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QUANTITATIVE PHENOTYPING OF FIBROSIS FROM IMAGES OF
BIOLOGICAL TISSUE SAMPLES

Cross-Reference To Related Applications

{6001] This application claims the benefit of priority to United States provisional application
serial number 62/852,745, tiled May 24, 2019 and United States Utility application serial
number 16/851,881, filed April 17, 2020, which is hereby incorporated by reference in its
entirety.

Technical Field

{0002] This disclosure refates generally to quantitative assessment of fibrosis including,
without limitation, computerized systems and methods that analyze a digital image taken of a
biological issue sample to quantitatively evaluate selected parameters that correlate with the
phenotype of fibrosis, to quantify traits of the fibrosis phenotype in the biological tissue
sample.

Backeround

{6003] Fibrosis refers to the accumulation of collagen-based fibrous tissue in an organ when
the organ attempts to repair and replace damaged cells but creates non-functioning scar tissue
in place of tunctional tissue. There are different stages of fibrosis, and in its most severe
form, the scar tissue destroys the organ’s internal structure and, in the case of the liver,
impairs its ability to regenerate. In the liver, this is referred to as cirrhosis and can cause
portal hypertension, which can result in painful swelling and bleeding.

{0004] There are a variety of fibrotic conditions in multiple organs, such as liver, lung,
kidney, heart, skin, uterus, muscle, adipose tissues, tissue from the gastric intestinal tract, and
cancerous tissues in both human and animals. Some in-vitro models and meso-biological

systems such as spheroids or printed organs can also develop fibrotic conditions. To some
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extent, the collagen-rich fibrous tissue (fibrosis) is necessary to structure organs and tissues
because of its scaffold structure.

{8003] For liver, Non-Alcoholic SteatoHepatitis (NASH) is a severe form of non-alcoholic
fatty liver disease (NAFLI}) that can result in fibrosis and cirrhosis. While NASH is closely
related to obesity, pre-diabetes, and diabetes, its symptoms are often non-specific to NASH,
which makes it difficult to diagnose. Often, NASH patients are unaware of their condition
unti] late stages of the disease. There are currently no medical treatments for NASH yet, but
drug discovery efforts against NASH are ongoing.

{0006] For the lung, Idiopatic Pulmonary Fibrosis (IPF) 1s a type of chronic scarring of the
hungs characterized by an irreversible progression of fibrosis resulting in a decline in lung
function and death by suffocation. There are currently no satisfactory medical treatments for
IPF yet, but drug discovery efforts against IPF are ongoing.

18007] For skin, Scleroderma is a group of diseases that cause abnormal growth of the
connective tissues due to excessive collagen (fibrosis) generation. Symptoms of scleroderma
include calcium deposits in connective tissues, narrowing of blood vessels in the hands or
feet, swelling of the esophagus, thick, tight skin on the fingers, and red spots on hands and
face, all creating significant patient discomfort and handicaps. The causes of scleroderma are
unknown, and there is no cure for scleroderma. However, various treatments can control
and/or stow symptoms and complications. BDrug discovery efforts against Scleroderma are
ongoing.

{0008] To assess the extent of organ damage due to fibrosis, physicians can perform non-
invasive testing such as blood tests and imaging tests, but the gold standard is to perform a
biopsy by removing a tissue sample from the organ and using histopathology methods to
evaluate the sample. This includes (1)} fixing the tissue from the biopsy; (2} embedding the

tissue in paraffin blocks; (3} sectioning the paraffin blocks to obtain thin sections of the tissue
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{typically § microns); (4) staining the sections with pathology stains; (5) imaging the stained
tissues/sections by white light microscopy or digital white light microscopy; (6) quantifying
specific tissue features, either by a pathologist, an automated image analysis, or both.

{6009] Pathologists use categorical scoring systems to assess the tissue biopsy and determine
the extent of fibrosis. The METAVIR scoring system is commonly used to assess the liver
biopsy to determine the extent of fibrosis in patients with hepatitis C. The NAKANUMA
systern 1s used to quantify the severity of fibrosis in Primary biliary cholangitis, another liver
disease with no treatment. The ASHCROFT scale s used for determining the degree of fibrosis
in lung specimens.

{0010] The NASH-CRN Fibrosts system classities liver fibrosis in NASH patients into five
stages, ranging from FO to F4 (as indicated in the table below) and representing different

amounts of fibrosis or scarring.

FO | No fibrosis, no scarting

F1 | Minimal scarring, or portal fibrosis without septa

F2 | Significant fibrosis, scarring has occurred and extends ocutside the liver area, portal

fibrosis with few septa

F3 | Sever fibrosis, fibrosis spreading and forming bridges with other fibrotic liver areas,

numerous septa without cirrhosis

F4 | Advanced scarring, cirrhosis

However, the NASH-CRN Fibrosis scoring system is coarse in that it only defines five
categories that range from no fibrosis (FO) to cirrhosis (F4). The scoring system is unable to
distinguish between patients that are in one stage (e.g., F3), but are on opposite ends of that
stage (e.g., closer to F2 or F4). For patients that are on opposite ends of the same stage, the

plan for treatment may be different.
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{6011} Similarly, all the current histological categorical scales used for the quantification of
fibrosis are coarse and do not distinguish between patients on opposite ends of the same
category. The same applies to histological systems used for the assessment of fibrosis 1o all
kinds of biological tissues.

18012] Moreover, current histological systems for the assessment of fibrosis in fibrosis-
related conditions lack of accuracy and reproducibility. They are prone of a very high (up to
35%) intra- and 1nter- operator variability because these systerns mostly relay oo the
elevation and scoring of histological by pathologists, which have variable level of experience,
training or belong to different schools of thoughts.

10013] Current methods apply the same general fibrosis stages that are used in humans (e g,
FO through F4) for pre-clinical studies on animals. This assumes the scales developed on
human studies are applicable to model the different stages and progression of fibrosis on animal
models. This is problematic because, for example, some animal models for fibrosis do not
exhibit septa, 15 used in part to define the F3 stage.

{6014] Current histological systems for the quantification of fibrosis are based on a very
limited set of observable parameters, and are very poorly quantified by the human eve or
simplistic quantification systerns and exhibit very poor detection thresholds. They cannot
quantify complex fibrosis phenotypes and, as a result, their utility is significantly limited to the
staging of disease severity. This poses problems in the discovery and development of new
drugs, or in the assessment and classification of patients to guide the management of their
conditions.

{8015} Accordingly, current methods of measuring fibrosis are too simplistic and coarse

{e.g., only four to six stages) to be able to distinguish even moderate changes in fibrosis, are
subject to high intra- and inter-operator variability, and make assumptions regarding the

simtlarity between human and animal models. Their performance limits the development of
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new drugs and biomarkers for fibrosis diseases, and the lack of phenotypic relevance limits

the management of multiple forms of the fibrotic conditions across multiple species.

SUMMARY OF THE INVENTION

18016] It is a goal of the present disclosure to improve upon the coarse methods of measuring
fibrosis by implementing a phenotypic and continuous scoring system that provides increased
dynamic range, and improved detection thresholds and incremental resolution to quantify the
fibrosis phenotypes and their differences. The present disclosure provides systems and
methods for tracking fibrotic disease progression on small time-scales, can be used to track the
regression of fibrosis in response to a therapeutic compound or change in diet, and are suitable
for describing the effect of investigational compounds in pre-clinical or clinical studies. In
contrast to coarse stages of fibrosis, the present disclosure’s phenotypic continuous scoring
system distinguishes between the tibrosis phenotypes between two genetically different pools
of animals or patients, and can distinguish between fibrosis conditions that have different
aeticlogies (for tnstance, liver fibrosis can be seen as a complication of obesity, diabetes,
alcoholic steatosis, non-alcoholic steatosis, Hepatitis (B or C), etc.).

{0017} Because fibrosis is expressed as multiple forms and features across multiple organs
and biological tissues, it is appropriate to describe and quantify fibrosis in a phenotypic way,
using its composite observable characteristics or traits.

{0018} Accordingly, the present disclosure provides a way to measure fibrosis that has a wide
dynamic range and fine resolution, because it has a continuous scale and a very high signal to
noise ratio. Because the present disclosure incorporates a large number of selected quantifiable
parameters to establish a composite score, the composite score provides a very high signal-to-
noise ratio, resulting in high detection thresholds, improved sensitivity, and large dynamic

ranges. As a result, the present disclosure is less prone to errors due to sources of noise from
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tissue processing or image acquisition. The quantitative nature of the present disclosure also
ensures the system for measuring fibrosis is automated and not prone to large intra- and inter-
operator variability. Moreover, the present disclosure 1s optimized for specific populations,
such as pediatric versus adult patient populations, or specific animal models, and can even
further be optimized for a specific organ in humans or a specific type of animal or biological
tissue

{0019] Accordingly, the phenotypic fibrosis scoring systems and methods presented herein can
be used to do any of the following: quantify the severity and progression of fibrosts in a patient
{or in another biological system), assess the response {(or lack of thereof) of a patient {or any
other biological system) to a therapeutic compound on short time-scales, and quantify the
phenotype of fibrosis and its differences across species and genetic phenotypes, diseases
conditions, stages, groups and sub-groups and aetiologies, treatments and response,

1802¢] It 1s turther an object of the present disclosure to quantify the phenotype of fibrosis in
a biological tissue sample that considers multiple, if not all, the degrees of complexity of the
collagens and its traits. As used herein, “fibrosis” includes all kinds of collagen-based
structures, regardliess of the chemical nature of the collagen. As used herein, “collagen”
includes different types of collagens creating fibrosis, including collagen 1, collagen I, etc.
As used herein, “collagen object” corresponds to a representation of collagen, as depicted ina
digital image. Identification of the collagen object in a digital image may result from pre-
processing the digital image to indicate adjacent pixels or regions of the digital image that
correspond to collagen. The collagen object may reflect adjacent pixels or regions of the digital
image that correspond to the same type of collagen, and may be extracted from the digital
image. As used herein, “collagens” corresponds to ong or more collagen objects represented

in a digital image, and may include the same or different types of collagen.
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{0021} Described herein are systems and methods for quantifying a fibrosis phenotype. One
aspect relates to computer aided phenotyping of tibrosis-related conditions. A digital image of
a biological tissue sample 1s received, wherein the digital image indicates presence of collagens
in the biological tissue sample. The image 1s processed to quantity a plurality of parameters,
each parameter describing a feature of the collagens in the biological tissue sample that is
expected to be different for different phenotypes of fibrosis. At least some of the features are
selected from at least two of the group consisting of (1) tissue level features that describe
macroscopic characteristics of the collagens depicted in the digital image of the biological
tissue sample; (2) morphometric level features that describe morphometric characteristics of
the collagens depicted in the digital image of the biological tissue sample; and (3) texture level
features that describe an organization of the collagens depicted in the digital image of the
biological tissue sample. At least some of the plurality of parameters are statistics associated
with histograms corresponding to distributions of the associated parameters across at least
some of the digital image. At least some of the plurality of parameters in (b) are combined to
obtain one or more composite scores that quantify a phenotype of fibrosis for the biological
tissue sample.

{0022} In some implementations, at least one of the features is a tissue level feature, at least
another feature in the features is a morphoretric level feature, and at least another feature in
the features is a texture level feature. At least two of the features may be tissue level features,
at least another two features in the features may be morphometric level features, and at east
another two features in the features may be texture level feature.

{8023} In some implementations, the at least some of the plurality of parameters that are
combined corresponds to all of the plurality of parameters.

18024] In some implementations, a first composite score of the one or more composite scores

i3 specific to a feature type selected from the group consisting of tissue level, morphometric
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fevel, and texture level. A second composite score of the one or more composite scores may
be specific to another feature type selected from the group consisting of tissue level,
morphometric level, and texture level. The first and second composite scores may be
combined to quantify the phenotype of fibrosis for the biological tissue sample.

{8025] In some implementations, the systems and methods are compatible with any modality
of imaging that distinguishes between a presence and absence of collagens in the biological
tissue sample. The systems and methods may be compatible with at least stained
histopathology slides, two photon microscopy, tluorescence imaging, structured imaging,
polarized imaging, CARS, OCT images, tresh tissue imaging, and endoscopy.

10026] In some implementations, the depiction of collagens in the biological tissue sample
results from an optical marker that is specific to any form of collagen. The optical marker
may be selected from at least one of the group consisting of: (1} a collagen-specific stain used
in a histopathology method; and (2) an intrinsic bio-optical marker specific to one or more
collagens that 13 intrinsic to a modality of the digital image.

{6027] In some implementations, pixels of the digital image indicate presence and quantity of
coliagens in corresponding volumes of the biological tissue sample.

{0028} In some implementations, each of the texture level features characterizes different
regions of the digital image by describing the collagen of each region. The different regions
may correspond to non-overlapping or overlapping sample windows of the digital image.
(uantifying a parameter describing a texture level feature may comprise: obtaining a sample
value for each sample window, to obtain a plurality of sample values; generating a histogram
of the plurality of sample values; and computing a statistic of the histogram as the parameter
describing the texture level feature. The sample windows have the same or different sizes for

different texture level features.
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{6029} In some implementations, at feast some of the parameters describing a morphometric
level feature or a texture level feature is one of the statistics associated with histograms. In
some cases, no parameters describing tissue level features are statistics associated with
histograms. Sample values of the histograms for morphometric level features may
correspond to individual fibers or bundles of fibers. Sample values of the histograms for
texture level features may correspond to sample windows that identify subsets of the image.
At least some of the plurality of parameters may result from processing the histograms.
{803¢] In some implementations, the statistics associated with histograms are selected from
the group consisting of (1) trend statistics including mean, median, mode, and normalized
count, (2) distortion statistics including skew, (3} variance statistics including standard
deviation, variance, outliers, and kurtosis, and (4) transition statistics related to cut-off values.
The cut-off values may split the associated histogram into subsets of sample values, and each
transition statistic is for a single subset of sample values. At least one of the histograms may
be split by multiple cut-off values. The cut-off values may be determined by a user. The cut-
off values may be different for different tissues. At least some statistics associated with
histograms may be selected from the group consisting of trend statistics, distortion statistics,
and variance statistics of individual subsets of sample values. Statistics associated with
histograms may include normalized counts of tndividual subsets of sample values, wherein
the normalized counts represent the number of sample values within the respective individual
subset, normalized by the unit surface area of the digital image.

{0031} In some implementations, quantifying at least some of the plurality of parameters
associated with histograms comprises processing the histograms to identity multiple modes
of the histograms. Processing a histogram to identify multiple modes may comprise
deconvoluting the histogram. Some modes of the histograms may correspond to phenotypic

signatures of the fibrosis-related conditions, wherein deconveluting the histogram comprises
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filtering the histogram to determine whether the histogram exhibits a phenotypic signature
and to quantify the exhibited phenotypic signature.

