 13
protein panel can be developed that can define a novel cohort of patients with a
significantly more favorable outcome, not identified by TCGA’s concurrent genomic
efforts. Focused RPPA-based panels suggest that additional protein-based biomarkers
exist and await discovery. For example, more global protein-based analysis using liquid
chromatography tandem mass spectrometry (LC-MS/MS) of a small number of GBMs
(n=10) can highlight a much larger proteomic landscape (4,576 proteins) in GBMs.
Extension of such MS-based approaches to a larger set of GBMs offers an attractive
avenue to uncover novel prognostic predictors in diffuse gliomas, and specifically in IDH-
wt GBMs-LTS.

[0280] MS-based proteomic analysis is however also not without limitations. Relying
on frozen tissue may often be limited from small GBM biopsy specimens. This presents a
unique challenge and a significant bottleneck for largescale MS-based studies of less
common glioma subgroups. Furthermore, laborious fractionation steps, to improve

proteomic coverage, considerably compromise sample throughput and limit clinical utility,
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with leading consortiums needing 10 months of machine time to run ~100 samples.
Proteomic efforts thus need to be re-examined in the context of protocols that can
produce timely results, and are compatible with readily available formalin fixed paraffin
embedded (FFPE) tissue. To overcome this, an abbreviated FFPE-based liquid
chromatography tandem mass spectrometry (LC-MS/MS) proteomic protocol can be
used. This optimized assay can potentially generate clinically relevant signatures from
minute amounts of microscopically defined tissue with turnaround times of <48-72 hours.
This provides a substantially improved throughput and a less resource-intensive
alternative to other molecular approaches. This approach, therefore, also has significant
and immediate translational potential as a novel tool for precision and personalized
medicine. This is an example application and embodiments described herein are not

limited to this example application.

Refining histologic classification of diffuse gliomas.

[0281] Morphologic classification of gliomas remains a valuable tool when molecular
testing is not available or financially feasible. In the acute setting, surgeons often need
urgent (~5-10 min) intra-operative tissue diagnoses with significant implications for the
remaining surgery (e.g., extent of resection). Sub-acutely, histologic analysis is a vital
time and cost-saving tool to triage molecular assays (e.g., FISH) to appropriate clinical
contexts. In these scenarios, morphologic interpretation also offers timely information,
with which the neuro-oncology team can begin therapeutic planning. Similarly, when only
minute amounts of tissue can be safely biopsied, accurate histologic interpretation
becomes the chief tool to guide patient care. The emergence of data-rich molecular
studies has, however, diminished the perceived value of morphologic analysis. As a
result, innovative applications of morphology to precision medicine significantly lag behind

their molecular counterparts.

[0282] To resolve this disparity, artificial intelligence (Al)-based algorithms can be
used to define robust histologic correlates of molecular alterations and biological behavior
in diffuse gliomas. Specifically, a form of Al known as convolutional neural networks
(CNNs) is proving capable of complex expert-level decision making such as diagnosing
skin lesions with dermatologist-level accuracy. Unlike the simplified diagnostic algorithms
used by pathologists to minimize inter-observer variability, CNNs deconstruct images into
pixels and then sequentially aggregate them to form shapes (e.g., lines) and specific
features (e.g. nuclei) for objective classification (FIG. 18). When given enough clinically

and genomically well-annotated training images, CNNs can learn to resolve subtle
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features, not reliably discernible to the human eye. For example, Al-based tools, when
trained with images of non-small cell lung cancers found in The Cancer Genome Atlas
(TCGA), can identify novel morphologic features that predict survival. CNN-based
scanning for metastatic tumor foci in lymph nodes achieved substantially lower false-
negative rates than pathologists (26.8% vs 7.6%). With sufficient training, CNN may even
offer complementary timely and cost-effective surrogates of molecular biomarkers (e.g.,
IDH1/2, 1p19q and MGMT status) for certain cases. Similarly, CNNs may help identify
predictive histologic features of responders and help stratify patients to personalized
regimens (e.g., immunotherapy). Lastly, CNNs offer a cost-effective quality assurance,
consensus or a timely second opinion to smaller community centers. CNN-aided
pathologic analysis thus offers a promising tool for global implementation of a sustainable
personalized medicine program.

[0283] There is a clinical need for novel, cost-effective approaches to routinely
prognosticate and predict biological behavior in GBMs. As an example, defining the
downstream phenotypic landscape (proteomics and histomics) of gliomas will contribute
to this need. LC-MS/MS and CNNs can be used to identify proteomic and morphometric
(“histomic”) glioma biomarkers. Given the direct role that proteins play in biological
function, this analysis also aims to offer insight into novel and effective therapeutic targets
in subgroups of GBMs.

[0284] A clinically relevant LC-MS/MS tool for risk stratification in GBMs can be
developed. Risk stratification in GBMs can include prognostic significance or clinical
outcomes that correspond to the different molecular signatures of sub-groups and the
proteomically distinct sub-classes of those sub-groups. LC-MS/MS is well-suited for this
risk stratification in GBMs. Machine learning can be used to identify glioma subgroups.
Machine learning can also be used to uncover new molecular as well as proteomic
signatures that correspond to given clinical outcomes of interest and biologically distinct
or genomically defined glioma subgroups (e.g., IDH-wt GBMs-BS, IDH-wt GBMs-LTS,
IDH-mut, etc.).

[0285] Proteomics is used as a tool to understand the molecular biology of GBMs
better. As an example, Al and machine learning is used to correlate molecular signatures
(e.g., proteins) to clinical outcomes.

[0286] A CNN-based histologic classification tool for diffuse gliomas can be

developed. This classifier can predict clinical outcome as well as identify genomically
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defined glioma types (e.g., IDH-wt GBMs-BS, IDH-wt GBMs-LTS, IDH-mut, etc.) given
images of digital slides. In an example, deep learning is used to predict clinical outcome
and glioma subtypes from digital images.

[0287] A clinically relevant LC-MS/MS tool for risk stratification in GBMs can be
developed. There is a current dearth of biomarkers for the common IDH-wt GBMs.
Emerging proteogenomic studies now show that downstream protein signatures of
neoplasms are strong predictors of biological behavior. Gliomas, and specifically IDH-w¢
GBMs, may thus benefit from a broad proteomic analysis. A rapid FFPE-compatible
proteomic platform may be optimized in a manner that is useful in the prompt
differentiation between different brain tumor and glioma types. Embodiments can use the
abbreviated LC-MS/MS method to study and sub-classify a larger set of GBMs.

[0288] There is an interest in molecular refinement of classic definitions of
neuropathological processes. Novel strategies to interrogate biologically defined
subpopulations of cells should be developed. An FFPE-based proteomic workflow can be
optimized that leverages clinical expertise and access to extensive archival clinical
material. For example, this strategy can be to study dynamic proteomic changes within
the developing fetal brain and identified novel protein signatures of brain development

and related pathologies.

[0289] The approach can be optimized to FFPE tissue and can use reduced laborious
fractionation steps to improve throughput and cost-effectiveness. In short, tissue lysates
can be prepared from strategically selected, well-defined anatomical regions and
developmental milestones of the fetal brain. These well-annotated regions can then be
analyzed by label-free shotgun LC-MS/MS (ThermoFisher Q-Exactive Plus) to define
spatiotemporal proteomic signatures of development. The protocols can routinely yield
>2,200 quantified proteins from dissected regions of 30 ym thick sections that mirror the
well-accepted function of the anatomical and developmental coordinates. Hierarchical
clustering of proteomic signatures allows accurate spatiotemporal classification of
anatomical regions and discovery of novel biomarkers. Importantly, quantitative
measurements using this approach can show strong concordance with orthogonal
immunohistochemical methods.

