WO 2023/023507 PCT/US2022/075006

DISCOVERY PLATFORM

CROSS-REFERENCE TO RELATED APPLICATIONS

[0061] This application claims priority to U.S. Provisional Application No. 63/233,707, filed 16

August 2021, the contents of which are incorporated heren by reference in its entirety.

FIELD OF INVENTION

[8662] The present disclosure relates generally to a discovery platform, and more specifically to
machine-learning techniques for using medical imaging data to study a phenotype of interast,

such as complex diseases with weak or unknown genetic drivers.

BACKGROUND
{0003} Many diseases afflicting human beings are driven in part by genetics. Specifically,
mdividuals having one or more particular genetic variants or mutations may be more susceptible
to developing a disease or, following disease onset, to experience more rapid or severe disease
progression. Fspecially for diseases that may be impacted by multiple genetic variants, it has
proven difficult to identify the specific factors that may cause a subject having a certain genetic
background to incur a disease, or to predict how that disease 18 likely to progress in that subject
upon onset. Moreover, slight genetic variants arong subjects who are otherwise susceptible to a
disease may mpact how well each subject 15 likely to respound to a given therapeutic
intervention, with respect to both efficacy and safety. Thus, a lack of understanding regarding
how specific genetic variants may influence disease onset and progression, and, in turn, how
candidate therapies may impact regression of the disease or adverse reactions in clinical subjects,

pose significant stumbling blocks to effective drug development.

[8084] Recent advances in the computational analysis of histopathology images have enabled a
deeper understanding of disease phenotypes as expressed in various human subjects suffering
from a particular disease. Recent advances in computational analysis of genetic variants in
subjects and how, in turs, multiple genetic varants may influence disease susceptibility risk have
enabled better understanding of the precise genetic underpimnings of certain diseases. Still

opportunities remain for better leveraging these types of advances for identifying disease targets,
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predicting disease onset or the shape of disease progression in human subjects, predicting hikely
responses to therapeutic candidates among subjects with different genetic backgrounds,
identifying suitable patent cohorts 1o receive a particular therapy, and generally designing

clinical trials to optimize outcomes.

BRIFF SUMMARY

[0005] An exemplary method of identifving a covanant of interest with respect to a phenotype
comprises: receiving covariant information of a covariate class and corresponding phenotypic
data refated to the phenotype obtained from a group of clinical subjects; inputting the phenotypic
data into a trained unsupervised machine-learning model to obtain a plurality of embeddings in a
latent space, each embedding corresponding to a phenotypic state reflected in the phenotypic
data; and determining, based on the covariant information for the group of clinical subjects, the
plurality of embeddings, and one or more linear regression models, an association between each
candidate covariant of a plurality of candidate covariants and the phenotype to identify the

covariant of interest.

{0606} In some embodiments, the phenotype comprises a disease of interest, a gene expression,

metabolomics, proteomics, or lipidomics.

{0667] In some embodiments, the phenotypic data comprises medical imaging data,

histopathology data, clinical biomarker data, or genomic biomarker data.

{0008] In some embodiments, the covariate class comprises demographic information, clinical

covariates, or genomic data.

{0809] In some embodiments, determining the association between each candidate covariant and
the phenotype comprises: inputting each embedding of the plurality of embeddings mto a linear
regression mode] to receive a predicted continuous score for each embedding of the plurality of
embeddings to obtain a plurality of continuous scores; associating {(e.g., testing for association)
the plurality of predicted continuous scores with a candidate covariant expressed by the group of
climical subjects; determining, based on the association, a correlation metric between the
phenotype and the candidate covariant, the correlation metric indicative of the impact of the

candidate covariant on the phenotype.
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{0018 In some embodiments, determining the association between the candidate covariant and
the phenotype comprises: associating the plurality of embeddings with each candidate covariant
of the plurality of candidate covariates to identify a subset of the plurality of candidate covariant;
and associating each candidate covariant in the subset with the phenotype to identify the at least

one covariant of interest.