{06032] In some implementations, the parameters that describe tissue level features include at
least one selected from the group consisting of’ collagen area ratio, large collagen object
normalized density, small collagen object normalized density, and collagen network
reticulation index.

{8033] In some implementations, the parameters that describe morphometric level features
include at feast one selected from the group consisting of: length, skeleton length,
eccentricity, solidity, curvature ration, area, perimeter, and collagen density.

10034] In some implementations, the parameters that describe texture level features include at
fcast one relating to a collagen image pixel intensity level co-occurrence matrix, including at
ieast one of the group consisting of energy, homogeneity, correlation, inertia, entropy,
skewness, and kurtosis.

{8033} In some implementations, the digital image is processed to distinguish between
collagens in the biological tissue sample represented in the digital image. In this case, each
of the plurality of parameters used to obtain at least one of the one or more composite scores
may correspond to one class of collagen. The collagen classes may include one or more of
fine collagen, assembled collagen, and tissue regions. Each of the plurality of parameters
used to obtain the at least one of the one or more composite scores may correspond to the
coliagen class of fine collagen. Each of the plurality of parameters used to obtain the at least
one of the one or more composite scores may correspond to the collagen class of assembled
collagen. The plurality of parameters used to obtain the at least one of the one or more
compaostie scores may correspond to both collagen classes of fine collagen and assembled
coliagen. The collagen classes may include one or more of long collagens and short

collagens. The collagen classes may include one or more of high textured regions and low
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textured regions. The collagen classes may represent different levels of complexity in
collagen skeleton.

{8036] In some implementations, at least some of the parameters describing morphometric
features relate to one collagen class. In some implementations, at least some of the
parameters describing tissue level features relate to one collagen class. In some
implementations, the collagen classes distinguish different stages of fibrosis.

{6037] In some implementations, different features are selected to quantify different
phenotypes of fibrosis. For example, parameters describing features of fine collagen fibers
may be used to distinguish Fibrosis 0, Fibrosis 1, and Fibrosis 2. Parameters describing
features of assembled collagen fibers may be used to distinguish Fibrosis 2, Fibrosis 3, and
Fibrosis 4.

{60338] In some umplementations, the plurality of parameters that are combined are selected
from a list of candidate parameters. The plurality of parameters that are combined may be
selected from the list of candidate parameters by identifying parameters that distinguish
between different phenotypes of fibrosis. The identified parameters that distinguish between
different phenotypes of fibrosis may be selected based on a calibration technique. The
calibration technique involves a calibration data set of calibration digital images taken from
biological samples having known phenotypes of fibrosis. In an example, the calibration
technique tnvolves principal component analysis to identify the selected parameters.

{0039} In some implementations, the selected parameters have less variance across the
calibration data set for a given phenotype of fibrosis than unselected parameters. The known
phenotypes of fibrosis may correspond to different outcornes of fibrosis disease. The known
phenotypes of fibrosis may correspond to disease severity. The known phenotypes of fibrosis
may correspond to NASH-CRN F disease stage, which include FO, F1, F2, F3, and F4. The

known phenotypes of fibrosis correspond to different values or ranges of a tibrosis-related

11



WO 2020/242630 PCT/US2020/028813

biomarker. The fibrosis-related biomarker may be indicative of progression of fibrosis and/or
may be indicative of regression of fibrosis in response to treatment. The known phenotypes
of fibrosis may correspond to different classes of fibrosis. The different classes of fibrosis
may include NASH 1 and NASH 2.

1804¢] In some implementations, the calibration technique selects parameters that have
higher signal-to-noise than parameters that are not selected. Compared to the unselected
parameters, the selected parameters may extubit higher absolute differences for different
phenotypes of fibrosis for the calibration data set. Compared to the unselected parameters,
the selected parameters may exhibit lower standard deviations for the same phenotype of
fibrosis for the calibration data set.

{8041} In some implementations, the combining of parameters may comprise assigning a
weight to each parameter, wherein the absolute weight is higher for selected parameters that
have lower standard deviation for the same phenotype of fibrosis for the calibration data set
than other selected parameters. The weight may be negative for parameters that are
negatively correlated with progression of fibrosis.

18042] In some implementations, the list of candidate parameters includes over 300 candidate
parameters, and the selected plurality of parameters consists of fewer than 35 parameters,
fewer than 25 parameters, fewer than 1S parameters, S to 7 parameters, 2 to 5 parameters.
8043} In some implementations, the calibration digital images are taken from biological
samples of humans, wherein the calibration technique is specific to humans. The biological
samples of humans may be taken from the same type of organ, wherein the calibration
technique s specific to the same type of organ.

{0044] In some umplementations, the calibration digital images are taken from biclogical
samples of the same type of animal, wherein the calibration technique is specific to the same

type of animal. The biclogical samples of the same type of animal may be taken from the
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same type of organ, wherein the calibration technique is specific to the same type of organ.
The organ may be selected from the group consisting of the liver, lung, kidney, heart, skin,
uterus, eye, gut, muscle, adipose tissue, tissue from the gastric intestinal tract, cancerous
tissues both in buman and animals, or any other organ or portion of the body that is
susceptible to fibrosis,

{00435} In some implementations, the fibrosis-related conditions are selected from the group
consisting of Hepatitis A, B or C, Non Alcoholic Steatosis Hepatitis (NASH), Alcoholic
Steatosis Hepatitis (ASH), Curhosis, Primary Biliary Cholangitis and Primary biliary
Cirrhosis, [diopathic Pulmonary Fibrosis, Kidney Chronic Disease, Renal Disease,
Scleroderma and Scaring, Duchenne muscular dystrophy, Myocardial infarction and repair,
Macular Degeneracies, Glaucoma Uterine, and any manifestation of fibrosis 1o cancer.
{0046] In some umplementations, the biclogical tissue sample is taken from a subject. The
biological tissue sample may be tissue sampled from an organ of the subject that is
susceptible to fibrosis. The organ may be a hiver, lung, kidney, heart, skin, uterus, muscle,
adipose tissues, tissue from the gastric intestinal track, cancerous tissues both in human and
animals, or any other organ or portion of the body that 13 susceptible to fibrosis. The subject
may be a human, an animal, or a meso-biclogical system. The meso-biological system
includes one or more spheroids, one or more printed organs, or a phenotypically relevant
biosystem that is susceptible to fibrosts.

{6047} In some implementations, the digital image is taken of a biological cellular sample /n
vifro.

{0048] In some implementations, the severity of fibrosis of the biological tissue sample i3
quantified on a contimuous scale. In some implementations, the progression of fibrosis for the

subject is quantified on a continuous scale. In some implementations, the regression of
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fibrosis for the subject in response to a therapy, is quantified on a continuous scale. In some
implementations, the type of fibrosis for the subject is quantified on a continuous scale.
{8049] In some implementations, effectiveness of a therapy or a drug candidate 1s evaluated.
The therapy or drug candidate may be determined to be effective in a subject from which the
biological tissue sample was taken. The therapy or drug candidate may be determined to be
etfective when it is determined that the therapy or drug candidate prevents progression of
fibrosis in the subject.

{805¢] In some implementations, the effectiveness of a drug candidate or a combination of
drug candidates in a plurality of drug candidates is evaluated. The derivation of the one or
more composite scores may be repeated for each sample in a plurality of samples, wherein at
feast some of the samples are treated with one of the drug candidates in the plurality of drug
candidates. A rank may be assigned to each drug candidate in the plurality of drug
candidates based on the one or more composite scores for the plurality of samples. The drug
candidate with the highest rank may be selected as an effective drug candidate.

{0051} According to one aspect of the present disclosure, a subject with a fibrosis-related
condition is treated, by determining one or more composite scores indicative of a phenotype
of tibrosis for a hiological tissue sample taken from the subject, using any of the systems and
methods described herein; classifying the patient according to the phenotype in to select a
treatment plan involving a therapeutic drug, determining an effective type and amount of the
therapeutic drug based on the one or more composite scores; and administering the
determined amount of the therapeutic drug to the subject.

{8052] In some implementations, the atforementioned steps are repeated a number of times to
track progression of the fibrosis-related condition during treatment. The amount of the
therapeutic drug may be adjusted based on whether the patient responds to treatment, as

determined by the one or more composite scores.
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{0053} According to one aspect of the present disclosure, a therapeutic drug is identified for
use in treatment of a fibrosis-related condition, by determining one or more composite scores
indicative of a predicted phenotype of fibrosis for a biological tissue sample taken from the
subject, using any of the systems and methods described heretn; administering a candidate
drug to the subject; repeating the determining step to determine a fibrosis progression score
of the subject over a period of time; and determining if the candidate drug is an effective
therapeutic drug fror the fibrosis progression score.

{0054 In some implementations, the plurality of parameters are selected from one or more,
10 or more, 50 or more, 100 or more, 150 or more, 200 or more, 250 or more, or 300 or more

of the quantifiable fibrosis parameters listed in Appendix A

BRIEF DESCRIPTION OF THE DRAWINGS

18055] Further features of the disclosure, its nature and various advantages, will be apparent
upon consideration of the following detailed description, taken in comjunction with the
accompanying drawings, in which like reference characters refer to like parts throughout, and
in which:

{0056] FIG. 1 depicts an exemplary system for quantifying a phenotype of fibrosis, according
to an illustrative implementation;

{8057} FIG. Zis a high-level flow diagram of a process for quantifying a phenotype of fibrosis
in a digital image of a biological tissue sample, according to an illustrative implementation;
{0058] FIG. 3 depicts a set of exemplary digital images with corresponding exemplary tissue
fevel parameters, according to an itlustrative implementation;

{6059] FIG. 4 depicts an exemplary data structure that stores mean valuegs of example tissue

level parameters, representing different features of collagen depicted in digital images of the
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calibration data set, taken from biological samples having known fibrosis stages in biopsies of
adult patients with Liver NASH (FO, F2, F4), according to an illustrative implementation;
{8060] FIGS. 5-6 depict the same set of exemplary digital images as shown in FIG. 3, with
corresponding exemplary morphometric level parameters for the length (FIG. 5) and the
eccentricity (FIG. 6) of the collagen objects identified in the digital image, their histogram
distribution and some of the related histogram analysis quantitative parameters, according to
an tllustrative implementation;

{8061] FIG. 7 depicts an exemplary data structure that stores the results of the histogram
analysis of some examples of morphometric level parameters, representing different features
of collagen depicted in digital images of the calibration data set, taken from liver biopsies of
adult patients with NASH having konown fibrosis stages (FO, F2, F4), according to an
iltustrative implementation;

18062] FIG. 8 depicts the same set of exemplary digital images as shown 1in FIGS. 3 and 5-9,
with corresponding exemplary texture level parameters, their histogram distribution and some
of the related histogram aunalysis quantitative parameters, according to an illustrative
implementation;

{6063] FIG. 9 depicts an exemplary data structure that stores mean values of example texture
level parameters, representing different texture organizational features of collagen depicted in
digital images of the calibration data set, taken from liver biopsies of adult patients with NASH
having known fibrosis stages (FO, F2, F4), according to an illustrative implementation;

10064] FIG. 10 1s an exemplary flow diagram of a calibration process for selecting parameters
to include in a calculation of a composite score for quantifying a phenotype for fibrosis for a

specific population, according to an illustrative implementation;
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{0065] FIG. 11 depicts exemplary normalized values for quantitative parameters in a
calibration data set for different fibrosis phenotypes for a specific population, according to an
illustrative implementation;

{6066] FIG. 12 depicts a plot showing the noise versus rate of change of various guantitative
parameters in a calibration data set for a specific population, according to an illustrative
implementation;

{0067] FIG. 13 depicts a processed version of an exemplary digital image, in which certain
areas of the image are recognized as collagen (black pixels) and a collagen object is extracted
from the image, according to an illustrative implementation;

10068] FIG. 14 depicts a processed version of an exemplary digital image, in which different
collagen features, including steatosis, fine (or “perisinusoidal” in the case of liver) collagen,
and assembled collagen are extracted, according to an ilustrative implementation,

18069] FIG. 15 depicts on the left, a heat map of a set of selected quantitative parameters (y-
axisy describing collagen features in a calibration data set for different populations, including
control, untreated, vehicle, and treated at different doses {10, 30, and 100 mg/kg), and on the
right, a bar graph showing the fibrosis composite score is able to track the different stages of
disease, including response to treatment, according to an tllustrative implementation;

{6070] FIG. 16 depicts on top, a heat map of a set of selected quantitative parameters (y-axis)
describing collagen features in a calibration data set for liver biopsies of adult patients with
NASH, including FO, F1, ¥F2, F3, and F4 (x-axis), and on the bottom, a bar graph showing the
fibrosis composite score is able to track the different stages of the disease, according to an
illustrative implementation;

{6071] FIG. 17 depicts data indicating how the composite score, developed to quantify the
severity of fibrosis in adult patients suffering from Primary Biliary Cholangitis, correlates with

the Nakanuma fibrosis stages (FIG. 17A), and provides a continuous assessment of changes (in
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this case reduction) of fibrosis in a cohort of patients from baseline to follow up (after
treatment) biopsies (FIG. 17C) and resolving the improvement changes within the buckets of
the Nakanuma categorical scores (FIG. 17B), according to an illustrative implementation;
{6072] FIG. 18 depicts a processed version of an exemplary digital image, in which certain
regions of the digital image are recognized as collagen (gray pixels), and the collagen is
organized into various collagen objects of different collagen classes (indicated by different
grayscale intensities, according to an illustrative implementation; and

{0073} FIG. 19 depicts data indicating how the composiie score, developed to distinguish
between NASH 1 and NASH 2 patients, performs well when the score is based on two top-
performing parameters selected from a set of candidate parameters, according to an iHustrative
implementation.

DETALLED DESCRIPTION

18074] To provide an overall understanding of the systems and methods described herein,
certain illustrative embodiments will now be described, including systems and methods for
quantifying the phenotype of fibrosis from digital images of biological tissues. However, it
will be understood by one of ordinary skill in the art that the systems and methods described
herein may be adapted and modified for other suitable applications, such as any data
clagsification application, and that such other additions and modifications will not depart from
the scope thereof. Generally, the computerized systems described herein may comprise one or
more engines, which include a processor or devices, such as a computer, microprocessor, logic
device or other device or processor that is configured with hardware, firmware, and software
to carry out one or more of the computerized methods described herein.

{6075] The present disclosure relates to systems and methods for quantifying the phenotype of
fibrosis {(corresponding to the fibrosis observable traits) from a digital image of any tissue. The

3 K

digital iroage reflects an opuical biomarker that is specific to the collagens present w the tissue.
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The systems and methods for quantifying the fibrosis phenotype may be automated, and
provide a continuous quantification of fibrosis in any kind of biological tissue from any digital
image that depicts collagens 1n the biological tissue.