[0290] The validated workflow can be translated to a set of common brain tumors.
This includes IDH-wt and IDH-mut GBMs, IDH-mut 1p/19q co-deleted

oligodendrogliomas, meningiomas, and medulloblastomas (n=21). Indeed, the developed
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preliminary signatures differentiate between brain tumor types. Importantly, hierarchical
clustering shows reliable differentiation between IDH-muf and IDH-wf tumors.
Achievement of these technical milestones highlights capabilities to profile a large set
(n=200) of gliomas and define novel molecular subgroups for improve risk stratification.

Example Experiments

[0291] Example embodiments were tested using an example experiment.

[0292] Recruitment and Curation of a Glioma Cohort. A locally established and
clinically well-annotated cohort of diffuse gliomas enriched for IDH-wf GBMs-LTS was
leveraged. This is a clinically distinct and currently molecularly undefined class. This
cohort can allow assessment of potential proteomic differences in IDH-wi GBMs with
baseline or long-term survival (BS vs. LTS) and other glioma types. Multi-OMIC genomic

profiling efforts and a large neuro-oncology service can creates a unique resource.

[0293] The cohort includes an appropriately powered set of 200 diffuse gliomas. All
cases represents initial treatment-naive tissue resections and include 25 IDH-mut low
grade astrocytomas, 25 |IDH-mut GBMs, 25 IDH-mut 1p/19q co-deleted
oligodendrogliomas, and 125 IDH-wf GBMs. IDH-wt GBMs have a median survival (MS)
of 12-15 months, while IDH-mut GBMs (MS: 30 months), low grade astrocytomas (MS: 60
months) and oligodendrogliomas (MS: 10-15 yrs) have much longer, non-overlapping
survivals. These latter tumors thus serve as strong positive controls for identifying risk
stratification signatures in an example cohort. The IDH-wf GBM cohort has similar
treatment and demographic parameters but stratified to include substantially divergent
overall survival. Patients with an overall survival (OS) of <12 months will be classified as
GBMs with baseline survival (GBMs-BS, n>25), while patients with an overall survival of
>36 months will be classified in the GBMs with long term survival (GBMs-LTS, n>25)
groups. Twenty-five cases of both BS and LTS have been defined. An additional 75 IDH-
wt GBMs can be recruited from a tumor bank. The companion cohort of IDH-wf GBM-BS
can be stratified, from the much larger pool of available cases, to match for other clinically
relevant variables (age, sex, and location, extent of resection, molecular subgroup,
treatment regimen and MGMT status). This approach will help to significantly reduce
confounding variables. All cases are reviewed by board-certified neuropathologists to
ensure that cases have >80% viable tumor and the appropriate molecular diagnosis. A

larger validation cohort can be used.
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[0294] Proteomic Profiling: The optimized LC-MS/MS workflow can be used to
profile and define proteomic signatures of 25 IDH-wf GBMs-BS, 25 IDH-wf GBMs-LTS, 75
additional IDH-wt GBMs, 25 IDH-mut GBMs, 25 IDH-mut low grade astrocytomas, and 25
IDH-mut 1p/19q co-deleted oligodendrogliomas (200 cases total). From a technical
perspective, the LC-MS/MS proteomic profiling approach will mirror the optimized
protocol described above. The abbreviated approach is fully compatible with this goal as

>250 samples have already been profiled this past year alone.

[0295] Biostatistics and Bioinformatics Analysis: Proteomic profiles of the diffuse
gliomas cohort can first be analyzed using an unsupervised clustering approach (Perseus
software) to uncover molecular signatures of biologically distinct glioma subgroups.
Consensus and X-means clustering can be used to establish the optimal number of
glioma subgroups. In addition to the IDH-mut glioma types, this analysis can also identify
proteomically distinct sub-classes within the larger (n=125) IDH-wf GBMs cohort. The
prognostic significance of these subgroups can then be assessed through Kaplan-Meier
analysis. Whether particular proteomic subgroups within the dataset enrich for known
biomarkers of diffuse gliomas, such as MGMT promoter methylation, IDH1/2 mutation

and 1p19q co-deletion status, can also be evaluated.

[0296] These proteomic sub-groups may also represent gliomas driven by pathways
amenable to pharmacological inhibition. Gene Ontology and gene set enrichment
analysis (GSEA) will thus be used to predict driver pathways that may serve as promising
targets for personalized therapeutic interventions. This approach has already proven
effective in a workflow with a 94-fold increase in detection of downstream targets (e.g.,
NAB2/STAT6) of the Early Growth Response 1 (EGR1) driver pathway in solitary fibrous

tumors compared to other brain tumor types.

[0297] Prognostically favorable proteomic signatures may exist, independent of these
self-organizing biological subgroups. The data can be reanalyzed using a more intensely
supervised approach, based on the clinical outcomes groups outlined above (BS vs. LTS
in IDH-wf GBMs). Machine learning algorithms can be used to develop protein-based
prognostic classifiers. For this analysis, IDH-wt GBMs can be assigned into training and
test sets for prognostic biomarker discovery and model testing. The training set serves to
develop and optimize various classification models. The best preforming model can be
applied to the test set and assessed by calculating the area under the receiver operative
characteristic curve (AUC). Signature development employs feature-selection on a mix of

discrete and discretized variables, followed by aggregation using hyperparameter-
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optimized RandomForest learners with bootstrapping to optimize model selection (R-

package, Python).

[0298] Pilot data reveals that the standardized patient-to-patient variance of individual
protein abundance measures (u,=1) have an average standard deviation (o) of 1.34. An
example minimum sample size (n=25 per group), therefore, provides sufficient statistical
power (Power=0.8, G.,,=0.000025, Bonferroni-corrected) to detect prognostic biomarkers
with a minimal protein abundance change of 2.95 fold. In fact, the assay can identify
larger protein abundance changes (e.g. >60-fold enrichment of the putative neural stem
cell marker Filamin C (FLNC)) between IDH-mut and IDH-wt GBMs.

Example Alternative Approaches.

[0299] This investigation can generate unique phenotypic information that can serve
as a springboard for novel, unexplored hypotheses in gliomas and particularly in IDH-wt
GBMs.

[0300] It can also possible that additional subtype-specific signatures may not be
clearly identifiable in a IDH-wf GBM cohort using an abbreviated FFPE-based approach.
In this case, there are a number of alternative approaches to achieve success. For one,
inclusion of a small number of fractionation steps can increase proteomic coverage and
identify additional biomarkers. Furthermore, use of frozen tissue can also be explored if
biomarkers are not initially identified in FFPE samples. However, the benefits of using a
rapid and cost-effective FFPE-based assay is preferable. The dramatic proteomics
differences of IDH-wf and IDH-mut GBMs serve as an example.

[0301] The use of “data independent analysis” (DIA) can improve the yields of a
shotgun LC-MS/MS workflow. This approach includes construction of a large protein
library that is run concurrently with the samples of interest. Such an approach can provide
marked improvements in the consistency and coverage of the proteins identified, without
the need of fractionation steps. Incorporation of such methodological advancements
offers additional solutions to potential pitfalls, while still maintaining the strengths of the

example workflow.