{0611} In some embodiments, the method further comprises: generating, based on the at least
one genetic variant of interest, a plurality of simulated images depicting the phenotype; and

displaying, on a display, the plurality of simulated images.

{0012} In some embodiments, the method further comprises: identifying a relationship between

the at least one genetic vanant of interest and the phenotype.
{0013 In some embodiments, the relationship is a causal relationship.

{6614} In some embodiments, the method further comprises: providing a diagnosis in a new

subject based on the relationship.

[0813] In some embodiments, the method further comprises: developing a treatment based on

the relationship.

[0816] In some embodiments, the method further comprises: administering, adjusting, or

applying a treatment based on the relationship.

[0817] Tn some embodiments, the method further comprises: providing a medical

recommendation based on the relationship.

{8818} Tn some embodiments, the method further comprises: 1dentifying a biological target for

treating the disease of interest based on the relationship.
[8819] To some embodiments, the disease of interest 13 non-alcoholic steatohepatitis (NASH).

{0928] An exemplary method of identifving at least one genetic variant of interest with respect to
a disease of interest comprises: inputting a plurality of medical images obtained from a group of

clinical subjects into a trained unsupervised machine-learning model to obtain a plurality of
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embeddings in a latent space, each embedding corresponding to a phenotypic state relative to the
disease of interest reflected in one or more of the plurality of medical images; inpuiting each
embedding of the plurality of embeddings into a trained linear regression model to receive a
predicted continuous medical diagnosis score for each embedding of the plurality of embeddings
to obtain a plurality of predicted medical diagnosis scores, each predicted continuous medical
diagnosis score indicative of a state of the disease of interest; associating the plurality of
predicted continuous medical diagnosis scores with each candidate genetic variant of a plurality
of candidate genetic variants expressed by the group of clinical subjects from whom the plurality
of medical tmages was taken; determining, based on the association, a correlation metric
between the disease of interest and each candidate genetic variant to identify the at least one
genetic variant of interest from the plurality of candidate genetic variants, the correlation metric

indicative of the impact of the candidate genetic variant on the disease of interest,

{0021} In some embodiments, the method further comprises: comparing the correlation metric

with a predefined threshold.

{0022} In some embodiments, the method further comprises: identifying, based on the

comparison, a relationship between the genetic vanant of interest and the disease of interest.
{0023] In some embodiments, the relationship is a causal relationship.

{0624 In some embodiments, the method further comprises: diagnosing the disease of interest in

a new subject based on the relationship.

{0625 In some embodiments, the method further comprises: developing a treatment based on

the relationship.

{08626} In some embodiments, the method further comprises: administering, adjusting, or

applying a treatment based on the relationship.

{6627} In some embodiments, the method further comprises: providing a medical

recommendation based on the relationship.

{0828] In some embodiments, the method further comprises: identifying a biological target for

treating the disease of interest based on the relationshup.
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{0029} In some embodiments, the disease of mterest is non-alcoholic steatohepatitis (NASH).
{0638 In some embodiments, the plurality of medical images comprises biopsy images.
{0631} In some embodiments, the biopsy images correspond to one or more clinical trials.

{06632} In some embodiments, the method further comprises: dividing 3 medical image of the
plurality of images into a plurality of iage tiles; inputting each image tife of the phwality of
mmage tiles into the unsupervised machine-learning model o receive a tile embedding for each
image tile to obtain a plorality of tile embeddings; and aggregating the tile embeddings to obtain

an embedding of the plurality of embeddings.

{0933} In some embodiments, aggregating the tile embeddings comprises averaging the tile

embeddings.
{034] In some embodiments, the unsupervised machine-learning model 1s a contrastive model.
[0835] In some embodiments, the contrastive model 1s a SiroCLR model.

{08036} In some embodiments, the unsupervised machine-learning model is trained at least

partially based on the plurality of medical images.

{66371 In some embodiments, the unsupervised machine-learning model is fine-tuned based on

the plurality of medical images.
{0038} In some embodiments, the linear regression model 1s a linear mixed model.

10039} In some embodiments, the linear regression model is fitted based on the plurality of
embeddings and a plurality of assigned medical diagnosis scores corresponding to the plurality

of embeddings.