{0076] The digital image is generally an image of a biologieal tissue prepared and stained for
coliagen and digitaily acquired by Whole Slide hmaging (WSH methods.  The present
disclosure 15 not limited to any specific tissue imaging method, so long as the digital image
includes a distinguishing marker specific to one or multiple collagen molecules versus non-
collagen molecules. The biological tissue could be from a human, animal or from any other

biclogical system, and may be taken from the liver, lung, heart, muscle, skin, kidney, gut,
pierus, eye, adipose tssue, Hissue from the gasinie intestinal tract, cancercus fissues in humans
or animals, or any other organ or portion of the bady or phenotypcally relevant brosystem that
is suysceptible to fibrosis. The digital image may include a two-dimensional digital image(s), a
three-dimensional digital image(s), a digital image stack(s}, a static digital image(s), a time-
course series of digital images, a digital movie(s), or any suitable combination thereof. The
digital image includes an optical marker specific to collagen, either from collagen-specific
stains used in histopathology methods, or from intrinsic bic-optical markers specific to collagen
{and fibrosis) intrinsic to the optical imaging method (such as second harmonic generation)
fibrosis, or in more general terms to any kind of collagen.

18077] As used herein, an organ includes any of the aforementioned bodies or body porfions,
or it may include meso-biological systems such as spheroids or printed organs that can also
develop fibrotic conditions.  Genersily, an organ can wnclude any phenotypically relevaunt
brosystem that 1s susceptible to fibrosis.,

{6078] It 1s an object of the present disclosure to provide automated and continuous
quantification of the tibrosis phenotype in any kind of digital image indicating the presence of

one or more collagens from of any kind of biological tissue. In contrast to a categorical
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approach that only coarsely defines the stages of fibrosis as one of a small number (e.g., 4-0)
stages, an approach that uses continuous quantification uses a continuous scale to quantify the
fibrosis. The continuous scale allows for precise tracking of fibrosis progression even on short
timescales, and allows for tracking of response to treatment or treatment candidates of fibrosis.
it also allows for the system to distinguish and classity tissues with different phenotypes of
fibrosis (e.g., with possibly the same amount or basic features of collagen), and/or to develop
biomarkers for fibrosis (as the continuous quantification of fibrosis can be used to establish
robust correlation with the continuous values of the biomarker candidates). The present
disclosure provides a scoring system for fibrosis that is continuous, and offers improved signal-
to-noise ratio, detection threshold and dynamic range so that it can precisely quantify the
fibrosis phenotype.

{0079] The present disclosure has clinical applications in quantifying fibrosts of human
patients, but also has pre-clinical applications in animal and other biclogical models. The
fibrosis phenotypes correspond to fibrosis-related conditions having different outcomes of
fibrosis disease. In one example, the fibrosis phenotypes correspond to disease severity, and
may correspond to NASH-CRN F disease stages, which include FO, F1, F2, F3, and F4. Inone
example, the fibrosis phenotypes correspond to different values or ranges of a fibrosis-related
biomarker that is indicative of progression (or regression) of fibrosis, severity of fibrosis,
response to treatment, or any combination thereof. In one example, the fibrosis phenotypes
correspond to different classes of fibrosis, such as NASH 1 versus NASH 2 in pediatric
populations with NASH. Any of these examples of fibrosis phenotypes may be present in
human and avimal biological tissues and accordingly have both clinical and pre-chinical
applications. In some implementations, a digital image of a biological tissue sample is assessed
for multiple fibrosis phenotypes at the same time. Specifically, different composite scores may

be assessed on the same digital image, where each composite score represents a different
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fibrosis phenotype. For example, for a patient suffering from a fibrotic condition, a fibrosis
severity composite score, a fibrosis progression composite score, and a fibrosis type composite
score roay be assessed in paraliel from the same digital image of a biopsy to determine how
severe the disease s, how fibrosis is progression in the subject, and to classify the type of
fibrosis in the subject, respectively.

{0080] The figures of the present disclosure are described below in detail and illustrate
exeruplary systems, methods, data structures, and graphs that provide a robust and accurate
way to quantitatively characterize fibrosis.  The figures further demonstrate that the
quantitative approaches described herein improve upon existing categorical approaches to
quantify fibrosis severity by having a continuous scale that allows a composite score to closely
track progression of fibrosis as it worsens, and regression of fibrosis in response to treatment
or therapy.

18081] Specifically, FIGS. 1-2 depict a representative system 100 (FIG. 1) and a high level
flow diagram 200 (FI1G. 2) forimplementing the systems and methods of the present disclosure,
for quantifying the phenotype of fibrosis. FIGS. 3-9 show exemplary ways to extract various
data from digital images taken of biological tissue samples having differing severity of fibrosis
as defined by pathologists and widely proven by patient outcomes. Namely, the present
disclosure relates to at least three levels of quantitatively characterizing fibrosis from an image.
As used herein, different levels of quantitatively characterizing fibrosis from an image
correspond to different ways of characterizing the appearance and organization of collagens in
the image. Specifically, the different levels of the present disclosure relate to macroscopic
characteristics of the collagens (tissue level), roorphometnic characteristics of the collagens
{morphometric level), and organizational characteristics of the collagens (texture level). Each
of these levels is described in further detail below. FI1GS. 3-4 relate to tissue level features that

describe macroscopic characteristics of the collagens depicted in the digital image. FIGS. 5-7
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relate to morphometric level features that describe morphometric characteristics of the
collagens depicted in the digital image, and their relative histogram distributions from which
several quantitative parameters are extracted. FIGS. 8-9 relate to texture level features that
describe collective and regional organizations and shapes of the collagens depicted in the
digital image, and their relative histogram distributions from which several quantitative
parameters are extracted. FIGS. 10-12 relate to an illustrative method and exaraple histogram
plots for selecting which of the various quantitative parameters representing the features
described in relation to FIGS. 3-9 to wnclude 1n the generation of a composite score for
representing the phenotype of fibrosis on a continuous scale. FIGS. 13-14 and 18 depict
exermplary digital images that are pre-processed to identify collagen objects in tissue samples.
FIGS. 15-17 show that the phenotypic composite score of the present disclosure 15 able to track
severity of fibrosis as well as regression of fibrosis, in response to treatment for instance, and
improves upon known coarse categorical approaches to defining the fibrosis phenotype. FIG
19 indicate that the phenotypic composite score of the present disclosure is able to classity
patients as NASH 1 versus NASH 2.

{8082] FIG. 1 depicts an exemplary system 100 for quantifying the phenotype of fibrosis from
a digital image containing collagen-specific information in tissue, according to an illustrative
implementation. The system 100 includes a server 104 and a user device 108 connected over
a network 102, The server 104 and the user device 108 each include one or more processors
to perform any of the methods or functions described herein.  As used herein, the term

~

“processer’ or Ccompuiing deviee” refers to one of more computers, mucroprocessors, togic

7

devices, servers, or other devices configured with hardware, firmware, and software to carry
out one or more of the computerized techniques described heretn. Processors and processing
devices may also include one or more memory devices for storing inputs, outputs, and data that

is currently being processed.
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{0083] The user device 108 may include, without Hmitation, any suitable combination of one
or more devices configured with hardware, firrmoware, and software to carry out one or more of
the computenzed technigues deseribed heremn. Hxamples of user devices include, without
Hantation, personal computers, laptops, and mobile devices (such as smartphones, blackbernies,
PO Ag, tablet computers, eic. ). The user device 108 includes a user interface, that includes,
without hmitation, any suttable combination of one or more input devices {e g, keypads, touch
screens, trackballs, voice recogmtion systems, et} and/or one or more output devices {eg,,
visual displayvs, speakers, tactile displays, printing devices, etc ). While only one server and
onte user device are shown i FIG. 1 to avoid complicating the drawing, the system 100 can
support multiple servers and multiple user devices.

{0084] In some implementations, the user device 108 18 2 mobile device such as a smartphone
or tablet. In general, one benefit of the systerns and methods of the present disclosure is that

they do not require particularly high resolution digital fmages. Even digital images with
relatively low resolution, such as those captured on a device such as a smartphove or tablet, are
able to be used with the techniques of the present disclosure, to quantify the fibrosis phenotype
in a subject, For example, the user device 108 may be capabie of receiving a small plug-in
device having a receptacle or a slot that holds a glass shide, such as a nucroscope shide

contatmng the biological tissue sample, 1 place. The plug-o device may be configured o

ensure unitorm lighting for the shide, so that a camera on the user device 108 adequately

,.,.;

captures the collagens in the tissue sample i a reproducible mannper.

{0085] The components of the system 100 are depicted as being connected over a network 102
The arrangement and numbers of components shown in FRG. 1 are merely tHustrative, and any
suttable configuration may be used. For example, although FIG. 1 depicts sysiterms 100 as a

v

actwork-based system for quantifying the phenotype of fibrosis, the functional components o

u-h

the system 100 may be implemented as one or more components included with or local to the
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o~ 4

user device 108, that includes a processor, a user interface, and an electronic database. The
processor of the user device 108 may be configured to perform any or all of the functions of
the processors of the server 102, The electromic database of the user device 108 may be
configured to store any or all of the data stored in database 106 of FIG. 1 Additionally, th
functions performed by the components of the systemn 100 may be rearranged. For example,
the server 104 may performo some or all of the functions of the user device 108, and vice versa
[0086] The database 100 13 a distributed system of databases that includes a “calibration data
set” database 106a, candidate parameter databases inchuding “tissue level parameters” databa
106h, “morphometric level parameters” database 106¢, “texture level parameters” database
106d, “collagen classes” database 106e, and "selected parameters” database 1068 As depicted
in FIG 1, each database 13 4 separate database, but any of the databases shown in FIG. T may
be combined into a common database. For example, the candidate parameter databases 100b-

d may be combined together into a single database, which may further be combnined with the

coliagen classes database 106e, the calibration data set database 106a, or both,

{6087] The calibration daia set database 106a includes a set of calibration digital images taken
from biological samples having known phenotypes of fibrosis, which may be stored in

metadata corresponding o the digital images. Multiple sets of calibration digital images may

be stored 1o the calibration data set database 106, where the different sets of images correspond

to ditferent fibrosis phenotypes, such as severity of fibrosis, type of fit

bt

rosis, of different stages
of progression or regression of fibrosis. The digital image 1s generally an image of a biclogical
tissue prepared and stained for collagen and digitally acquired by Whole Shide Imaging (WS
methods. The biological tissue could be from a buwan, armmal or from any other biclogical
systeny, and may be taken from the liver, lung, heart, muscle, skan, kidney, gut, uterus, eve,

adipose tissue, fissue from the gastric infestinal tract, cancerous fissues in human or animals,
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or any other organ or portion of the body or phenotypically relevant biosystenm that is
susceptible to fibrosis,

{0088] bach calibration digital image 18 accompanied by metadata associated with the image,
such as data regarding the patient or amimal {e.g, species, age, geunder, genotype, race, blood
or genetic omarker data,), the nature, characteristics, iocations of the coliagen biomarke
{e.g Second Harmonic Generation channel, or type and color of the histopathology collagen
specific marker), image asnotations oo the image {(e.g, regions of the iwage o exclude from
the analysis), the tibrosis phenotype or severity stage of fibrosis as assessed by a physician,
pathologist, or any other expert, body region or organ that is depicted in the image, whether the
patient or ammal has been treated for fibrosis or another medical condition and the
corresponding treatment protocol, or any other suttable patient data), and/or data regarding the
image {e.g., when the unage was taken, the unaging modality, image dimensions, or any other
suitable image data},

{B089] The set of calibration digital images stored in the calibration data set database 1064 may

include mudtiple subsets of calibration digital images, corresponding to differgnt patient or

st
&}

animal populations, which may be further grouped according to specific sub-popuiations. T

sub-populations may include control groups having no disease and one or more disease staies,

4

and test groups having vanable treatment plans, such as different dosages of 8 drug or therapy.

In an example, the sub-populations correspond to wild-type and genetically modified animal

models such as knock-out animals, so that the present disclosure can be used to study the

i

physiciogical mechanisms of tibrosis, its progression, and response o treatment, or (o dentify
and quantify traits of fibrosis that are different from such two gevetic models, or to ostablish a

scortng technigque that can be used to classify such two models 1n a blinded way.

1809¢] The candidate parameter databases 106b-d include candidate parameters, each of which

s & quantitative measurement that charactenizes the calibration digital images in the calibration
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data set 106a. The candidate parameters and exanmples of how they are derived from individual
digital images are described in detail below, with reference to FIGS . 3-89, Briefly, the candidate
parameters guantitatively assess the digital images at three different levels, Specifically, for
the coliagens depicted 1 a digital image, tissue level parameters guantfy macroscopic
characteristics of the coliagens, morphometric level parameters quantify morphometric {e.g.,

shape and size} characteristics of the collagens, and texture level parameters gquantfy an
organization of the collagens. While parameters at any one level may sometimes be sufficient
for characterizing the fibrosis phenotype in a subject, combining parameters from different
fevels {2.g., two or three levels) generally results in a robust and accurate method to quanuty
phenotype of fibrosis

o

{0091] The collagen classes database 100e represent various classes of collagen that may be

oy

depicted in the calibration digital images. The collagen class corresponds to a specific type o

~

coliagen that is depicted 1n the image, which may exhibit differently for different fibrosis

phenotypes. Thus, using gquantitative parameters {e.g., any of the candidate parameters

described 1o refation to 106b-d) that are spectfic to one or more particular collagen classes may

b

o

further improve robustness and accuracy of the present disclosure. In fact, any of the candidate

i

parameters in databases 106h-8 may reflect total collagen depicted 1o an image, ove specific

colfagen class depicted in the image, or multiple, but not all, collagen classes depicted in the

tmage.
10092] Example collagen classes include single collagen fibers, bundles of collagen fibers
diffuse collagen tissue regions, fine collagen, assembled collagen, tssue regions, long

o [org B g o

collagens, short collagens, high textured regions, low textured regiovs, highly complex

"

en skeleton, any other suttable type of collagen, or any

coliagen skeleton, less complex coliag

combination thereof. FIGS. 13, 14, and 18 depict example representations of how the system

wdentifies different collagen objects in an image, and how the system distinguishes between
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different collagen classes such as fine collagen and assembled collagen, respectively.
Specifically, the system may perform image processing on the raw digital image to dentify

certain regrons of the digital image as betng representative of collagen or a specific form of

coliagen. In other words, the digital image may be masked to identify specific regions as

coliagen.  Different coliagen classes may be useful for distinguishing different {ibrosis
phenotypes.  For example, guantiiative parameters for fine collagen may be used for