Impact:

[0302] The discovery of IDH1/2 mutations revolutionizes the clinical practice of
modern neuro-oncology. There are, however, still molecularly undefined groups of GBMs
(e.g., IDH-wt GBMs-LTS) of equal prognostic significance. Discovery of biomarkers for
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this latter group can therefore improve risk stratification in a similar subset of GBM
patients. Largescale MS-based analysis can highlight the potential of proteomics at
improving prognostication in a variety of cancer types. The optimized FFPE-based LC-
MS/MS workflow aims to translate this promising technology to diffuse gliomas, and
particularly, IDH-wf GBMs. Similarly, a generalizable, cost-effective and rapid precision-
based tool may be introduced for cancer care that can be easily translated into the

current FFPE-based clinical workflow.

[0303] A CNN-based histologic classification tool for diffuse gliomas can be
developed. Histologic analysis lags behind more contemporary molecular tools in
precision-based diagnostics. Molecular tools are, however, not always readily available
and thus clinicians still often rely on histomorphology for clinical decision making.
Advances in a form of Al, known as CNNs, now allow computers to excel at complex
image-based tasks. A CNN-based brain tumor classifier has been developed as
exemplified in embodiments described herein. This tool can be applied to a larger set of
diffuse gliomas to identify novel histologic (*histomic”) predictors of molecular changes
and outcomes. This can revolutionize morphology-based classification of diffuse gliomas
by rendering refined, rapid, objective and cost-effective interpretations.

[0304] Histomic correlates of specific molecular changes, patient outcomes and
treatment response can be defined. Toward this, an automated and precise Al-based
diagnostic workflows compatible with hematoxylin and eosin (H&E)-stained slides is
developed. In short, neuropathologist (P.D.) annotated digitized slides are used to train
CNNs to analyze cell morphology, highlight regions of interest and carry out histology-
based brain tumor classifications (FIGs. 5 and 6). From each digitized slide, >200-2000
unique and diagnostic “image patches” (1024x1024 pixels) are extracted to form a robust
training set for machine learning. These images are used to retrain the VGG19 CNN
image classifier using the Python programing language. For example, this workflow can
train CNNs to differentiate between a pilot set of 12 different brain tumors types (FIG. 22).
The CNN includes >30,000 pathologist-annotated images of brain tumors. Training with
even this relatively small number of pilot images shows promise, with classification
accuracy of 95% of test images spanning a diverse array of brain tumors and AUC of
over >0.96 for a number of different binary classification tasks. Furthermore, the workflow
is automated to allow for streamlined Al-based slide annotation, lesion detection and
classification (FIG. 6). These technical milestones allow for training with a larger set of

clinically-stratified gliomas. The CNN can be trained to include >10 training images
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spanning all glioma types, to allow predictions of not only cell-of-origin, but also molecular

and clinical parameters.

[0305] Example embodiments were tested using an example experiment.

[0306] An existing clinically and molecularly annotated glioma cohort (n =200) was
levered. H&E slides (1-2 per/case) from each case was digitized and used to train the
CNN and to assess its performance as a glioma classifier. To reinforce training of a digital
cohort, the open access TCGA digital slide archive can be used. This includes digital
slides from both low-grade gliomas (TCGA-LGG, n=516) and glioblastomas (TCGA-GBM,
n=605) with corresponding diagnoses, molecular and clinical information. This can
provide well over >1,000,000 image patches for robust training and feature extraction. A
hold-out test set can then be used to assess if the CNN can resolve subtle but objective
morphologic differences between gliomas with varying IDH-mutation, 1p/19q co-deletion

and MGMT promoter methylation status.

[0307] In another example 28 TCGA lung adenocarcinoma cases were used to
generate another cohort consisting of 1024 x 1024 pixel tiles from various microscopic
features seen in lung tissue specimens. Following training of the VGG19 CNN using this
cohort of images, our classifier reached a training accuracy of over 95%. As illustrated in
FIG. 46, classes included ‘adenocarcinoma’, ‘alveolar tissue’, ‘stromal tissue’, and ‘blank’.
Excellent separation between individual tissue types is demonstrated on a clustered t-
SNE plot, with performance characteristics listed just below plot (A) 5410. Further quality
control and differentiation of the different classes is highlighted by the dendrogram
demonstrating hierarchical clustering of tissue images to their appropriate branch (B)
5420. A heat map depicting clustering of 512 individual features (horizontal axis) for
training classes (vertical axis) is shown in (C) 5430. This provides a complementary
visualization of the data stored within the CNN. Overall the wide distribution of classes
once again allows us to classify lung tumors using our t-SNE approach. This highlight the
generalizability of our approach beyond just brain tumor cases.

[0308] In addition to training the CNN to differentiate between genomically defined
glioma types, correlation with novel proteomic subgroups can also be assessed. Similarly,
the CNN can be used to potentially differentiate IDH-wt GBMs with diverse clinical
outcomes (BS vs LTS). This can also be applied to different types of lung cancer.

[0309] Slide Scanning and Training Set Development: A high-throughput digital
slide scanner can be used to digitize a cohort @ 40X resolution (>400 slides). All slides
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can be anonymized with identifying patient information removed from images. These
slides can only be identifiable by a study identifier that in linked to demographic and
molecular information in a password-protected file. Additional cases can be prospectively
selected and scanned when assessing the performance of the classifier in a clinical
setting. >200-2000 pathologist-annotated images (patch size: 1024x1024 pixels) can be
extracted from each slide using Aperio ImageScope software.

[0310] Development and Training of Glioma CNN: The CNN is constructed using
the open source Python programing language and utilizes the Tensorflow and specifically
the InceptionV3 architecture, an extensively pre-trained CNN-based image-classifier. To
remove systemic variation in images that may erroneously affect tumor classification,
each “image patch” first undergoes several random alterations (e.g., 90° rotations,
changes in brightness/saturation). A glioma CNN can be trained on >1,000,000 image
patches. Although training can take some time (hours-days), once trained, CNNs can
classify images within seconds. The glioma CNN can be housed in a cloud-based

environment, to allow it to function as a global referral tool for remote cancer centers.

[0311] Biostatistics and Bioinformatics Analysis: The performance of the CNN
can be assessed by several methods. A test set of randomly selected cases can be
created from an original local cohort (size: 10% of training set) generated using a 10-fold
cross-validation approach. This testing includes calculating various areas under the
curves (AUC) and “%-correctly classified” for all diagnostic, survival and molecular
classes detailed above. All slide classifications use an “unbiased” automated and global
approach that first localizes abnormal tissue on the slide and takes an average of
classifications from CNN-defined lesion areas (See FIG. 6). A similar approach can be
used for the low grade gliomas and GBMs in the TCGA datasets. These freely available
online images come with substantial amount of clinical and molecular information and
allows evaluation of the CNN’s ability to predict specific molecular changes and survival
from morphologic features. Specifically for this, an assessment can be made to determine
if the CNN can better predict IDH and 1p19q co-deletion status in pathologically
ambiguous “oligoastrocytomas”.

[0312] The external (“real world”) validity of the classifier can also be assessed with
prospective cases from the diagnostic neuropathology practice. For this, the performance
of the CNN can be intermittently (quarter-year) evaluated against current diagnostic
workflow. Specifically, this can include scanning and evaluating the CNN’s classification

performance on all gliomas cases. This can allow assessment of the potential improved
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efficiency and impact (e.g., faster preliminary diagnosis, performance with frozen sections
and predicted molecular changes). Lastly, the CNN’s performance can be validated at an
independent center.