{0040} In some embodiments, the plurality of assigned medical diagnosis scores are provided by

one or more medical practitioners.

{0841} In some embodiments, each assigned medical diagnosis score of the plurality of assigned

medical diagnosis scores is selected from a set of predefined values.
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{0042} In some embodiments, the plurality of predicted medical diagnosis scores 15 a plurality of
predicted fibrosis scores, a plurality of predicted lobular inflammation scores, or a plurality of

predicted steatosis scores.

{0643] In some embodiments, the plurality of predicted medical diagnosis scores comprises a
disease progression score obtained as the difference of predicted medical diagnosis scores af

different measurements during the clinical trial.

{0044} In some embodiments, the plurality of predicted medical diagnosis scores comprise
disease progression scores calculated as the difference between predicted medical diagnosis

scores reflecting different measurements obtained during the clinical trial.

{0845] In some embodiments, the plurality of predicted medical diagnosis scores comprise
disease progression scores obtained as the slope determined by a linear model {rained on
predicted medical diagnosis scores reflecting different measurements obtained for each

individual during the clinical trial.
{0846] In some embodiments, the vanant-specific model is a linear model.

{0847} In some embodiments, the varant-specific model s fitted based on the plorality of
predicted medical diagnosis scores and a plurality of values indicative of the candidate genetic

variant.

[0048] In some embodiments, determining the correlation metric comprises determining a P

value based on the varant-specific model.

{0849] An exemplary method of identifying at least one genetic variant of interest with respect to
a disease of mterest comprises: inputting a plurality of medical images obtained from a group of
chinical subjects nto a trained unsupervised machine-learning mwodel to obtain a plurality of
embeddings n a latent space, each embedding corresponding to a phenotypic state relative to the
disease of interest reflected 1n one or more of the plurality of medical images; associating the
plurality of embeddings with each candidate genetic vanant of a plurality of candidate genetic
varianis to identify a subset of the phurality of candidate genetic variants, wherein the subset of

the plurality of genetic variants is associated with histological features reflected in the plurality



WO 2023/023507 PCT/US2022/075006

of medical images; and associating each candidate genetic variant of the subset of the plurality of
candidate genetic varianis with the disease of interest to identify the at least one genetic variant

of interest from the subset.

{0658] In some embodiments, the method further comprises: generating, based on the at least
one genetic variant of interest, a plurality of simulated images depicting the disease of interest;

and displaying, on a display, the plurality of simulated images.

{0051} In some embodiments, the method further comprises: identifying a relationship between

the at least one genetic variant of interest and the digease of interest.
[0052] In some embodiments, the relationship is a causal relationship.

{0853 In some embodiments, the method further comprises: diagnosing the disease of interest in

a new subject based on the relationship.

[0654] In some embodiments, the method further comprises: developing a treatment based on

the relationship.

[8053] In some embodiments, the method further comprises: adminustering, adjusting, or

applying a treatment based on the relationship.

[0036] Tn some embodiments, the method further comprises: providing a medical

recommendation based on the relationship.

{8857} 1o some embodiments, the method further comprises: 1dentifying a biological target for

treating the disease of interest based on the relationship.

{0038} In some embodiments, the disease of mterest 1s non-alcoholic steatohepatitis (NASH).
{0659] In some embodiments, the plurality of medical images comprises biopsy images.
{0060} In some embodiments, the biopsy images correspond to one or more clinical trials.

{0861} In some embodiments, the method further comprises: dividing a medical image of the

plurality of images into a plurality of image tiles; inputting each image tife of the plurality of
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image tiles into the unsupervised machine-learning model to receive a tile embedding for each
mmage tile to obtain a plurality of tile embeddings; and aggregating the tile embeddings to obtain

an embedding of the plurality of embeddings.

{0662 In some embodiments, aggregating the tile embeddings comprises averaging the tile

embeddings.
{8663} In some embodiments, the unsupervised machine-learning model 13 a contrastive model.
[0064] In some embodiments, the contrastive model 15 a SimULR model,

{0865] In some embodiments, the unsupervised machine-learning model 18 trained at least

partially based on the plorality of medical images.