5

distinguishing less severe fibrosis stages {e g, FO, F1, F2), while quantitative parameters for
assembled coliagen may be used for distingnishing more severe fibrosts stages (e.g, ¥2, F3,
Fa)

10093] The selected parameters database 1064 corresponds 1o the set of quantitative parameters

51 3

from databases 106b-d {and optionally 106e) that are selected for inclusion 1o a composite score
that quantifies phenctype of fibrosis.  An example process for selecting the parameters in
database 106f from the candidate parameters and calibration data set is described in detail in
relation to FIGS. 10-12. Brefly, the selected parameters correspond to those that distinguish
between fibrosis phenotypes Tor a target subject population, that may reflect a specific species,
age, race, gender, disease state, any other suitable characteristics, or a combination thereof.
Speaitically, the selected parameters may be those that, tor the digital images tn the calibration

fata set corresponding to the relevant target subiect population, are able to distinguish across

different fibrosis phenotypes withouwt tntroducing a large amount of noise.

b

{0094] Generally, the selected parameters stored in the selected parameters database 106 may

0,

be different for ditferent objectives. For examiple, a first set of parameters are selected for

characterizing disease severity {e g., to derive a compostie score that provides a continuous

o

scale for FO-F4) A second set of parameters may be selected for charactenizing progression of

fibrosis. A third set of parameters may be selected for characterizing regression of fibrosis in

response 1o treatment, such as a drag. A fourth set of parameters way be selected for classitying

27



WO 2020/242630 PCT/US2020/028813

oo

the type of fibrosis (e, to derive a composite score that provides & continuous scale and is

74

ubiect as a type of fibrosis, such as NASH 1

o

thresholded by a cut-off value to classity the
versus NASH 23 Any of the parameters selected for the first, second, thied, and fourth sets
may overiap with one another, but generally, sach of the described sets of parameters may

inciude one or more parameters that are unigue to that set, or that are not incluaded in every

ather set. Bach set of sel

()

ccted parametors s used to compute a different composite score, with
a specific objective. In this manner, for a single digital image of 8 biological fissue sample,

N

different sets of selected parameters may be applied to derive different composite scores,

st
)

reflect multiple objectives {e g, characterizing the disease severity and type of tibrosis} at the

same time

{8093] Moareover, the selected parameters stored in the selecied parameters database 1068 may
be specific 10 a certaln set of calibration digital images that share simlar metadata, such as

patients of a specific population {e.g., age, race, gender, sympioms, biood test data), and
different sets of selected parameters may be apphcable to different populations,

{6096] In one example, a3 18 described in more detad 1o relation to FIGS, 10-12, to determine
whether a particular parameter can distinguish across different fibrosis phenotypes without
wntroducing much noise, the parameter’s distribution of values {across the relevant calibration

digital images for a specific fibrosis phenotype) 18 evaluated for U8 mean and standard

deviation, and the mean and standard deviation are evaluated for different fibrosis phenotypes.

o

if the mean value changes for different fibrosis phenotypes, and the standard deviation for the
inddividual phenotypes 1s not too large, then the parameter s selected. As s desertbed in more

detai! below, the selected parameters are combined 1o provide one or mwore composite seores

that quantify the fibrosts phenotype of the buman or animal tn the digital image. It should be

mderstoad that the technigques and examples described in relation to FIGS. 10«12 are shown
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for iHustrative purposes only, other methods of selecting informative parameters from a set of
candidate parameters may be used without departing from the scope of the present disclosure,
{8097] In an vwplementation, the user device 108 provides a digital image taken of a
histopathology tissye section, 1o the server 104 over the network 102, The digital image may
include a two-dimensional digital image(s), a three-dimensional digital image(s), a digital
image stack(s}, a static digital image(s), a time-course series of digital images, a digital
movie(s), or any suitable combination thereof. The digital 1mage includes an optical marker
specific to collagen, either from collagen-specific stains used in histopathology methods, or
from intrinsic bic-optical markers specific to collagen (and fibrosis) intrinsic to the optical
imaging method (such as second harmonic generation) fibrosis, or in more general terms to any
kind of collagen. Unlike the digital iroages in the calibration data set database 106a, the digital
image from the user device 108 may not be associated with a known phenotype of fibrosis.
Alternatively, the fibrosis phenotype may be known, or already assessed by a pathologist or
clinician, but the present disclosure 1s used to validate that assessed phenotype. Generally,
other metadata may accompany the digital image, such as any of the other metadata described
in relation to database 106a. That metadata may be used to determine which parameters to
include in the composite score calculation. For example, the metadata may inform which
subset of calibration digital images should be applied, and therefore which selected parameters
to use to compute the composite score.

{0098] The server 104 performs a computational analysis on the digital image to obtain a score
(or scores) that quantify the entire fibrosis phenotype, or a subset of the phenotype. That score
can be used to describe the severity, progression, regression, or type of the fibrosis in the tissue
sample. To obtain the score(s), the server 104 performs the method 200 described 1o relation

to FIG. 2, which s based on a set of quantifative parameters that are described in refation to
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FIGS. 359, which are selected based on a calibration technique, such as the one described in
relation to FIGS, 10-12,

{8099] In some implementations, the server 104 computes only a single score that characterizes
the fibrosis in the digital image received from the user device 108, Alternatively, the server
104 computes multiple composite scores, each of which characterizes the fibrosis in the digital
image. For example, different composite scores may be computed for the same digital image,
including one composite score that quantifies the disease severity (e g., FO-F4), optionally
another composite score that quantifies the progression of fibrosis, optionally another
composite score that quantifies the regression of fibrosis in response to treatment, and
optionally another composite score that quantifies the type of fibrosis (e.g., NASH 1 versus
NASH 2} For each composite score calculation, different quantitative parameters are selected
to be specific to the objective {e.g., to quantify severity, progression, regression, or type of
fibrosis), as is discussed in more detail in relation to FIG. 10.

{6100} In some implementations, different composite scores are computed for different jevels
of features. Specifically, a separate composite score may be computed for tissue level
parameters, morphometric level parameters, and texture level parameters, or for any
combination of two levels (e g, tissue and morphometric, morphometric and texture, or tissue
and texture). Then, the resulting composite scores may be combined into a single value, or
combined as a vector to represent the fibrosis phenotype. In some implementations, using
different composite scores for difterent levels of features is one way to remove potential biases
that may be introduced as a result of one level having significantly more selected parameters
than another level. Generally, the composite scores may be normalized by the number of
selected parameters in a particular group, such as the level.

{8101] The server 104 provides the composite score{s) over the network 102 1o the user device
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sty

user.  For example, the user device 108 may display the actual pumber or numbers

corresponding to the composite score, which represenis the fibrosis phenotype, such as disease
seventy, progression or regression of fibrosis, or type of fibrosis for the subject associated with
the uploaded digital tmage.  Simlarly, the server 104 may provide a processed version of the
digital tmage to the user device 108 for display. The processed version of the digital image
may indicate specific regions of the digital image that are wWenufied a5 certain classes of

colfagen, such as that depieted in FHG. 14, or certain collagen objects, such as that depicted in

FiGy

et
e

{0102] Moreover, the server 184 may save the composite score{s), the ongnal digital image,

any metadata associated with the diguial iroage {e.g., patient information such as race, gender,

age, blood test data, or irwage wiormation such as imagiog modality, resolution, when the
sample o image was taken) and any indication of the extracted features of the digital tmage to

produce the composite scoreds) inio database 106, or any other suitable database accessible to

\

the server 104, Saved data may further include the parameters caloulated from the digital

&

image, and any processed versions of the digital image, such as those that indicate locations of

iy

specific collagen objects (FIG. 13) or certain coliagen classes (FIG. 14}

{0103] FIG 21s a flowchant of a method 200 that way be implemented by the system 100 o
quantify the phenotype of fibrosis from a histopathological digital image of tissue. In general,

the method 200 provides an analysis that precisely quantities the phenotype of fibrosis i the
tissue sample. While the steps of the method 200 are described below as being performed by
the server 104, it will be understood that the user device 108 may perform any of all of the
steps of the method 200 locally, or any or all of the steps of the method 204 may be performed
by some other device, without departing fron the scope of the present disclosure.

{8104] There are various ways to guantify the phenotype of fibrosis in the tssue sample,

without departing from the scope of the present disclosure.  One primary purpose of the
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1erein 18 1o reduce the dimension of the data set {e g, the set of candidate

o,

approach described
parameters), o identify and select parameters that account for the variance in the calibration
digital tmages {¢ g., the vartation in the way collagen appears in digital tmages for different
fibrosia phenotypes).  The selected parameters may be referred to herein as “principal
parameters,” which are wlentified based on the computational methods described herein, o
aceount for the changes in appearance of collagen for different types of tibrosis, differen
severities of fibrosis, and different stages of progression or regression of fibrosts. The methods
described tn relation to FIG 2 are provided as examples only, and it will be undersiood that
cther methods may alse be used to identify the principal parameters, such as principal
component analysis (FCAY

{B163] At step 220, the server 104 receives a digital image of a biological tissue sample,
wherein the digital image includes a depiction of collagens in the biological tissue sample. The
present disclosure 1s not Himited to any specific tissue imaging method, so long as the digital
image tncludes a distinguishing marker specific to one or multiple collagen molecules versus
non-collagen molecules. Notably, the systems and methods of the present disclosure may apply
the same computational analysis to quantify the fibrosis phenotype of the tissue sample,
regardless of the specific tissue type, histology staining method, collagen biomarker, collagen
optical biomarker or imaging modality that was used to create the digital image.

{8106} Generally, the imaging method to take the digital image of the biological tissue sample
involves an optical marker specific to collagen. That optical marker may be from collagen-
specific stains used in histopathology methods, from intrinsic bio-optical markers specific to
collagens {(and fibrosis) intrinsic to the optical imaging method (such as second harmonic
generation} fibrosis, or in more general terms to any kind of collagen.

The server 104 performs some pre-processing of the digital image when the digital image 1s

recetved. Such pre-processing may include identification of the collagens that appear in the
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digital image, examples of which are depicted in FIGS. 13-14 and 18. For instance, FIG. 13
depicts an example of detection of a collagen object in a digital image, from a set of adjacent
pixels that represent an amount of collagen. In another example, FIG. 14 depicts a pre-
processed digital image in which different collagen classes are identified, including steatosis,
fine collagen, and assembied collagen. FIG. 18 depicts another example of a raw, unprocessed
digital image (top row) and the processed version {(bottom row), depicting identification of
different collagen objects of different types, indicated by gray-scale intensity. For example,
such pre-processing may include color-based segmentation, thresholding, filtering,
enhancement, texture analysis, binarization, edge detection, region analysis, Fourier
transformation, object detection, object analysis segmentation, skeletonization, machine
fearning, deep learning for image processing, 2D and 3D variants of any of these techniques,
and any other computational technigue that can enrich the extraction of collagens from an
image.

{8167} In some implementations, the image is taken using a tissue imaging method or
combination of tissue imaging methods or modalities that can enrich the detection signal of the
fibrous tissue, so that the collagen in the resulting image of the tissue sample is more easily
detected. Suitable tissue tmaging methods include fluorescent imaging, using ex-vivo fresh
tissue, performing optical biopsies, in-vivo imaging {(such as endoscopic imaging, for
example}. In general, any digital imaging and optical methods may be used, including stained
histopathology slides imaged by Whole Slide Imaging Scanners, two-photon microscopy,
fluorescence imaging, structured imaging, polarized imaging, CARS, OCT images, and other
images of biological tissue, or any suitable combination thereof, in any configuration and
wavelength. The present disclosure is applicable to any kind of digital imaging methods that
would generate a digital image by virtual biopsy imaging, such as is used for fresh tissue

imaging and/or endoscopy.
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{0108] At step 222, the server 104 processes the image recetved at step 220, to quantify a
plurality of parameters, each parameter describing a feature of the collagens in the biological
tissue sample that is expected to be different for different phenotypes of fibrosis. The
quantitative parameters represent various features of collagens appearing in the digital image,
either individually or as a group, and are the same parameters described above, selected from
the set of candidate parameters stored in databases 106b-d and described below in detail in
relation to FIGS. 3-9. The quantitative parameters are generally sorted into three levels and
are described in detail in relation to FIGS. 3-9.

{0109] As discussed briefly above, these guantitative parameters can be categorized into at
ieast three distinet fevels: (1) the tissue level, in which collagen is measured macroscopically
as an aggregation of collagens across the image; (2) the roorphometric level, which quantifies
the shape and size of individual collagens (or collagen objects); and (3) the texture level, which
quantifies the organization of the collagens with respect to one another across the image.
{0110] FIGS. 3-9 depict how different types of parameters are used to quantify fibrosis in
digital image. Hach of FIGK. 3, 5-6, and 8 depicts a set of three exemplary digital images of
tissue samples (included in the calibration data set, for example) having different known
fibrosis phenotypes (e.g., FO, F2, and F4). The same three digital images are repeated in each
of FIGS. 3, 5-6, and 8 Below each image in each of these figures is a table that lists example
quantifative parameters that represent tissue level features (FIG. 3), morphometric level
features (FIGS. 5-0), or texture level features (FIG. 8) for each fibrosis phenotype of FO, F2,
and F4.

{6111] Moreover, each of FIGS. 4, 7, and 9 show data structures that summarize the tissue
fevel features (FI1(G. 4), morphometric level features (FIG. 7}, and texture level features (FIG.
9} and indicate whether each parameter is selected to be included in the generation of the

composite score. For FIGS. 5-9 (morphometric level and texture level), the quantitative
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parameters are based on histogram analysis, as is described in detail below. The figures only
indicate exemplary quantitative parameters, and are for illustrative purposes only. For
siraplicity of the figures, not all possible parameters are shown, and it should be understood
that different parameters could be used without departing from the scope of the present
disclosure. The appendix includes ancther exemplary list of quantitative parameters that may
be used, but different parameters could also be included, such as different metrics and statistics,
including those of different cut-off values than indicated.

{8112] Moreover, each quantitative parameter described herein may be representative of the
coliagen as a whole {e.g., total collagen represented in the digital image), or may otherwise
only represent a portion of the depicted collagen. For example, the parameters may be
computed only on specific area of the tissue (e.g., border, portal region, around glomeruli in
the kidney, or any other suitable specific area), in subgroups or classes of the collagen, such as
large versus small collagen (as defined by the form factors of their skeleton), faint versus dense
collagen (as defined by the average optical/pixel/intensity value), individual versus bundles of
coliagen fibers, fing versus assembled collagen (see FIG. 14), other suitable classes of collagen,
or any suitable combination thereof. Limiting certain quantitative parameters to specific areas
or subgroups of the total collagen depicted in the digital image may lead to more precision tor
quantifying fibrosis phenotype in the final scoting system.