[0313] Machine learning can sometimes be prone to systematic errors when trained
on small datasets, that limits applicability to “real-world” examples. However,
improvements in computer processing power (e.g., use of GPUs) can accommodate
larger, more complex training sets that overcome these limitations. These advances and
the digital pathology system 100 can tune the CNN to perform well in diverse
environments. Similarly, the use of both local and public (TCGA) image sets help mitigate
systematic digitization errors and artifacts. The CNN algorithm can incorporate critical
clinical data for classification (e.g., imaging, age, location). A more multi-disciplinary and
integrated workflow, coupled with good human-based clinical judgment, can further
improve the CNN’s classification scores. The classifier can be a completely autonomous
Al-based classifier. Other areas of neuro-oncology (e.g., radiology) can be incorporated
into the Al-workflow. Such a synergism of multidisciplinary data can even uncover
improved multi-parametric algorithms for risk stratification.

[0314] Impact. Even in the molecular era, histopathologic analysis continues to play
an important role in optimizing care for the majority of brain tumor patients.
Histopathology is, however, long overdue for innovations that can yield more objective,
timely, and personalized diagnostic information. The digital pathology system 100
including one or more CNNs can address this gap. Specifically, the trained CNN can
provide prompt, intra-operative information that neurosurgeons can use to tailor surgical
resections. In the sub-acute setting, the CNN can provide timely and valuable information
to help triage molecular tests, reduce diagnostic work-up times and improve accuracy.
This is critical in smaller oncology centers that may not have dedicated neuropathologists.
Lastly, the CNN may also act as a generalizable tool that can be used to identify novel
morphologic predictors of response and help stratify patents to appropriate and
personalized therapies.

[0315] Digital pathology system 100 applies new technologies and analytical methods
to resources to generate precise and personalized risk stratification algorithms for GBM
patients. The multi-parametric analytical models also allow for incorporation of key
demographic variables (e.g., age and sex). Furthermore, this helps development of global
protein-based signatures of GBMSs, a highly relevant readout of prognosis and biological

behavior. By leveraging a unique cohort enriched in IDH-wt GBM-LTS, novel biomarkers
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for improved prognostication can be developed. Secondly, the close phenotypic
association of protein with function aims to reveal novel, actionable and personalized
therapeutic targets. Importantly, a clinically relevant FFPE-compatible proteomic
approach is introduced that reduces laborious steps and costs. Similarly, the CNN-
classifier can leverage existing diagnostic material. Theses state-of-the-art tools thus
stand to provide tangible and sustainable impact to personalized medicine with minimal
changes to clinical workflow or additional financial investment. In fact, the Al-based
histomic classification tool may allow for robust predictions of molecular changes using
existing H&E slides. This offers a highly practical way to manage the rising cost of
molecular testing, both locally and at remote national and international institutions through
cloud-based tools. Overall, digital pathology system 100 including one or more CNNs
harmonizes existing morphologic and genomic datasets with new phenotypic signatures
(proteomics and histomics) and develops novel and cost-effective tools with immediate
translational potential to precision and personalized medicine.

[0316] Embodiments of methods, systems, and apparatus are described through
reference to the drawings.

[0317] The following discussion provides many example embodiments of the
inventive subject matter. Although each embodiment represents a single combination of
inventive elements, the inventive subject matter is considered to include all possible
combinations of the disclosed elements. Thus, if one embodiment comprises elements A,
B, and C, and a second embodiment comprises elements B and D, then the inventive
subject matter is also considered to include other remaining combinations of A, B, C, or
D, even if not explicitly disclosed.

[0318] The embodiments of the devices, systems and methods described herein may
be implemented in a combination of both hardware and software. These embodiments
may be implemented on programmable computers, each computer including at least one
processor, a data storage system (including volatile memory or non-volatile memory or
other data storage elements or a combination thereof), and at least one communication

interface.

[0319] Program code is applied to input data to perform the functions described
herein and to generate output information. The output information is applied to one or
more output devices. In some embodiments, the communication interface may be a

network communication interface. In embodiments in which elements may be combined,
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the communication interface may be a software communication interface, such as those
for inter-process communication. In still other embodiments, there may be a combination
of communication interfaces implemented as hardware, software, and combination
thereof.

[0320] Throughout the foregoing discussion, numerous references will be made
regarding servers, services, interfaces, portals, platforms, or other systems formed from
computing devices. It should be appreciated that the use of such terms is deemed to
represent one or more computing devices having at least one processor configured to
execute software instructions stored on a computer readable tangible, non-transitory
medium. For example, a server can include one or more computers operating as a web
server, database server, or other type of computer server in a manner to fulfill described
roles, responsibilities, or functions.

[0321] The technical solution of embodiments may be in the form of a software
product. The software product may be stored in a non-volatile or non-transitory storage
medium, which can be a compact disk read-only memory (CD-ROM), a USB flash disk, or
a removable hard disk. The software product includes a number of instructions that
enable a computer device (personal computer, server, or network device) to execute the

methods provided by the embodiments.

[0322] The embodiments described herein are implemented by physical computer
hardware, including computing devices, servers, receivers, transmitters, processors,
memory, displays, and networks. The embodiments described herein provide useful
physical machines and particularly configured computer hardware arrangements.

[0323] Although the embodiments have been described in detail, it should be

understood that various changes, substitutions and alterations can be made herein.

[0324] Moreover, the scope of the present application is not intended to be limited to
the particular embodiments of the process, machine, manufacture, composition of matter,
means, methods and steps described in the specification.

[0325] As can be understood, the examples described above and illustrated are

intended to be exemplary only.
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WHAT IS CLAIMED IS:

1. A computer platform for digital pathology comprising:

memory having a stored data structure defining a convolutional neural network
that models a hyperdimensional space, the convolutional neural network trained

using pathology images;
one or more processors; and

one or more programs, wherein the one or more program are stored in the
memory and configured to be executed by the one or more processors, the one or
more programs including instructions to:

determine a region of interest on a pathology slide and a predicted region
of interest (ROI) type by classifying a plurality of pathology features
abstracted from the pathology slide using the convolutional neural network;
and

generate, at an interface tool for display on a display device, output
indications of the region of interest on a visual representation of the
pathology slide and annotations of the predicted region of interest type on
the visual representation of the pathology slide.

2. The platform of claim 1, wherein the processor executes the instructions to
determine the predicted region of interest type by determining a mapping of the
region of interest to a portion of the hyperdimensional space, wherein the portion
recognizes one or more of the plurality of pathology features consistent with the
predicted region of interest type.

3. The platform of claim 1, wherein the processor executes the instructions to
generate the output indications comprising a surface map showing the basis of a
prediction for the predicted region of interest type, the surface map being a

reduced dimensionality view of a classification for the predicted region of interest
type.

4, The platform of claim 1, wherein the processor executes the instructions to use a

first convolutional neural network to classify the pathology slide and, based on the
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classification, select a second convolutional neural network to determine the

region of interest on the pathology slide.

5. The platform of claim 1, wherein the output indications comprise an original
pathology slide, a false colour slide showing the region of interest, an overall view
of the original pathology slide and the false colour slide, and a legend indicating
the predicted region of interest type and an associated false colour.