{8113 As discussed below, some parameters relate o a single value characterization of the

]

coliagen depicted in the digital image {(2.g., tissue level parameters) Other parameters {e.g.,

morphometric fevel parameters anddor texture level parameters) relate to multiple value
characterization, and wvolve statistics {e.g.. computed from histograms) to account for trends
{e.g., mean), transition {e.g, statistics Hmited o above or below cut-off values, or ranges in
between cut-off values), or variability (e ¢, standard deviation, kuriosis) These examples are
tissue level parameters

provided for ilustrative purposes only, and v some implementations
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are associated with hustograms and involve statistics. Moreover, in some implementations,
morphometric lovel parameters and/or texture level parameters relate to single value
characterization.  The cut-off values segment a distribution into multiple sections, 8o as to
create different statistics for the sections. For example, long versus short collagen fibers may
be detined by a cut-off value separating long versus short. Similarly, another cut-oft value may
detine tow versus high texture entropy. The selection of cut-off values may be performed by
a user, and optimized for specific tissues. For example, a low cut-off value for fength may be
used for radents, while a higher cut-off value for length may be used for larger animals. As

another example, the user may select the cut-off value depending on the phenotymng objective,

such as detection of a fibrosis phenotype with low severity {e g, FO, F1, F2) compared to higher

{0114] At the tissue level (FIGS. 3.4}, these features describe the macroscopie properties of
the collagens in the digital image and guaniity overall amounts of coliagen depicted across the
eutire digital image. Example tssue fevel parameters mclude the object normalized count,
skeleton nodes normalized count, collagen reticulation index, total collagen area ratio, the large
coliagen object normalized density {count per area of surface), the small collagen object
normalized density, and others. As depicted in FIG. 4, some parameters correspond {o
transformations of one or more other parameters. For example, total collagen area ratio is one
parameter listed in FIG. 4, and so is s square root.  Similarly, the assembied/fine CAR ratio
is a parameter that corresponds to a transformation of two other parameters: the assembled
CAR and fine CAR. These transformations are included as examples only, and in general, any
transformation may be applied to any combination of the parameters, including parameters at
the tissue, morphometric, and texture levels.

I8115] At the morphometnic level (FIGS, 5.7, these features describe the morphomsiric

characteristics {or the shape and dimensions) of the collagens 1o the digital 1wage Because
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3

there is generally more than a single collagen (e g, one fiber} depicted in the digital image, and
in severe cases, that could be many collagens or collagen objects (e.g., multiple fibers, bundies
of fibers, or tissue rogions) depicted o the mmage. Rather than including a different value
characterizing each individual collagen fiber as a parameter, the approach described herein uses
a histogram analysis 1o analyze the distribution of morphometric values across the collagens or
collagen objects appearing in the image. In this manner, the quantitative parameters describing
morphometric level features correspond to statistios that can be denved from the listogram {or
distribution of values), such as normalized count, mean, median, standard deviation, skew,
kurtesis, and any other suitable statistic. Example morphometric characteristics that are used
to generate the histograms wnclude length, skeleton length, width, eccentricity, solidity,
curvature ration, area, perimeter, collagen density, color intensity, form factors such as area to
perimeter ratio, or color to curvature ratio, and any other relevant parameter that describes the
shape, dimensions, or appearance of collagens.

{0116] Atthetexturelevel (FIGS. 8-9), these features describe the organization, or distribution,
of the collagens in the digital image. In order to capture how the collagens are distributed
throughout the image, the approach described herein uses a histogram analysis, similar to the
morphometric level analysis described above in relation to FIGS. 5-7. However, rather than
analyzing the distribution of values across collagens or collagen objects (as 1s done for
morphometric level features), the texture level features involve a distribution of values across
different regions of the digital image. For example, a sample value may be measured from a
sample window (having size smaller than the size of the overall digital image) of the digital
image. A set of sample values are derived as the sample window 13 shifted (in a overlapping
or non-gverlapping manner) in both dimensions (x- and y-directions} across the digital image.

That set of sample values corresponds to a sample distribution for the texture level analysis,

which generates a histogram of the sample values for a digital image. In this manner, the
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quantitative parameters describing texture level features correspond to statistics that can be
derived from the histogram (or distribution of values), such as normalized count, mean,
medium, standard deviation, skew, kurtosis, and any other suitable statistic. Example texture
characteristics that are used to generate the histograms include second order statistics including
the collagen image pixel intensity level co-occurrence matrix and subsequent calculation of
parameters such as energy, homogeneity, correlation, inertia, entropy, skewness, kurtosis,
related GLCM parameters, and any other relevant parameter that describes the organzation of
collagens in an image.

{0117} Returning to FIG. 2, at step 224, the server 104 combines the plurality of parameters
quantified at step 222, to obtain one or more composite scores indicative of a phenotype of
fibrosis for the biological tissue sample. The composite score may be derived based on a
mathematical transfer function that combines some or all of the quantitative parameters
computed at step 222, such as a sum of the selected guantitative parameters, where the sum can
be a normalized sum or a weighted sum. The composite score precisely quantifies the fibrosis
phenotype (generally along a continuocus scale so that it improves upon the coarse, categorical
approaches of the prior art by providing wide dynamic range and high resolution), and can be
used to describe the state of fibrosis inn the biological tissue sample, progression of fibrosis in
the sample, or regression of fibrosis in the sample in response to treatment. Derivation of the
method to compute the compostie score may involve manual and/or automated methods that
reduce the dimension of the calibration data set (by identifying candidate parameters that have
the best signal-to-noise and are validated by existing models of fibrosis (such as METAVIR),
as described below with reference to FIGS. 10-12), identify correlations and/or principal
components, or any combination thereof.

{8118] In general, multiple composite scores may be computed, where each composite score

is specific to a particular level {e.g., tissue, morphometric, or texture) and/or collagen class
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{e.g., fine or assembled). For example, a Tissue-Level Fibrosis Composite Score, a
Morphometric-Level Composite Score, a Texture-Level Composite Score, and/or a phenotypic
composite score may be calculated. Then, the resulting composite scores may be combined to
obtain a single value for quantifying the fibrosis phenotype.  Alternatively, the multiple
composite scores may remain separate as a vector of a small set of numbers that describe the
fibrosis phenotype. The composite score may be referred to herein as the Fibrosis Composite
Score.

{8119} The following description of FIGS. 10-12 provide ways to select specific parameters
from the list of candidate gquantitiable parameters, for inclusion in the computation of the
composite score.

{0120] FIG. 10 depicts an exemplary flow diagram of a calibration process 1000 for selecting
parameters to include in a calculation of a composite score for quantifying a phenotype for
fibrosis tor a specific population. The process 1000 is discussed below as being performed by
the server 104, but in general, may be performed locally by the user device 108 or by any other
suitable device that can receive the digital image from the user device 108, either over the
network 102 otherwise.

{0121} Asdiscussed above in relation to the selected parameters database 106f, the calibration
process 1000 selects parameters from a set of candidate parameters that are computed based on
a set {or a relevant subset) of calibration digital images. The selected parameters are included
in the calculation of a composite score that quantifies phenotype of fibrosis, so the selected
parameters should distinguish between fibrosis phenotypes for a specific target subject
population {e.g., corresponding to the subject of the digital image that is uploaded by the user
device 108, for example). Generally, the selected parameters are those that, for the digital

images in the calibration data set corresponding to the relevant target subject population, are
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able to distinguish across different fibrosis phenotypes without introducing a large amount of
notse,

{0122] At step 1032, the server 104 receives the calibration digital images 1030 (described in
relation to the calibration data set database 106a), and separates the calibration digital images
1030 according to fibrosis phenotype. As discussed above, the fibrosis phenotypes correspond
to fibrosis-related conditions having different outcomes of fibrosis disease. Those different
outcomes may correspond to different disease severity {e.g., NASH-CRN F disease stages,
which inchude FO, F1, F2, F3, and F4), different values or ranges of a fibrosis-related biomarker
that is indicative of progression of fibrosis, regression of fibrosis in response to treatment, or
both, or ditferent classes of fibrosis (e.g., NASH 1 versus NASH 2). For the calibration data
set, the fibrosis phenotypes of the digital images are known, and are as evaluated by a physician
or pathologist (e.g., FO, F1, F2, F3, F4, NASH 1, NASH 2, etc.}. The calibration digital images
1030 are separated into different categories according to their corresponding known fibrosis
phenotypes.

{0123] The calibration digital images 1030 may be further separated according to other
metadata associated with the images 1030. For example, the calibration digital images 1030
may be separated according to specific population data, such as race, gender, age, organ, or any
other known data associated with the calibration digital irnages 1030.

{8124] At step 1034, a fibrosis phenotype iterative parameter 1 is initialized to one. At step
1042, the server 104 receives three sets of candidate parameters {e.g., candidate tissue level
parameters 1036, candidate morphometric level parameters 1038, and candidate texture level
parameters 1040) are received, and for the i-th fibrosis phenotype, processes the corresponding
calibration digital images 1030 to obtain mean and standard deviation of each candidate

parameter.
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{0125} When the digital images are evaluated for the quantitative parameters, all of the image
may be processed, or just sene of the tmage roay be processed, such as regions of the image
corresponding to a specific target location of the hiological tissue sample. For example, when
the biological tissue sample is of the hver, the collagens in the image may be located o the
septal region, the portal region, the peri-vascular region, the collagen capsule, or structural
coliagen regions,  Any of these regious of a combination thereof may be included for
assessment. Ap understanding of these regions may also inform the selection of candidate
parameters. For example, anatomically relevant collagens may include septal bridges 1o liver
or glomerull in kdoey, that have expected sizes, shapes, and arrangements.  Moreover, the
digital images mayv be preprocessed to wdentify certain collagen obiects {see FIG 13 or o
wdentify cortain collagen classes (see FIG. 14},

{0126] As discussed above, some of the candidate parameters 1036, 1038, and 1040 may
correspond to the total collagens in the image, or a subset of the collagens, such as those of a
particular collagen class or classes. If the i-th fibrosis phenotype is vot the last fibrosis
phenotype to be considered {decision block 1044), the tterative parameter 1 ts incremented {step
1046} and the process 1000 returns to block 1042 to evaluate the mean and standard deviation
of each candidate parameter for the next fibrosis phenotype. This process is repeated until all
fibrosis phenotypes are considered (e.g., the i-th fibrosis phenotype is the last fibrosis
phenotype.

{0127} In other words, for each fibrosis phenotype i, the corresponding calibration digital
images 1030 are identified (having known fibrosis phenotypes corresponding to the i-th fibrosis
phenotype). For each of those identitied images, the set of candidate parameters across the
three levels (1036, 1038, and 1040} are evaluated, to generate an NxM matrix, where N

corresponds to the total number of candidate parameters, and M corresponds to the number of
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calibration digital images for the i-th fibrosis phenotype. For each candidate parameter, the
mean and standard deviation of the M corresponding values are evaluated.

{0128] When all fibrosis phenotypes have been evaluated for mean and standard deviation, the
process 1000 then evaluates the means and standard deviations of each candidate parameter to
determine whether the respective candidate parameter has a signal (e.g., distinguishes between
different fibrosis phenotypes of the calibration data set) without introducing much noise (e.g.,
low standard deviation within a given fibrosis phenotype of the calibration data set). To begin,
the server 104 proceeds to step 1048 to initialize a candidate parameter j to one.

{0129} Atstep 1050, for the j-th candidate parameter, the server 104 assesses the rate of change
of'the mean for different tibrosis phenotypes, to determine whether the 1-th candidate parameter
distinguishes between different fibrosis phenotypes. The rate of change may be assessed across
different types of fibrosis so as to determine whether the j-th candidate parameter can
distinguish between types, or across different stages of fibrosis progression, so as to determine
whether the j~-th candidate parameter can distinguish between different severities of fibrosis.
{130] At step 1052, the server 104 determines whether the rate of change evaluated at step
1050 1s above a first threshold, to determine whether the j-th candidate parameter distinguishes
between fibrosis phenotypes. I so, the server 104 proceeds to step 1054 to determine whether
the standard deviation for the j-th candidate parameter is below a second threshold. If so, the
server 104 proceeds to step 1056 to add the j-th candidate parameter to a set of selected
parameters. Then, if the j-th parameter is not the last candidate parameter {decision block
1058}, then the iterative candidate parameter j is incremented {step 1062}, and the server 104
returns to block 1050 to consider the next j-th candidate parameter. For any j-th parameter for
which the rate of change is below {or equal to) the first threshold (decision block 1052) or the
standard deviation is above (or equal to) the second threshold (decision block 1052}, the server

104 skips step 1056, does not add the j-th parameter to the set of selected parameters, and
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proceeds to the next parameter. These steps (1050, 1052, 1054, 1056, 1058, and 10062) are
repeated until all M candidate parameters have been considered and are either selected or not
selected. At step 1060, the server 104 outputs the set of selected parameters.

{0131 FIG. 11 depicts four plots of exemplary mean values of normalized candidate
parameters (v-axes) for different fibrosis phenotypes (x-axes, representing fibrosis progression
with increasing disease severity). As depicted in FIG. 11, many candidate parameters do not
change much for different fibrosis phenotypes, and thus have relatively flat siopes. These
candidate parameters with flat slopes {(e.g., rate of change around zero} are generally not
selected because they do not distinguish between the different fibrosis phenotypes (decision
block 1052).

{8132} Other candidate parameters exhibit moderate or large rates of changes and have
positive, significant slopes. These candidates are more likely to be selected because they
correlate inn a positive manner with the different fibrosis phenotypes {(e.g., they increase with
increasing disease severity or fibrosis progression). However, if these candidate parameters
are associated with large standard deviations (decision block 1054), in either one or more
fibrosis phenotypes, then that candidate parameter is not selected because it would introduce
undesirable noise to the composite score calculation that could outweigh the benetit of being
able to distinguish between fibrosis phenotypes.

{0133} Lastly, still other candidate parameters exhibit negative rates of change and have
negative, significant slopes. These candidates are also likely to be selected because even
though they correlate in a negative manner with the different fibrosis phenotypes (e.g., they
decrease with increasing disease severity or fibrosis progression), they still distinguish between
fibrosis phenotypes.

i8134] In some embodiments, the present disclosure allows for different parameters to be

selected for distinguishing between different sets of tibrosis phenotypes. For example, a first
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set of parameters may be selected to distinguish between FO and F2, and a second set of
parameters {(with potential for overlap with the first set of parameters) may be selected to
distinguish between F2 and F4. o this case, the systern may take an adaptive approach that
generates a first composite score for the first set of parameters, and a second composite score
for the second set of parameters, and then align the two composite scores (e.g., by adding an
offset to one or both of the scores) so that they have the same value where they meet (i.¢., for
the F2 phenotype). Similarly, the systern may align the derivatives of the two composite scores
so that the slopes are the same for the F2 phenotype.