6. The platform of claim 1, wherein the processor executes the instructions to
receive, at the interface tool, an input indication that a specific region of interest is
of an unknown type.

7. The platform of claim 1, wherein the processor executes the instructions to
determine a prediction score for the predicted region of interest type using the

convolutional neural network.

8. The platform of claim 1, wherein the processor executes the instructions to
generate, at the interface tool, a t-distributed stochastic neighbor embedding
visualization of the convolutional neural network, the t-distributed stochastic
neighbor embedding visualization depicting the hyperdimensional space modeled
by the convolutional neural network.

9. The platform of claim 1, wherein the processor executes the instructions to
determine the region of interest on the pathology slide and the predicted region of
interest (ROI) type by tiling an image on the pathology slide into a plurality of
image times and classifying the plurality of image tiles using the convolutional

neural network.

10. The platform of claim 1 wherein the processor executes the instructions to
generate a distribution of a plurality of image tiles on a t-distributed Stochastic
Neighbour Embedding plot to display, at the interface tool, a planar representation
of the convolutional neural network.

11. The platform of claim 10 wherein the processor executes the instructions to
project representative image tiles from the plurality of image tiles onto the planar

representation.
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12. The platform of claim 1, wherein the processor executes the instructions to
generate, at the interface tool, a class activation map having the region of interest

and the predicted region of interest type.

13. The platform of claim 1, wherein the pathology features and the predicted region

of interest type comprise a cancer tumor type.

14, The platform of claim 1, wherein the pathology features and the predicted region

of interest type comprise a brain tumor type.

15. The platform of claim 1, wherein the pathology features and the predicted region

of interest type comprise a lung tumor type.

16. A process for digital pathology upon an unclassified pathology image comprising:
at a processor,
receiving the unclassified pathology image;

determining a region of interest on a pathology slide and a predicted region of
interest (ROI) type by classifying a plurality of pathology features abstracted from
the pathology slide using a convolutional neural network that models a
hyperdimensional space, the convolutional neural network trained using pathology
images, the convolutional neural network stored on a memory accessible by the

processor;

generating output indications on the pathology image using the classification data,
the output indications comprising the region of interest, the predicted region of
interest type, and optionally a surface map showing a basis of the prediction for

the predicted region of interest type; and

visually annotating the pathology image using an interface tool with the output

indications.

17. A computer product with non-transitory computer readable media storing program

instructions to configure a processor to:

determine a region of interest on a pathology slide and a predicted region of
interest (ROI) type by classifying a plurality of pathology features abstracted from

the pathology slide using a convolutional neural network that models a
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hyperdimensional space, the convolutional neural network trained using pathology

images;

generate output indications of the region of interest on a visual representation of
the pathology slide and annotations of the predicted region of interest type on the

visual representation of the pathology slide; and

update an interface tool to display the output indications and the annotations on a

display device.

18. The computer product of claim 17, wherein the instructions configure the
processor to determine the predicted region of interest type by determining a
mapping of the region of interest to a portion of the hyperdimensional space,
wherein the portion recognizes one or more of the plurality of pathology features

consistent with the predicted region of interest type.

19. The computer product of claim 17, wherein the instructions configure the
processor to generate the output indications comprising a surface map showing
the basis of a prediction for the predicted region of interest type, the surface map
being a reduced dimensionality view of a classification for the predicted region of

interest type.

20. The computer product of claim 17, wherein the instructions configure the
processor to use a first convolutional neural network to classify the pathology slide
and, based on the classification, select a second convolutional neural network to

determine the region of interest on the pathology slide.

21. The computer product of claim 17, wherein the output indications comprise an
original pathology slide, a false colour slide showing the region of interest, an
overall view of the original pathology slide and the false colour slide, and a legend
indicating the predicted region of interest type and an associated false colour.

22. The computer product of claim 17, wherein the instructions configure the
processor to receive, at the interface tool, an input indication that a specific region

of interest is of an unknown type.

23. The computer product of claim 17, wherein the instructions configure the
processor to determine a prediction score for the predicted region of interest type

using the convolutional neural network.
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24, The computer product of claim 17, wherein the instructions configure the
processor to generate, at the interface tool, a t-distributed stochastic neighbor
embedding visualization of the convolutional neural network, the t-distributed
stochastic neighbor embedding visualization depicting the hyperdimensional

space modeled by the convolutional neural network.

25, The computer product of claim 17, wherein the instructions configure the
processor to determine the region of interest on the pathology slide and the
predicted region of interest (ROI) type by tiling an image on the pathology slide
into a plurality of image times and classifying the plurality of image tiles using the

convolutional neural network.

26. The computer product of claim 17, wherein the instructions configure the
processor to generate a distribution of a plurality of image tiles on a t-distributed
Stochastic Neighbour Embedding plot to display, at the interface tool, a planar
representation of the convolutional neural network.

27. The computer product of claim 17, wherein the instructions configure the
processor to project representative image tiles from the plurality of image tiles
onto the planar representation.

28. The computer product of claim 17, wherein the instructions configure the
processor to generate, at the interface tool, a class activation map having the

region of interest and the predicted region of interest type.

29. The computer product of claim 17, wherein the pathology features and the

predicted region of interest type comprise a cancer tumor type.

30. The computer product of claim 17, wherein the pathology features and the

predicted region of interest type comprise a brain tumor type.

31. The computer product of claim 17, wherein the pathology features and the

predicted region of interest type comprise a lung tumor type.
32. A computer platform for digital pathology comprising:

memory having a stored data structure defining a convolutional neural network
that models a hyperdimensional space, the convolutional neural network trained

using pathology images;
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one or more processor; and

one or more programs, wherein the one or more program are stored in the
memory and configured to be executed by the one or more processors, the one or
more programs including instructions to:

detect a lesion on a pathology slide by implementing multi-class lesion
segmentation using the convolutional neural network;

determine a lesion classification of the detected lesion by implementing
multi-class lesion classification using the convolutional neural network;

determine a lesion sub-classification of the lesion classification by
implementing lesion sub-classification using the convolutional neural
network; and

generate, at an interface tool for display on a display device, output
indication of the lesion sub-classification on a visual representation of the
pathology slide.
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Receiving an unclassified pathology image
402

Generating classification data using CNN(s) trained on
pathology images to learn pathology features
404

Generating output indications of regions of interest on
digital pathology slides using the classification data, the
regions of interest including a predicted region of interest