{0135] FIG. 12 depicts an exemplary plot showing the noise versus rate of change of various
quantitative parameters in a calibration data set for a specific population, according to an
illustrative implementation. Specifically, the x-axis of FIG . 12 corresponds to an absolute value
of the rate of change of the mean of a candidate parameter across different fibrosis phenotypes
of the calibration data set, while the y-axis corresponds to the noise of the candidate parameter
{e.g., represented by standard deviation). Each dot corresponds to a different candidate
parameter. The vertical line at a rate of change of about 2, corresponds 1o the first threshold
{(decision block 1052), and the horizontal line corresponds to the second threshold (decision
block 1054}  According to the process 1000 of FIG. 10, the candidate parameters
corresponding to dots below and to the right of the threshold lines have low signal-to-noise
ratios, and are selected for inclusion in computation of the composite score. The other
candidate parameters above or to the left of the threshold lines are not selected.

{0136] As depicted in FIGS. 10 and 12, at decision blocks 1052 and 1054, the rate of change
and standard deviations are simply compared to first and second thresholds, respectively, but
in general, more complex calculations may be used. For example, for principal component
analysis (PCA), an input matrix may be provided, that inchudes the parameter values for the set

of candidate parameters, for the different known fibrosis phenotypes (e.g , FO-F4). The output
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of the PCA corresponds to the parameters that account for the variation in collagen features for
the different tibrosis phenotypes.

{0137] The steps of the process 1000 are depicted 1n FIG. 10 1n a particular order, but 1t should
be understood that the order of any step of the process 1000 1s not necessarily dependent on a
previous step. For example, any of the steps of process 1000 may be reversed, or performed
in parallel with other steps, without departing from the scope of the present disclosure, as long
as any steps that depend on other steps are performed subsequent to those steps. Moreover, the
process 1000 is described as being performed by the server 104, but any of the steps, including
all of them, could be performed locally on the user device 108 or any other suitable device
capable of receiving the digital image directly or indirectly from the user device 108,

{8138] The present disclosure provides several advantages over known categorical approaches
to phenotyping fibrosis. Several advantages are applicable to patients. Specifically, for the
patient having a fibrosis-related condition, the present disclosure improves to improve the
evaluation and follow up of fibrotic disease counditions such as IPF, Inflammatory Bowel
Disease (IBD»), Hepatitis (A, B, or C), Chronic Kidney Disease, scleroderma, Macular
degeneracies, NASH, Alcoholic Steatosis Hepatitis (ASH), Cirrhosis, Primary Biliary
Cholangitis and Primarily Biliary Cirrhosis, renal disease, scarring, Duchenne muscular
dystrophy, myocardial infarction and repair, glaucoma uterine, all kinds of manifestation of
fibrosis in cancers, among others by providing a robust and accurate way to evaluate both
severity of fibrosis and phenotype of fibrosis progression and presenting the patient’s fibrosis
phenotype in a simple score. The automated systems and methods disclosed herein also avoid
inter-pathologist and intra-pathologist evaluation errors, further improving its robustness and
accuracy.

i8139] Moreover, the scoring systems and methods disclosed herein provide a continuous scale

that has a high detection threshold and wide dynamic range to quantify fibrosis phenotype of
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the biological tissue with sensitivity and precision. Due to its very high signal-to-noise, the
present disclosure 1s sensitive to even slight changes in fibrosis progression in a patient, on
shorter time scales than previously allowed with coarse systems. In other words, the scoring
systems and methods disclosed herein improve upon earlier fibrosis phenotyping approaches
because they do not require waiting for long periods of time before detecting a change in the
progression of fibrosis. The robustness of the fibrosis scoring systems and methods disclosed
herein also improve the efficiency of development and approval of new therapeutics, by being
able to detect small changes in both progression and regression of fibrosis in response 10
treatment.

{0140] The present disclosure also provides scoring systems and methods that are specific to a
particular fibrosis phenotype of the patient or expressed in the image of the biological tissue.
For example, the scoring systems and methods could distinguish between to pediatric NASH
type I versus pediatric NASH type H. Other fibrosis phenotypes may exist, such as T2-diabetes
induced NASH versus obesity induced NASH.

{#141] Other advantages are applicable to the physician and clinical team that cares for the
patients. For example, the present disclosure improves the personalized management of
fibrotic disease therapeutic regimens, such as treatments for IPF, Inflammatory Bowel Disease
(IBD), Hepatitis (A, B, or C), Chronic Kidney Disease, scleroderma, Macular degeneracies,
NASH, Alcoholic Steatosis Hepatitis (ASH), Cirrhosis, Primary Biliary Cholangitis and
Primarily Biliary Cirrhosis, renal disease, scarring, Duchenne muscular dystrophy, myocardial
infarction and repair, glaucoma uterine, all kinds of manifestation of fibrosis in cancers, among
others. By providing a robust, sensitive, accurate and reproducible way to evaluate fibrosis
severity and progression in a continuous way, the present disclosure allows improved

monitoring of patients over the long run, and even across different clinical teams.
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{0142} Moreover, while other approaches are sometimes unable to distinguish between even
the coarse categorical stages of fibrosis {e.g., such as the intermediate stages of fibrosis, F2 and
F3), the present disclosure has no such issue. The present disclosure provides a robust,
sensitive, accurate, and reproducible way to evaluate fibrosis, which allows for an improved
monitoring of patients during clinical trials. The systems and methods disclosed herein can
also be fully automated, meaning that throughput is high, and a pathologist 1s not needed for
scoring. The present disclosure 15 also fully compatible with existing workflows in the
pathology labs, as images can be processed in real time.

{0143} The present disclosure may be used to identify biomarkers or other characteristics that
correlate with fibrosis, that may not have been otherwise identified. Specifically, the systems
and methods of the present disclosure provide an efficient and robust way of analyzing and
phenotyping digital images of tissue samples, such as those in the calibration data set described
above. If the calibration data set further includes metadata corresponding clinical data, such as
blood test data, the present disclosure may be used to identity certain biomarkers 1n the blood
test data (or any other characteristic of the subject, such as age, race, gender) that correlate with
the severity, progression, regression, or type of fibrosis. For example, male and female subjects
may exhibit fibrosis ditferently from one another, and may respond to treatment differently.
These differences can be assessed and characterized with the systems and methods of the
present disclosure.

{0144} Other advantages are applicable to pharmaceutical companies that are researching
potential therapies to treat fibrosis-related conditions. For example, the present disclosure
improves translational research and product launches by gathering comprehensive high quality
data related to animal and/or patient reaction to investigational compounds, hence tncreasing
the likelihood of successfully developing new anti-fibrotic drugs, and/or minimize or reduce

the fibrosis-related side effects of new or existing drugs. Because the scoring systems and
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methods can be automated, they are suitable for mid-throughput and even high-throughput
workflows, which are more likely to accelerate the discovery of new therapeutic compounds.
Moreover, the present disclosure 18 translational and applies both to pre~clinical models and
clintcal, across all kinds of fibrotic diseases and oncology (stromae).

i8145] The continuous, robust, sensitive, accurate and reproducible scoring methods and
systems disclosed herein provide an efficient, quantitative, unbiased, and automated way to
evaluate fibrosis during pre-clinical trials (see FIG. 15) and chinical trials (see FIG. 16). The
present disclosure reduces the number of animals (or patients) required to obtain statistically
relevant data. The systems and methods disclosed herein examine multiple quantitative
parameters that describe fibrosis stages, progression, and regression, which can be used to
support a detailed understanding of the effect of investigational compounds, and optionally the
mechanism of action of those compounds.

i8146] As an example of a pre-clinical, discovery application, FIG. 15 depicts on the left, a
heat map of a set of selected quantitative parameters (y-axis) describing collagen features in a
calibration data set for different populations, including control, untreated, vehicle, and treated
at different doses (10, 30, and 100 mg/kg), and on the right, a bar graph showing the fibrosis
composite score is able to track the different stages of disease, including response to treatment,
according to an illustrative impleroentation.

{8147} As an example of a clinical application, FIG. 16 depicts on top, a heat map of a set of
selected quantitative parameters (y-axis) describing collagen features in a calibration data set
for different populations, including FO, F1, F2, F3, and F4 (x-axis), and on the bottom, a bar
graph showing the fibrosis composite score s able to track the different stages of the disease,
according to an illustrative timplementation.

18148] In another example of a clinical application, FIG. 19 depicts two heat maps of a set of

candidate quantitative parameters {y-axes) describing collagen features in a calibration data set
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for different NASH 1 and NASH 2 populations, for FO, F1, and F2 patients. For two selected
parameters, the fibrosis composite score is able to correctly classify the patients as NASH 1
versus NASH 2 about 85% of the time, according to an llustrative implementation.

{#149] Furthermore, because the present disclosure can be specific to the fibrosis phenoctype
of its patient: for instance pediatric NASH type 1 vs pediatric NASH type 2, or T2-diabetes
induced NASH versus obesity induced NASH, the scoring systems and methods can be used
to better understand the response of the patient to treatment, or the lack thereof.

{8158} Moreover, the present disclosure may be developed into an automatic diagnostic tool
for patient, hence accelerating the access to important patient information while reducing the
cost of the diagnostic. The scoring systems and methods of the present disclosure are consistent
with existing methods of characterizing fibrosis (see FIG. 17), but improves upon those
categorical methods by providing a wide dynamic range and fine resolution for quantifving
fibrosis. As an example, FIG. 17 depicts data indicating the fibrosis composite score correlates
with the Nakanuma fibrosis stages, and provides improved dynamic range relative to the
Nakanuma system, according to an illustrative implementation.

{8151} While many of the examples in the present disclosure are described with reference to
features of collagens in a digital image, the present disclosure may be also applied to detecting
and characterizing other features of tissue. For example, NASH tissues tend to include fat
vacuoles, and the systems and methods of the present disclosure may be used to characterize
tissue features such as fat vacuoles.

{81521 The systems and methods of the present disclosure are described as using a calibration
data set to select quantitative parameters from a set of candidate parameters. In general, a
machine learning technique may be used without departing from the scope of the present
disclosure, that analyzes a training data set with user-defined feature classification criteria, to

fearn the optimal combination of image features that best distinguish between fibrosis
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phenoctypes. For example, artificial intelligence and machine learning techniques may be
applied to reduce the dimension of the set of candidate parameters, identify correlations
between parameters and fibrosis phenotypes, and identity principal components to establish
meaningful compostte scores.

{0153] It 15 to be understood that while various iHustrative implementations have been
deseribed, the forgoing description 18 merely Hlustrative and does not hinut the scope of the
invention. While ceveral examples have been provided 1o the present disclosure, tt should be
understood that the disclosed systems, components and methods may be embodied in many
cther spectfic forms without deparfing from the scope of the present disclosure,

{81541 The examples disclosed can be implemented 1o combinations or sub-combinations with
one or more other features deseribed herein. A variety of apparas, systems and methods may
be implemented based oun the disclosure and stiit fall within the scope of the fnvention. Also,
the vartous features described or dlusirated above may be combined or integrated in other
systems or certain features may be omitted, or not oplemented.

{153} While various embodiments of the present disclosure have been shown and described

herein, it will be obvious to those skilied in the art that such embodiments are provided by way
of example only. Numercus variations, changes, and substitutions will now ocour o those

skilled 1 the art without departing from the disclosure. It should be understood that vanious

alternatives to the embodiments of the disclosure deseribed herein may be employed in
practicing the disclosure.

10156] All references cited herein are incorporated by reference n their entirety and made part

of this apphication.
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Appendix

Example list of Candidate Parameters for Quantifying Fibrosis

Total Collagen Phenotype Normalized Counts
Fine Collagen Phenotype Normalized Counts
Assembled Collagen Phenotype Normalized Counts
Skeleton Nodes Normalized Count

Skeleton Branch Normalized Count

Collagen Reticulation Index

Collagen STRUCTURE Index

Total Collagen Area Ratio (%)

Fine Collagen Area Ratio (%)

SQRT(Fune Collagen Area Ratio)

Assembled Collagen Area Ratio (%)

Collagen Fiber Density%
SQRT(Assembled/Fine CAR)

Assembled/

Fine CAR Ratio

PCT/US2020/028813

Normalized count of Short for Length at 30 Cut Off for All Collagen phenotypes

Normalized count of Long for Length at 30 Cut Off for All Collagen phenotypes

mean for Length at 30 Cut Off for All Collagen phenotypes
median for Length at 30 Cut Off for All Collagen phenotypes

std for Length at 30 Cut Off for All Collagen phenotypes
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skew for Length at 30 Cut Off for All Collagen phenotypes

kurtosis for Length at 30 Cut Off for All Collagen phenotypes

Normalized count of Short for Total Skeleton Length at 27 Cut Off for All Collagen
phenotypes

Normalized count of Long for Total Skeleton Length at 27 Cut Off for All Collagen
phenotypes

mean for Total Skeleton Length at 27 Cut Off for All Collagen phenotypes

median for Total Skeleton Length at 27 Cut Off for All Collagen phenotypes

std for Total Skeleton Length at 27 Cut Off tor All Collagen phenotypes

skew for Total Skeleton Length at 27 Cut Off tor All Collagen phenotypes

kurtosis for Total Skeleton Length at 27 Cut Off for Al Collagen phenotypes
Normalized count of Thin for Width at § Cut Off for All Collagen phenotypes
MNormalized count of Thick for Width at 5 Cut Off for All Collagen phenotypes
mean for Width at S Cut Ot for All Collagen phenotypes

median for Width at 5 Cut Off for All Collagen phenotypes

std for Width at 5 Cut Off for All Collagen phenotypes

skew for Width at 5 Cut Off for All Collagen phenotypes

kurtosis for Width at 5 Cut Off for All Collagen phenotypes

Normalized count of Short for Perimeter at 100 Cut Off for All Collagen phenotypes
Normalized count of Long for Perimeter at 100 Cut Off for All Collagen phenotypes
mean for Perimeter at 100 Cut Off for All Collagen phenotypes

median for Perimeter at 100 Cut Off for All Collagen phenotypes

std for Perimeter at 100 Cut Off for All Collagen phenotypes

skew for Perimeter at 100 Cut Off for All Collagen phenotypes

kurtosis for Perimeter at 100 Cut Off for All Collagen phenotypes
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Normalized count of Small for Area at 240 Cut Off for All Collagen phenotypes
Normalized count of Large for Area at 240 Cut Off for All Collagen phenotypes
mean tor Area at 240 Cut Off for All Collagen phenotypes

median for Area at 240 Cut Off for All Collagen phenotypes

std for Area at 240 Cut Off for All Collagen phenotypes

skew for Area at 240 Cut Off for AH Collagen phenotypes

kurtosis for Area at 240 Cut Off for All Collagen phenotypes

Normalized count of Small for Filled Area at 250 Cut Off for All Collagen phenotypes
Normalized count of Large for Filled Area at 250 Cut Off for All Collagen phenotypes
mean for Filled Area at 250 Cut Off for All Collagen phenotypes

median for Filled Area at 250 Cut Off for All Collagen phenotypes

std for Filled Area at 250 Cut Off for All Collagen phenotypes

skew for Filled Area at 250 Cut Off for All Collagen phenotypes

kurtosis for Filled Area at 250 Cut Off for All Collagen phenotypes

Normalized count of Faint for Density at 0.18 Cut Off for All Collagen phenotypes
MNormalized count of Dense for Density at 0.18 Cut Off for All Collagen phenotypes
mean for Density at 0.18 Cut Off for All Collagen phenotypes

median for Density at 0.18 Cut Off for All Collagen phenotypes

std for Density at 0.18 Cut Ot for All Collagen phenotypes

skew for Density at 0.18 Cut Off for All Collagen phenotypes

kurtosis for Density at 0.18 Cut Off for All Collagen phenotypes

Normalized count of Low for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen
phenotypes

Normalized count of High for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen

phenotypes
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mean for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen phenotypes

median for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen phenotypes

std for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen phenotypes

skew for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen phenotypes

kurtosis for Area to Perimeter Ratio at 2.8 Cut Off for All Collagen phenotypes
Normalized count of Linear for Tortuosity at 1.1 Cut Off for All Collagen phenotypes
Normalized count of Tortuous for Tortuosity at 1.1 Cut Off for All Collagen phenotypes
mean tor Tortuosity at 1.1 Cut Off for All Collagen phenotypes

median for Tortuosity at 1.1 Cut Off for All Collagen phenotypes

std for Tortuosity at 1.1 Cut Off for All Collagen phenotypes

skew for Tortuosity at 1.1 Cut Off for All Collagen phenotypes

kurtosis for Tortuosity at 1.1 Cut Off for All Collagen phenotypes

Normalized count of Rounded for Eccentricity at 0.8 Cut Off for All Collagen
phenotypes

Normalized count of Elongated for Eccentricity at 0.8 Cut Off for All Collagen
phenotypes

mean for Eccentricity at 0.8 Cut Off for All Collagen phenotypes

median for Eccentricity at 0.8 Cut Off for All Collagen phenotypes

std for Eccentricity at 0.8 Cut Off for All Collagen phenotypes

skew for Eccentricity at 0.8 Cut Off for All Collagen phenotypes

kurtosis tor Eccentricity at 0.8 Cut Off for Al Collagen phenotypes

Normalized count of Porous for Solidity at 0.3 Cut Off for All Collagen phenotypes
Normalized count of Compact for Solidity at 0.3 Cut Off for All Collagen phenotypes
mean for Solidity at 0.3 Cut Off for All Collagen phenotypes

median for Solidity at 0.3 Cut Off for All Collagen phenotypes
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std for Solidity at 0.3 Cut Off for AH Collagen phenotypes

skew for Solidity at 0.3 Cut Off for All Collagen phenotypes

kurtosis for Solidity at 0.3 Cut Off for All Collagen phenotypes

Normalized count of Horizontal for Orientation at 45 Cut Off for All Collagen
phenotypes

Normalized count of Vertical for Orientation at 45 Cut Oft for All Collagen phenotypes
mean for Orientation at 45 Cut Off for All Collagen phenotypes

median for Orientation at 45 Cut Off for All Collagen phenotypes

std for Orientation at 45 Cut Off for All Collagen phenotypes

skew for Orientation at 45 Cut Off for All Collagen phenotypes

kurtosis for Orientation at 45 Cut Off tor All Coliagen phenotypes
Normalized count of Dull for Skew at 3 Cut Off for All Fibrosis Texture
Normalized count of Sharp for Skew at 3 Cut Off for All Fibrosis Texture
mean for Skew at 3 Cut Off for All Fibrosis Texture

median for Skew at 3 Cut Off for All Fibrosis Texture

std for Skew at 3 Cut Off for All Fibrosis Texture

skew for Skew at 3 Cut Off for All Fibrosis Texture

kurtosis for Skew at 3 Cut Off for All Fibrosis Texture

Normalized count of Foggy for Kurtosis at 25 Cut Off for All Fibrosis Texture
Normalized count of Crisp for Kurtosis at 25 Cut Off for All Fibrosis Texture
mean for Kurtosis at 25 Cut Off for AH Fibrosis Texture

median for Kurtosis at 25 Cut Off for All Fibrosis Texture

std for Kurtosis at 25 Cut Off for All Fibrosis Texture

skew for Kurtosis at 25 Cut Off for All Fibrosis Texture

kurtosis for Kurtosts at 25 Cut Off for All Fibrosis Texture
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Normalized count of Blurry for Energy at 0.18 Cut Off for All Fibrosis Texture
Normalized count of Resolved for Energy at 0.18 Cut Off for All Fibrosis Texture
mean for Energy at 0.18 Cut Off tor All Fibrosis Texture

median for Energy at 0.18 Cut Off for All Fibrosis Texture

std for Energy at 0.18 Cut Off for All Fibrosis Texture

skew for Energy at .18 Cut Off for All Fibrosis Texture

kurtosis for Energy at 0.18 Cut Off for All Fibrosis Texture

Normalized count of Homogeneous for Homogenetty at 0.35 Cut OfF for All Fibrosts
Texture

Normalized count of Organized for Homogeneity at 0.35 Cut Off for All Fibrosis
Texture

mean for Homogeneity at 0.35 Cut Off for All Fibrosis Texture

median for Homogeneity at 0.35 Cut Off for All Fibrosis Texture

std for Homogeneity at 0.35 Cut Off for All Fibrosis Texture

skew for Homogeneity at 0.35 Cut Off for All Fibrosis Texture

kurtosis for Homogeneity at 0.35 Cut Off for All Fibrosis Texture

Normalized count of Irregular for Correlation at 0.35 Cut Off for All Fibrosis Texture
Normalized count of Patterned for Correlation at 0.35 Cut Off for All Fibrosis Texture
mean for Correlation at 0.35 Cut Off for All Fibrosis Texture

median for Correlation at 0.35 Cut Off for All Fibrosis Texture

std for Correlation at 0.35 Cut Off for All Fibrosis Texture

skew for Correlation at 0.35 Cut Off for All Fibrosis Texture

kurtosts for Correlation at 0.35 Cut Off for All Fibrosis Texture

Normalized count of Uniform for Inertia at 30 Cut Off for All Fibrosis Texture

Normalized count of Contrasted for Inertia at 30 Cut Off for All Fibrosis Texture
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mean for Inertia at 30 Cut Off for All Fibrosis Texture

median for Inertia at 30 Cut Off for AH Fibrosis Texture

std for Inertia at 30 Cut Off for All Fibrosis Texture

skew for Inertia at 30 Cut Off for All Fibrosis Texture

kurtosis for Inertia at 30 Cut Off for All Fibrosis Texture

Normalized count of Smooth for Entropy at 3.5 Cut Off for All Fibrosis Texture
Normalized count of Rough tor Entropy at 3.5 Cut Off for All Fibrosis Texture
mean for Entropy at 3.5 Cut Off for All Fibrosis Texture

median for Entropy at 3.5 Cut Off for All Fibrosis Texture

std for Entropy at 3.5 Cut Off for All Fibrosis Texture

skew for Entropy at 3.5 Cut Off for All Fibrosis Texture

kurtosts for Entropy at 3.5 Cut Off for All Fibrosis Texture

MNormalized count of Short tor Length at 30 Cut Off for Fine Collagen phenotypes
Normalized count of Long for Length at 30 Cut Off for Fine Collagen phenotypes
mean for Length at 30 Cut Off for Fine Collagen phenotypes

median for Length at 30 Cut Off for Fine Collagen phenotypes

std for Length at 30 Cut Off for Fine Collagen phenotypes

skew for Length at 30 Cut Off for Fine Collagen phenotypes

kurtosis for Length at 30 Cut Off for Fine Collagen phenotypes

Normalized count of Short for Total Skeleton Length at 27 Cut Off for Fine Collagen
phenotypes

Normalized count of Long for Total Skeleton Length at 27 Cut Off for Fine Collagen
phenotypes

mean for Total Skeleton Length at 27 Cut Off for Fine Collagen phenotypes

median for Total Skeleton Length at 27 Cut Off for Fine Collagen phenotypes
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std for Total Skeleton Length at 27 Cut Off for Fine Collagen phenotypes

skew for Total Skeleton Length at 27 Cut Off tor Fine Collagen phenotypes
kurtosis for Total Skeleton Length at 27 Cut Off for Fine Collagen phenotypes
Normalized count of Thin for Width at § Cut Off for Fine Collagen phenotypes
MNormalized count of Thick for Width at 5 Cut Off for Fine Collagen phenotypes
mean for Width at S Cut Off for Fine Collagen phenotypes

median for Width at 5 Cut Off tor Fine Collagen phenotypes

std for Width at 5 Cut Off for Fine Collagen phenotypes

skew for Width at 5 Cut Off for Fine Collagen phenotypes

kurtosis tor Width at 5 Cut Off for Fine Collagen phenotypes

Normalized count of Short for Perimeter at 100 Cut Off for Fine Collagen phenotypes
Normalized count of Long for Perimeter at 100 Cut Off for Fine Collagen phenotypes
mean for Perimeter at 100 Cut Off for Fine Collagen phenotypes

median for Penimeter at 100 Cut Off for Fine Collagen phenotypes

std for Perimeter at 100 Cut Off for Fine Collagen phenotypes

skew for Perimeter at 100 Cut Off for Fine Collagen phenotypes

kurtosis for Perimeter at 100 Cut Off for Fine Collagen phenotypes

Normalized count of Small for Area at 240 Cut Off for Fine Collagen phenotypes
Normalized count of Large for Area at 240 Cut Off for Fine Coliagen phenotypes
mean for Area at 240 Cut Off for Fine Collagen phenotypes

median for Area at 240 Cut Off for Fine Collagen phenotypes

std for Area at 240 Cut Off for Fine Collagen phenotypes

skew for Area at 240 Cut Off for Fine Collagen phenotypes

kurtosis for Area at 240 Cut Off for Fine Collagen phenotypes

Normalized count of Small for Filled Area at 250 Cut Off for Fine Collagen phenotypes
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Normalized count of Large for Filled Area at 250 Cut Off for Fine Collagen phenotypes
mean for Filled Area at 250 Cut Off for Fine Collagen phenotypes

median for Filled Area at 250 Cut Off for Fine Collagen phenotypes

std for Filled Area at 250 Cut Off for Fine Collagen phenotypes

skew for Filled Area at 250 Cut Off for Fine Collagen phenotypes

kurtosis for Filled Area at 250 Cut Off for Fine Collagen phenotypes

Normalized count of Faint for Density at 0.18 Cut Off for Fine Collagen phenotypes
Normalized count of Dense for Density at .18 Cut Off for Fine Collagen phenotypes
mean for Density at 0.18 Cut Off for Fine Collagen phenotypes

median for Density at 0.18 Cut Off for Fine Collagen phenotypes

std for Density at 0.18 Cut Off for Fine Collagen phenotypes

skew for Density at 0.18 Cut Off for Fine Collagen phenotypes

kurtosis for Density at 0.18 Cut Off for Fine Collagen phenotypes

Normalized count of Low for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen
phenotypes

Normalized count of High for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen
phenotypes

mean for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen phenotypes

median for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen phenotypes

std for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen phenotypes

skew for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen phenotypes

kurtosis for Area to Perimeter Ratio at 2.8 Cut Off for Fine Collagen phenotypes
Normalized count of Linear for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes
Normalized count of Tortuous for Tortuosity at 1.1 Cut Off for Fine Collagen

phenotypes
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mean for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes

median for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes

std for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes

skew for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes

kurtosis for Tortuosity at 1.1 Cut Off for Fine Collagen phenotypes

Normalized count of Rounded for Eccentricity at 0.8 Cut Off for Fine Collagen
phenotypes

Normalized count of Elongated for Eccentricity at 0.8 Cut Off for Fine Collagen
phenotypes

mean for Eccentricity at 0.8 Cut Off for Fine Collagen phenotypes

median for Eccentricity at 0.8 Cut Off for Fine Collagen phenotypes

std for Eccentricity at 0.8 Cut Off for Fine Collagen phenotypes

skew for Eccentricity at 0.8 Cut Off for Fine Collagen phenotypes

kurtosis for Eccentricity at 0.8 Cut Off for Fine Collagen phenotypes

Normalized count of Porous for Solidity at 0.3 Cut Off for Fine Collagen phenotypes
MNormalized count of Compact tor Solidity at 0.3 Cut Off for Fine Collagen phenotypes
mean for Solidity at 0.3 Cut Off for Fine Collagen phenotypes

median for Solidity at 0.3 Cut Off for Fine Collagen phenotypes

std for Solidity at 0.3 Cut Off for Fine Collagen phenotypes

skew for Solidity at 0.3 Cut Off for Fine Collagen phenotypes

kurtosis for Solidity at 0.3 Cut Off for Fine Collagen phenotypes

Normalized count of Horizontal for Orientation at 45 Cut Off for Fine Collagen
phenotypes

Normalized count of Vertical for Orientation at 45 Cut Off for Fine Collagen phenotypes

mean tor Orientation at 45 Cut Off for Fine Collagen phenotypes
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median for Orientation at 45 Cut Off for Fine Collagen phenotypes

std for Orientation at 45 Cut Off for Fine Collagen phenotypes

skew for Orientation at 45 Cut Off for Fine Collagen phenotypes

kurtosis for Orientation at 45 Cut Off for Fine Collagen phenotypes

MNormalized count of Short tor Length at 30 Cut Off For Assembled Collagen phenotypes
Normalized count of Long for Length at 30 Cut Off For Assembled Collagen phenotypes
mean for Length at 30 Cut Off For Assembled Collagen phenotypes

median for Length at 30 Cut Off For Assembled Collagen phenotypes

std for Length at 30 Cut Off For Assembled Collagen phenotypes

skew for Length at 30 Cut Off For Assembled Collagen phenotypes

kurtosis for Length at 30 Cut Off For Assembled Collagen phenotypes

Normalized count of Short for Total Skeleton Length at 27 Cut Off For Assembled
Collagen phenotypes