(RQI) type of a hyperdimensional space and a surface

map showing the basis of the prediction
406

Visually annotating digital pathology slides

408
Generate interface at
interface tool or Store/transmit data
application 412
410

FIG. 4



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

5/48

G 'Old

"SY{SB] UONEDIISSE|D 21n)N) Jo) uonejuswbas uoisa| parcidwil pue Sspijs JO UOIIBIOUUE 31INo0. 9I0W O] SMO||E S9SSE|D 8Say)
10 Uoisnjou| (ewouuemyss Jo} einp Bupjelsiw B°3) siolis uonesllissed A|Snosuola Ul Jnsal Ued ‘Io] pajunodoe Jou JI ‘ANSISAIp siy| ‘suswioads
ABojoyied aunnol ul paIslUNOdUS US)O SSSSE[D aNnssi) UOWWOoD moys sjaued Js|ews Bululeway 'aoelNsS S,8pls 8yl 1O %0g> Sasudwoo Jown)

syl ‘|eusiew |eoiBins pue poojg ‘enssi) ulelq |eullou ‘sisolosu

Jown) Jo alnxiw snouaBoisiay e Buiuieluod ewoise|qollb e Jo abewl paulels

-3'9H apls sjoym Buimoys jsued jsow 1a7 "uoljewolne Buibuasjjeys Abojoyredoinau [eoibins ul AJljIgelieA sSe|D ansSI) apl|s-ellu| pue -1aju|

oLS

SUOI587 SUOISST pooig
SNOD SND

HERE ]
[eoifing

sisoivay

2105

IBljsgalan

Jayen
Aeicy

SEEN
UM,

obS @nssil jeuoisan 0$G °nssii jeuoissjuoN

02S =nssilL [eulion

005




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

6/48

Cluid) %bee
ISIS0IDBN
{pey) %0 g
ooy

(BUUM} %82 '¥E
BlBI BUUM
{fei) %60l
epe Aeio
po=Ig) %9055
HU0IsaT

Oluld) %99 L
1S1S0108N
(pau) %iL L
pooig

(BHUM) %689
BRI SIUM
Ofarig) %SL 8l
UOISeY

(Ae1o) %0574
Lape Aels

{wwol {6LooA) RiomaY BINSN

dews uoyeanoe ssejo fpuoinoauns desg

(eiding) %.8°¢

(

Neoifung
(pou) %P9

, poojg
(ReiD) %eg L
Lapew Avigy
AOBIRY %EY 8T
HOIS8Y

(duid) %be ¢S
1S1SCIDeN

Buiy abew

sBewl] spis S|OUM

v

009



CA 03081643 2020-05-04

WO 2019/084697

PCT/CA2018/051400

001

S
-
-

8¢l
9¢.

vel
ccl

-

-

-

-

-
-




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

8/48

vi8
€18

N _‘m e I
118 wnipaomes
o8 BiipT)
608
808 OO
108 SiS008 Ul
908

08
08
€08
208

€l8 WNHEGBIE s

A%

BN

118 smupeyss

08 fEsifuns o

608 ooy
808 SIROUBUTW
108 EEpT

908 siseEmmemwTy
G038 Birus Ty

08

€08
08

108

o
e o

E3
que e

8 'Ol

BLUOI[D) BLOUUBMUYDS

vese

14\

008



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

9/48

006

£ sponay w

206 m . w _ m
g Ay pUEpUn

bt Bumany bR L eele S RYL R T
SRS S LR SR BLOET UO0R Bl VNIRRT B eDDRERI -
Az g VLT R ETI]

fiages
Sl £ U0

Aoy peUBSELR LayEpRSRn it |

{ud) %460 winjagasay
(Piyoa0 Yied) %L8°T 1Ing

i (318j030Y)) %207 BWIOUUEMLIS
o {exwaBein) 388 0 HeoiBing
waess {pay) %90 (ponig
o {uld 148} %Ep 6 enyaodAn /sisonan
1 (2391000y D) w080 | BwodwA)
Sy | (212109042 %15°D isiseIsEIRN
ﬁm.ww . {312j000YD) %94 7T (BUCIBUILAN

[s1ej000UD) HER°ST (BUIGHD
{(qud} %59°0 IR A
(U] %6070 1B UM
BuusisniD INS) ¢06 pPeig) % er Hueig

§ Bt

I

! BOGG BT B0 A B0
88 T B HOFG MR HJEl N
Gt i AL BURPE IRV UDED 10 OOURNIESEN 0 URGOHEE WITET UIEN ABD
WLETL TEWDIE

o £

(1) 30T 0 wny8gas]
[Pryoa0 wieq) BT 0 1eing
{21E1000UD) WEE 0 IEWOUBEMYDS
{(EwaBe) 5600 feding

{pad) %ta'0 poog

[utd 18] s6ze'e enjesodin/asoney
[2iepoooyl) wse T ooyl
(mejosoyD) %1 0 SERIsela
(21800000 ] HIGQ (EWoIBu uBpy
{paiejosoyd) %ERTS BWeHD
ey AuD) 0T8I ARD
{3 BUYM ] 4TO'0 1B BUUM
{4o2[8) %2662 Tueg

2200 T
f2 o
)

[ L

Buuelsnio INS)



PCT/CA2018/051400

0l 'Ol

10/48

B BALSE FSIEL 00l
i W L] fis) iy
T ¥ 3 t -y L
-
-
-
. -
66°0 = ONY -
" ” b
- =
. vo %
- o
- g
- =4
R 190
- =
!\h &

CA 03081643 2020-05-04

WO 2019/084697

Lnw-Hdl
Was-vool

wawdojasap uonejuswbas uoisal
18s Buiuiest pajewoiny <



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

11/48

L1 "Old

0011

al AJOIRIOQR] UO DAsE( SUOISIDSD 1UBLLIIP3I] JO %0

bﬁmm\co_m_um& P3N _mu_nms_




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

12/48

¢l Ol

oocl

L51nsas Alo1eIoge] Uo PasSEq SUOISINap JuaWiesl] 10 %0/<,

&

Alajes/uoisidald :pasaN |edIpan




CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

13/48

1300

Precision/Safety

FIG. 13

e

of treatn

Medical Need

709

brain




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

14/48

oorlL
—

ZAUEUI 001 10118 5U0 5]
Uojfjiw / s10449 € ((Buldnioenuew) piepuels ew3is xis
anpadsiag

uoljjiu / 510442 000°0T & %L T-6'0~
S10113 JUBDIUBIS

]

S0 EERET
x&g@ gl R
SRS SRR PR
S e by

]
gl cradlue yats S pansaaie i et wo
- ik e el lpaen e eeeipre

e sy migy v g
s piianl a s

AGojoyey |exBing ui uolDNpay Joaig pur Ajajes juareg

LSHNnsas AJO1BIOQR| UO paseq su

B&mm\co_m_um& poaN _mu_vws_

¥l "Old

sapuedaldsig uidieN & %
usiuag o) ueudijeiy queudijely oy usiveg & %1¢
jueudije|n o1lueuUSIRA ‘uiSeg 03 udiuag & %8P

%839 11sidojoyled usamiag aiey Axuedalasi
ASojoyled uis10413

i uwww«3.2 CHRMARE P wﬁ. GBRHES RIS P 7 ER PR

£ i ﬁg%&%
ﬁe_ﬁ e

prdkugenged o

%w:zitih @wﬁmﬁmﬁw & ,,
dnopaged  pesion (ot @RI AT S TRIREY &

SIIOTRIOGRTY OF O AP Saqoag-0) sisBojouieg ueauauny o allagjony v

INO-uBIS 340J0g SMAAIY ase) ASojoyled jedding

CIsDep JUslliesl] 1O %0




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

15/48

0051
—

S3LI0IIN0 JUaWleal] pasiwoidwo) =
|eydsoy ul Aeys sjusijed swi} pasealou] =
peopliom uedisAyd pasealsu| =

Gl "Old

UQjuzniaiu] I IMIELSERTH| UOIJUaAIa]U]
ueluingy uewinH uetiny
SHML-T

{0Z-5T%) DHI

{00£8..) Jenason

ASUBIDILIT "MONIOAN 1UB1IND)




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

16/48

000Z-000TS

A ————

sojwoydiidsuen  go0z-000TS

solwouadide  000Z-000TS

%5

SIILLIOUS

3 0005-0001%
SYMZ-T

SISOUBEI]