Normalized count of Long for Total Skeleton Length at 27 Cut Off For Assembled
Collagen phenctypes

mean for Total Skeleton Length at 27 Cut Off For Assembled Collagen phenotypes
median for Total Skeleton Length at 27 Cut Off For Assembled Collagen phenotypes
std for Total Skeleton Length at 27 Cut Off For Assembled Collagen phenotypes

skew for Total Skeleton Length at 27 Cut Off For Assembled Collagen phenotypes
kurtosis for Total Skeleton Length at 27 Cut Off For Assembled Collagen phenotypes
Normalized count of Thin for Width at S Cut Off For Assembled Collagen phenotypes
Normalized count of Thick for Width at 5 Cut Off For Assembled Collagen phenotypes
mean for Width at 5 Cut Off For Assembled Collagen phenotypes

median for Width at 5 Cut Off For Assembled Collagen phenotypes

std for Width at 5 Cut Off For Assembled Collagen phenotypes
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skew for Width at 5 Cut Off For Assembled Collagen phenotypes

kurtosis for Width at 5 Cut Off For Assembled Collagen phenotypes

Normalized count of Short for Perimeter at 100 Cut Off For Assembled Collagen
phenotypes

Normalized count of Long for Perimeter at 100 Cut Off For Assembled Collagen
phenotypes

mean for Perimeter at 100 Cut Off For Assembled Collagen phenotypes

median for Perimeter at 100 Cut Off For Assembled Collagen phenotypes

std for Perimeter at 100 Cut Oft For Assembled Collagen phenotypes

skew for Perimeter at 100 Cut Off For Assembled Collagen phenotypes

kurtosis for Perimeter at 100 Cut Off For Assembled Collagen phenotypes
Normalized count of Small for Area at 240 Cut Off For Assembled Collagen phenotypes
Normalized count of Large for Area at 240 Cut Off For Assembled Collagen phenotypes
mean for Area at 240 Cut Off For Assembled Collagen phenotypes

median for Area at 240 Cut Off For Assembled Collagen phenotypes

std for Area at 240 Cut Off For Assembled Collagen phenotypes

skew for Area at 240 Cut Off For Assembled Collagen phenotypes

kurtosis for Area at 240 Cut Off For Assembled Collagen phenotypes

Normalized count of Small for Filled Area at 250 Cut Off For Assembled Collagen
phenotypes

Normalized count of Large for Filled Area at 250 Cut Off For Assembled Collagen
phenotypes

mean for Filled Area at 250 Cut Off For Assembled Collagen phenotypes

median for Filled Area at 250 Cut Off For Assembled Collagen phenotypes

std for Filled Area at 250 Cut Off For Assembled Collagen phenotypes
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skew for Filled Area at 250 Cut Off For Assembled Collagen phenotypes

kurtosis tor Filled Area at 250 Cut Off For Assembled Collagen phenotypes
Normalized count of Faint for Density at 0.18 Cut Off For Assembled Collagen
phenotypes

MNormalized count of Dense for Density at 0.18 Cut Off For Assembled Collagen
phenotypes

mean for Density at 018 Cut Off For Assembled Collagen phenotypes

median for Density at 0.18 Cut Off For Assembled Collagen phenotypes

std for Density at 0.18 Cut Off For Assembled Collagen phenotypes

skew for Density at 0.18 Cut Off For Assembled Collagen phenotypes

kurtosis for Density at 0.18 Cut Off For Assembled Collagen phenotypes
Normalized count of Low for Area to Perimeter Ratio at 2.8 Cut Off For Assembled
Collagen phenotypes

Normalized count of High for Area to Perimeter Ratio at 2.8 Cut Off For Assembled
Collagen phenctypes

mean for Area to Perimeter Ratio at 2.8 Cut Off For Assembled Collagen phenotypes
median for Area to Perimeter Ratio at 2.8 Cut Off For Assembled Collagen phenotypes
std for Area to Perimeter Ratio at 2.8 Cut Off For Assembled Collagen phenotypes
skew for Area to Perimeter Ratio at 2.8 Cut Off For Assembled Collagen phenotypes
kurtosis for Area to Perimeter Ratio at 2.8 Cut Off For Assembled Collagen phenotypes
Normalized count of Linear for Tortuosity at 1.1 Cut Off For Assembled Collagen
phenotypes

Normalized count of Tortuous for Tortuosity at 1.1 Cut Off For Assembled Collagen
phenotypes

mean tor Tortuosity at 1.1 Cut Off For Assembled Collagen phenotypes

64



WO 2020/242630 PCT/US2020/028813

median for Tortuosity at 1.1 Cut Off For Assembled Collagen phenotypes

std for Tortuosity at 1.1 Cut Off For Assembled Collagen phenotypes

skew for Tortuosity at 1.1 Cut Off For Assembled Collagen phenotypes

kurtosis for Tortuosity at 1.1 Cut Off For Assembled Collagen phenotypes
Normalized count of Rounded for Eccentricity at 0.8 Cut Off For Assembled Collagen
phenotypes

Normalized count of Elongated for Eccentricity at 0.8 Cut Off For Assembled Collagen
phenotypes

mean for Eccentricity at 0.8 Cut Off For Assembled Collagen phenotypes

median for Eccentricity at 0.8 Cut Off For Assembled Collagen phenotypes

std for Eccentricity at 0.8 Cut Off For Assembled Collagen phenotypes

skew for Eccentricity at 0.8 Cut Off For Assembled Collagen phenotypes

kurtosis for Eccentricity at 0.8 Cut Off For Assembled Collagen phenotypes
Normalized count of Porous for Solidity at 0.3 Cut Off For Assembled Collagen
phenotypes

MNormalized count of Compact tor Solidity at 0.3 Cut Off For Assembled Collagen
phenotypes

mean for Solidity at 0.3 Cut Off For Assembled Collagen phenotypes

median for Solidity at 0.3 Cut Off For Assembled Collagen phenotypes

std for Solidity at 0.3 Cut Off For Assembled Collagen phenotypes

skew for Solidity at 0.3 Cut Off For Assembled Collagen phenotypes

kurtosis for Solidity at 0.3 Cut Off For Assembled Collagen phenotypes

Normalized count of Horizontal for Orientation at 45 Cut Off For Assembled Collagen

phenotypes
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Normalized count of Vertical for Orientation at 45 Cut Off For Assembled Collagen
phenotypes

mean tor Orientation at 45 Cut Off For Assembled Collagen phenotypes
median for Orientation at 45 Cut Off For Assembled Collagen phenoctypes

std for Orientation at 45 Cut Off For Assembled Collagen phenotypes

skew for Orientation at 45 Cut Off For Assembled Collagen phenotypes
kurtosis for Orientation at 45 Cut Off For Assembled Collagen phenotypes
Normalized count of Dull for Skew at 1.25 Cut Off for All Tissue Texture
Normalized count of Sharp for Skew at 1.25 Cut Off for All Tissue Texture
mean for Skew at 1.25 Cut Off for All Tissue Texture

median for Skew at 1.25 Cut Off for All Tissue Texture

std for Skew at 1.25 Cut Off for All Tissue Texture

skew for Skew at 1.25 Cut Off for All Tissue Texture

kurtosis for Skew at 1 25 Cut Off for All Tissue Texture

Normalized count of Foggy for Kurtosis at 2.5 Cut Off for All Tissue Texture
Normalized count of Crisp for Kurtosis at 2.5 Cut Off for All Tissue Texture
mean for Kurtosis at 2.5 Cut Off for All Tissue Texture

median for Kurtosis at 2.5 Cut Off for All Tissue Texture

std for Kurtosis at 2.5 Cut Off for All Tissue Texture

skew for Kurtosis at 2.5 Cut Off for All Tissue Texture

kurtosis for Kurtosis at 2.5 Cut Off for All Tissue Texture

Normalized count of Blurry for Energy at 0.15 Cut Off for All Tissue Texture
Normalized count of Resolved for Energy at 0.15 Cut Off for All Tissue Texture
mean for Energy at 0.15 Cut Off for All Tissue Texture

median tor Energy at 0.15 Cut Off for All Tissue Texture
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std for Energy at 0.15 Cut Off for All Tissue Texture

skew for Energy at 0.15 Cut Off for All Tissue Texture

kurtosis for Energy at 0.15 Cut Off for All Tissue Texture

Normalized count of Homogeneous for Homogeneity at 0.05 Cut Off for All Tissue
Texture

Normalized count of Organized for Homogeneity at 0.05 Cut Off for All Tissue Texture
mean for Homogeneity at 0.05 Cut Off for All Tissue Texture

median for Homogeneity at 0.05 Cut Off for All Tissue Texture

std for Homogeneity at 0.05 Cut Off for All Tissue Texture

skew for Homogeneity at 0.05 Cut Off for All Tissue Texture

kurtosis for Homogeneity at 0.05 Cut Off for All Tissue Texture

Normalized count of Irregular for Correlation at 0.1 Cut Off for All Tissue Texture
MNormalized count of Patterned tor Correlation at 0.1 Cut Off for All Tissue Texture
mean tor Correlation at 0.1 Cut Off for All Tissue Texture

median for Correlation at 0.1 Cut Gff for All Tissue Texture

std for Correlation at 0.1 Cut Off for All Tissue Texture

skew for Correlation at 0.1 Cut Oft for All Tissue Texture

kurtosis for Correlation at 0.1 Cut Off for All Tissue Texture

Normalized count of Uniform for Inertia at 300 Cut Off for All Tissue Texture
Normalized count of Contrasted for Inertia at 300 Cut Off for All Tissue Texture
mean for Inertia at 300 Cut Off for All Tissue Texture

median for Inertia at 300 Cut Off for All Tissue Texture

std for Inertia at 300 Cut Off for All Tissue Texture

skew for Inertia at 300 Cut Off for All Tissue Texture

kurtosis for Inertia at 300 Cut Off for All Tissue Texture
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Normalized count of Smooth for Entropy at 3.5 Cut Off for All Tissue Texture
Normalized count of Rough for Entropy at 3.5 Cut Off for All Tissue Texture
mean for Entropy at 3.5 Cut Off for All Tissue Texture

median for Entropy at 3.5 Cut Off for All Tissue Texture

std for Entropy at 3.5 Cut Off for All Tissue Texture

skew for Entropy at 3.5 Cut Off for All Tissue Texture

kurtosis for Entropy at 3.5 Cut Off for All Tissue Texture
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Claims
1. A method of computer aided phenotyping of fibrosis-related conditions, the method
comprising:

@ receiving a bright light Whole Slide Imaging (WSI) digital image of a biological tissue

sample, wherein the digital image indicates presence of collagens in the biological tissue sample;
(b) pre-processing the digital image, the pre-processing comprising performing color-based
image segmentation to generate a collagen specific image,

(© processing the collagen specific image to quantify a plurality of parameters, each parameter
describing a feature of the collagens in the biological tissue sample that is expected to be different

for different phenotypes of fibrosis,

wherein at least some of the features are selected from at least two of the group consisting
of: (1) tissue level features that describe macroscopic characteristics of the collagens depicted in
the digital image of the biological tissue sample; (2) morphometric level features that describe
morphometric characteristics of the collagens depicted in the digital image of the biological
tissue sample; and (3) texture level features that describe an organization of the collagens

depicted in the digital image of the biological tissue sample,

wherein the depiction of collagens in the biological tissue sample results from a marker

that is a collagen-specific stain used in a histopathology method, and

wherein at least some of the plurality of parameters are statistics associated with
histograms corresponding to distributions of the associated parameters across at least some

regions of the digital image, the statistics associated with histograms comprising skewness and

Kurtosis, and
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(d) combining at least some of the plurality of parameters in (c) to obtain one or more

composite scores that quantify a phenotype of fibrosis for the biological tissue sample.

2. The method of claim 1, wherein at least one of the features in () is a tissue level
feature, at least another feature in the features of (c) is a morphometric level feature, and at least

another feature in the features in (c) is a texture level feature.

3. The method of claim 1, wherein a first composite score of the one or more composite
scores is specific to a feature type selected from the group consisting of tissue level,
morphometric level, and texture level, and a second composite score of the one or more
composite scores is specific to another feature type selected from the group consisting of tissue

level, morphometric level, and texture level.

4. The method of claim 1, wherein the method is compatible with any modality of
imaging that distinguishes between a presence and absence of collagens in the biological tissue

sample.

5. The method of claim 1, wherein pixels of the digital image indicate presence and

quantity of collagens in corresponding volumes of the biological tissue sample.

6. The method of claim 1, wherein at least some of the parameters describing a

morphometric level feature or a texture level feature result from processing the histograms.
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7. The method of claim 6, wherein cut-off values split the histograms into subsets of

sample values, and at least some of the statistics are for a single subset of sample values.

8. The method of claim 1, wherein quantifying at least some of the plurality of
parameters associated with histograms comprises processing the histograms to identify multiple

modes of the histograms that are identified by deconvoluting the histogram.

9. The method of claim 8, wherein some modes of the histograms correspond to
phenotypic signatures of the fibrosis-related conditions, wherein deconvoluting the histogram
comprises filtering the histogram to determine whether the histogram exhibits a phenotypic

signature and to quantify the exhibited phenotypic signature.

10. The method of claim 1, further comprising processing the digital image to distinguish

between collagen classes in the biological tissue sample represented in the digital image.

11. The method of claim 10, wherein each of the plurality of parameters used to obtain at

least one of the one or more composite scores in (d) corresponds to one class of collagen.

12. The method of claim 10, wherein collagen classes include one or more of fine

collagen, assembled collagen, and tissue regions.

13. The method of claim 12, wherein each of the plurality of parameters used to obtain the

at least one of the one or more composite scores in (d) corresponds to one collagen class.
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14. The method of claim 11, wherein the collagen classes distinguish different stages of

fibrosis.

15. The method of claim 1, wherein different features are selected to quantify different

phenotypes of fibrosis.

16. The method of claim 1, wherein the plurality of parameters that are combined in (d)
are selected from a list of candidate parameters using a calibration technique involving a
calibration data set of calibration digital images taken from biological samples having known

phenotypes of fibrosis.

17. The method of claim 1, wherein the method quantifies the severity of fibrosis of the
biological tissue, progression of fibrosis for the subject, regression of fibrosis for the subject in

response to a therapy, or type of fibrosis, on a continuous scale.

18. The method of claim 1, wherein the parameters that describe texture level features
include at least one statistical parameter describing the distribution of one or more properties of a
collagen image pixel intensity grey level co-occurrence matrix (GLCM) defined on a spatial
dimension across a collagen image, the GLCM properties including at least one of the group
consisting of: energy, homogeneity, contrast, correlation, inertia, entropy, skewness, and

kurtosis.

19. The method of claim 18, wherein the texture level parameters are obtained by an

image processing method configured to quantify perceived texture of the collagen image.
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20. The method of claim 1, wherein the plurality of parameters that are combined in (d)
are selected from a set of candidate parameters to reduce the dimension of the set of candidate

parameters.

21. The method of claim 19, wherein the plurality of parameters that are combined in (d)

are selected using artificial intelligence and machine learning.
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