{D0ES.] Jenoasion {oz-515) DHI

i

s1nNsas AJO1BJOUR| UO Paseq SUOISIDap 1UBWIea]l JO

SNOIATYd HLIM ILVEDILNI -AOUSDIJI "pasN [edIpa




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

17/48

Ll 'Ol
oolc /

Huuspio (FuiBeuy 15a) menosjoly
paewIomny

Huuepio wels poadg

MOHIOM
pajsuwcny ‘
|eusig
sisouBeip Aseuusg
UBpUUog
MO IO
SHME-T Pl E.vm N
SISOUSRl] * waling

1R8Oy ; “FH1




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

18/48

00c¢c W—‘ .w_m

Adeiayjouniuj 03 saisuodsad ‘[eAIAINS LIOYS ‘UoIEINW-H(|]
Y3iM pa1eDOosse ‘eluolsejqol|o

1

BlLIDIBLIUBIA

eLJo)se|qol|D

EUIOlsEIdO|INDa|Al

515eISE19INl |




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

19/48

00cc

6l Old

(sased 00T) sedew! 00000T~

19 eliBwl 1YM Jalieul ABSE

-

.
.

-

-

-

9dA)0)01d/1dasuoa-fo-Jooid

AS0|01SIH UOoISIDald :u|p.iqg :uoin|os




CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

S
S
-
@) _
o
(O
et
-
q) T S . ¥ ~
E SEES N
o 2 2 y
o0 =8 O
v » S -
Vp

ion

Les

-
(O
e
O

.

.

.




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

21/48

00S¢

¢ "Old

YPLE BISOIDEN

W0LG ‘poaig
o HBREW sULUM
%8601 Japew Arigy
@ oGS BNSYl | [BUOIEST

%i8E
%Pr3
WS,

WeP'8
SFSES

=4

]

ey eofing
Heinisiis]
dapew Aeloy

Bnssl] [euoise

‘aIsoInaN




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

22/48

009¢

Sl

GrE o BAYEE




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

23/48

€¢ Ol

00.l¢

EULiOISejqoisUEllaH
:sisougeiq and|

YINOITD isisoudelq [eul4 o)

[ etallly

(qusd) %80 wngagas)

(PRI peQ] %L8°T (BIng
(a1e40004]) HTOT BWOULENYDS
{erefepy) weg o pedning

{spay) %pa0 ipovig

{uid WEN) weys uepyEocdiy/sisoiaay
{Brej0o0yD) %OR'0 Rmoydiuk)
{mepoooy)) 41570 isisRseIayy
{miepozouD) %os 7T RwoBuuap
(sumjoo0yD) HER'OT RWOND
{huld} %590 CIEp A

gl %ED'D IR BUYM

(#0218} %oy el Hueig

soiesooddiy —
LJaey 3ulop wody 3day 9g 1snw ay ‘poos Op J0UURD JOII0P B JIDAUIYM,,

UOIIBDIHSSB|D-S/ Y UoISaT / wieH udnpay :




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

24/48

¥¢ Old
008¢ -
/ /

YINOINO :sisouselq |eutd

c08¢c

§ mEsmey B

; |
su maogf B
SR B I NS { L 0] BOGEDUISES 10 (s

Y0076 B EI00AH /SIS0IIDN
WIZET iR Asin
LG IBICIDY

{Muid} 9501 0 SWYRGaED
(P30 Hseg) %87 0 *eang

M__”M ‘ {B1R(OB0UT) 47 L0 IRWOUUBALYDS
ZL8 . (ryuadewy) s56070 (jefing
L8 . {pau) %R0 :poolg
018 . Djutd B %E6°E enjRo0dAR SIS00BN
608 T {s1e10204D) 67T ewoydui]
Boe ' (03210004} %pT 0 1s1seISEION
908 : {s1210204D) %150 ‘ewoBuiuay
508 . {F1e[020UD) 94875 RIOYD
v08 (xeyy Aeuo) 40T 6 1R Ao
toe * (€1 DUYM) %T9°0 121N SHYM
108 (17218} %Z6'6E Hue|g

Senmmngs et




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

006¢

G¢ Ol

/ 14'['T4 /

BLLOISB|GOI

Sy B U SIS RN WER By uetRREn

BUBWSH :s1s0udeiq anil

Q3aNIJ3IANN isisoude|q [euld

Rl i
oY

saar gl LEnEodAl s

W9LLT

TELUCIBUIUSN
WL

b RLION

ey pRRIRINE MORDYREE

{uid wam)

{812]030UD) %70 T sBWOUURMYDS

(812]020UD) %080 (ewoydwiy

[218[000UD ) %94 7T (BwoIBuusiy

(quid) 96/ €°0 winagaa)
{PUDIO IR} %LG°T BN

{euaBep) %0 jexding
{pay) %9 0 poolg
%EY 6 JaenjedodAM /S15040aN

{:e1020YD) %150 siseIsRIBiN
{s18(0204D) %E8'9T BWOLD
Piurd) %5070 e Asin

{(Aud} %6070 I8N SIUM
{¥oe1a) %rp ey Huelg

Hoday p




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

26/48

P

@9 400 9000

UOI1BZI|ENSIA |

INI-NINIA U




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

27/48

ooiLe

TYNOLIVINYOASYYL ~

aterjuasned
1USWaBRURIA 90IN0SAY A
punoJeuJn] onpsoudelq
Adeindoy ongsouseiq 4
anoiduy

MO|JXJOM 1U311Nd 0] S)jauag :ujp.

S~

ssBeno D Bidy n

BLLIOULIRMUDG _

FERRETLARY

-

\

JHI

L¢ Ol

BuLispio/Buidel] 1581 JRINOS|OA
pajewoiny

Bupeplo weys (eiadg

MOLHIOAN
palewoIny
jeusig
sisouBelp Aseunugalg
uspyuo’
MOLAHID
pe-z 1140/
e 2N




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

28/48

A ORI Y,

8¢ Old

$858) 005

Meo- Yol

wswdosasp wopeuawbas uorsay
yars Busges pagEwIy k)




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

29/48

6¢ Old

00.l¢

Fuepso/BuiBelss 1581 Jenosjow

$35523004d SUlISIXS Ul 9BUBYD UOIIBWIIOJSUBIL A peIEWIONNY

aserjuspned a
Suuapio uiels oads

1USWIBBUBIA 22UN0S3Y A barewory MOIPHIOM
punoieuin] sipsougeiq A , ; Ulgig
Aceinooy oisoudelq a sisouSelp Aleuitsiald .\ uiviq
anoadu| JUBPLUOD ,
O3 I0M,
IUBLING

JBNIBIOW OHI I3H



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

30/48

0€ Ol

008¢

~—

Bupapuo fuidel 1] 1591 IRNdS|0W

$8559004d BUNIsSIXa Ul 33UBYD UOIIBLUIOJSURI] A parewomyY

aieojuened »
. Supspso wiels jeeads

juawadeueip 321n0say A poreworny MOLEIOAK
punoJeuwiny dipsouseiq A Uigig
>Um._3uuq“uﬁm0cmmmﬂ A sisoufelp Aeunuiadd \E
anoaduw| WBPHUOT
S MO0
sisouSelq +— s

Jenosjon



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

31/48

L€ "Old

006¢

/ Uuol1BULIOJU| [BDIUID 9189V M

(ABojoipey "3 3) Suidew| |B3IPSN J12UX0 asuodsal JO SI01DIpaid (s|iedl |eJIUlD
S121J1SSB|D WO1SND JO JUaWdo|sAsp 430 N {sesoyiw ‘serfooydwA| Fuinesyjiur ‘g-9) sollay puedxs O
S3DIAJIDS/SUOIIN|OS Yo1easay [ (~ ‘uojo) 1sealg "8'3) sdnoud ays ASojoyied J1a4io 0} 3ZIjBISURD

‘puedx3

puedxy pue asiopRy

NND
padem

sauewopay (s3523 +000T)

+ aeqgpasy s dojoyied Sunsay
auay FIUBULIONDY
S1EpPIeA

SHSE| UOIIEIIISSE]Y
paiepyep fisngoy

e

sd21S IXaN / ue|d wua| 8uoT ujpiq ¢



CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

32/48

000V

L 4

Jisse]

3/1ed01 HEE. 8

¢¢ Ol




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

00LVv

€€ Old

~—

P1Q — sind sey

clLg ux WRIDD B
o0 218 w4
&t | g o
—

™M 0LS wnfing o
™ 608 pooiq u

208 gEBcUaB U

108 e
908 sispmeiewy
G008 G
08 L
€08 ki
c08 B
[} p—

voLy

~—

BLOUUEBMYDS




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

34/48

oocy

¥€ Old

[iepoa g = 24005) ewowApuadaiseyyidedoxdie

{gipge o = 24005 yskopyowiaprds

(€£100¢°0 = 3023} ewodyy

(150000 = 24025} ewotyTdedsnyaydprosoys

{65006'2 = 34035} 1Rw0}se)qotlueyay

(9b/00°8 = 34005} SUOUTDJEIOUARE

(67pZ@'6 = 34025} Tewowdpusdagns

{69F20°G = BJ005) 2ROUTIJEISNXIdpTO O3

{peeze-g = as035) yreworiboipuapntnio

(259700 = 24035} QWOISRIO0LINPILAYTIRNPOUBATIULRD

(SLZP@"@ = 24005) PWOIRGO11NPNL

FI0ISY PEOLSLIQOTINDIEITIS e -

mgaumw ewoydedyy1ocgebieiasn i dmm w WMWL—AHW
o | .

L1

%

[1E540° 0

adA 1 Jown| peipaid

AS0|01SIH uoIsidald




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

35/48

oocy

G¢ "Old




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

36/48

9¢ Ol

oovvy

Aqueig

J21BLU a3lum
Jayew AelE
uoIsa

uoljeluswsa

urelq




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

37/48

L€ "Old

00sv

=

Jueq
Uolsa|
Janpeil AeJE

uoI1e1UlaWEas UoISa

e

e M@




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

38/48

009V

~—

VINONNVMHIS

.

:sisouBerq |euld

apifs g uy

vi8
ﬂ Fw srputnind wiling

N—‘w EEE?@W
b8 scasmon s
018 .
608 pou
808  ssmewaw
L08 g

908
508
v08
€08
¢08
108

0€8

1 @

i

i

¥

Gne

i

e

el B
1 Bwaur Ty

Gl Aoy pRUBPUN

40 PHnLuERMIS D

YoBS I0) UDHEDHISSED (10 WAODMEaIE

BUEOUIEAGS B UDIESISSES [BULY

BB st

8¢ Ol

9% 16’8 EWOID
%Iy T EwoBUILSBY
Laseg ngOtgmkﬁEum

(18N ABuD) %/ T"0 WnjjBqaIED
(PIY2403448Q) %60°T '8INQ
(81ej000UD) %27 TE [BWOUUEBMYDS
{ewusfepy) 91770 |E28NS

(spey) %.5°0:poolg

{ud 4B} 9%06'T Hiepn|esodAn /sisoloeN
(e3e]000UD) %EY 0 BOYdWAT
{s3Ej000YD) %77 0 SISEISEIRN
(s1ej000YD) 940/ TBWOBUIUBIN
(a1€]0004D) %9E P (BLWOND

{djuid) %8S T 18N As

(uid) %90°0 1B IA BHYM

(3oe|g) %ZT TS Huelg

Hoday pajedalu| :ujpiq &

uiig




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

00.lv

6€ Ol

Y18 =und may

€18 umaqmes s

oo Y AR e s
<3 _‘_‘w%m%m%gwwem
G018 s
o 608 a1
808 smomeu W
.08 PP
908 smemeimuy
G088  Buumuwy
08  sumyEE
€08 fadl o
c08 B
108 W e

ewol|o

UOIIeZI[BNSIA [9A3J-I}NIA :U|P4]




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

40/48

008V

UORENSSEI-gNS
usisaT]

0¥ "Old

T uopmuswbas
UCHEMJISSEID uo{sel
uo|sa) :
: SSRI-INN
POT—— Eal

vy

Y

ISIJiSSEgNS-Hal BWOID

I31}ISSB|D UOIS?T UoWWOD 3|NPOIA] UOO313( UOISa

9JN3031Y2JJY JEJNPOIA :U|P.q




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

41/48

Clinical Qutcomes
Classifier

uogemNsse-Oqng
UGiseT

B|NPON J1iSSE|D
UOIST] UOWIIODL

| uonewswbas
uoisal
SSEII-NINN

uoleISsRD
uoisa;
sSSP

J3lISSEdqNS-HQ| BWOl|D

Y

J31JISSB|D UOIS3T UOWIWO)

94N303)1YdJY JBINPOA (U] RIq g

3|NPOA UOI1I233( UOISaT]




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

42/48

¢ "Old

0005

1NW-HAI
UL [RAING
ewojse|qol|o
0z 004 i 9 Ot 0z g
[ H ) -
e 4 ™
Lgsd
. &
ok
Iy
- m
=3
o
=
2
-4
& &
I
.. &
f<-d
AR T R
HOME
.2

LACINED SAW-WNED EAAING

LS1Nsat AJ01RIOGR| U0 Paseq Suols

»u

SJ11SOUSeI( UoISIDald mﬁmc elsng pue mmﬂmwgﬁtﬁ

3P 1
pos




CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

43/48

5100

FIG. 43




CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

44/48

5200

Our Current Projects

FIG. 44




CA 03081643 2020-05-04

PCT/CA2018/051400

WO 2019/084697

45/48

00cs

Gy "Old

(s)oiu 190185

1033818D U0]587




CA 03081643 2020-05-04

WO 2019/084697 PCT/CA2018/051400

46/48

Adenocarcinoma
5412
5410

Alveolar

FIG. 46A

tSNE Clustering

SIS

Blank
5416

On folder Adenocarcinoma, top-1 accuracy: 94.76% (887/936)
On folder Alveolar, top-1 accuracy: 99.57% (464/466)\

On folder Blank, top-1 accuracy: 100.00% (921/921)

On folder Stromal, top-1 accuracy: 95.12% (78/82)

Folder level accuracy breakdown
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400

FIG. 4

Receiving an unclassified pathology image
402

Generating classification data using CNN(s) trained on
pathology images to learn pathology features
404

Generating output indicatic;ns of regions of interest on
digital pathology slides using the classification data, the
regions of interest including a predicted region of interest

(RQI) type of a hyperdimensional space and a surface

map showing the basis of the prediction
406

A

Visually annotating digital pathology slides

408
Generate interface at
interface tool or Store/transmit data
application 412
410
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