[0866] In some embodiments, the unsupervised machine-learning model 1s fine-tuned based on

the plurabity of medical images.

{80867} In some embodiments, associating the plurality of embeddings with each genetic variant
of the plurality of genetic variants to identify the subset of the plurality of genetic variants
comprises: generating, for a candidate genetic variaot of the plurality of candidate genetic
variants, a variant-specific model configured to receive an embedding and output a value of the
candidate genetic variant; and evaluating the variant-specific model to determine whether to

melude the candidate genetic variant in the subset.

[8068] 1o some embodiments, evaluating the vanant-specific model comprises: calculating a
correlation metric based on the varant-specific model; and comparing the correlation metric with

a predefined threshold.

{3969} In some embodiments, the correlation metric 1s a P value associated with the variant-

specific model,

[3976] In some embodiments, associating each genetic variant of the subset of the plurality of
genetic varants with the disease of nterest to wentify the at least one genetic vanant of interest
comprises: generating, for a genetic variant n the subset, a variant-specific model configured to

receive a value indicative of the genetic variant and output a medical diagnosis score related to
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the disease of interest; and evaluating the vanant-specific model to determine whether the

candidate genetic variani is the at least one genetic vanant of interest.

10071} In some embodiments, evaluating the variant-specific model comprises: calculating a
correlation metric based on the variant-specific model; and comparing the correlation metric with

a predefined threshold.

{8672} In some embodiments, the correlation metric 1s a P value associated with the variant-

spectfic score prediction model.

[0873] An exemplary method of evaluating a treatronent with respect to progression of a disease
of interest, comprising: obtaining a plurahity of baseline placebo mmages of a placebo group of
subjects captured before a placebo 15 administered to the placebo group and a plurality of follow-
up placebo images of the placebo group of subjecis captured after the placebo is administered to
the placebo group; obtaining a plurality of placebo progression embeddings based on the
plurality of baseline placebo images and the plurality of foliow-up placebo images; obtaining a
plurality of baseline ireatment images of a treatment group of subjects captured before the
treatment is administered to the treatment group and a plurabity of follow-up treatment images of
the treatment group of subjects captured after the treatment 15 administered to the treatment
group; obtaining a plurality of treatment progression embeddings based on the plurality of
baseline treatment images and the plurality of follow-up treatment images; generating a
classification model for determining whether a patient has received the placebo or the treatment
based on the plurality of treatment progression embeddings, wherein outputs of the classification
model are indicative of drug response histological phenotype (DRP); and determining, based on
the classification model, a correlation metric between the treatment and the progression of the

disease of interest.
{0974} In some embodiments, the correlation metric 15 a P value.

0875} In some embodiments, the method further comprises: comparing the correlation metric

with a predefined threshold.

10076} In some embodiments, the method further comprises: identifying, based on the

comparison, an association between the treatment and progression of the disease of interest.
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{0077} In some embodiments, the method further comprises: prescribing the treatment in a new

subject based on the association.

{00738} Insome embodiments, the method further comprises: administering the treatment based

on the association.

{6679} In some embodiments, the method further comprises: adjusting the treatment based on

the association.

[0088] In some embodiments, the method further comprises: providing a medical

recommendation based on the association.

{0081} In some embodiments, the method further comprises; generating a report based on the

asspeiation,
{3982] In some embodiments, the disease of interest 1s non-alcoholic steatohepatitis (NASH).

[B083] In some embodiments, obtamning the plurality of placebo progression embeddings
comprises: inputting the plurality of baseline placebo images into a traimed unsupervised
machine-learning model to obtain a plurality of baseline placebo embeddings n a latent space;
inputting the plurality of follow-up placebo images mnto the trained unsupervised machine-
learning model to obtaim a plarality of follow-up placebo embeddings in the latent space;
mputting the plurality of baseline placebo embeddings mto a trained hinear model 1o obtain a
plurality of predicted follow-up placebo embeddings in the latent space; determining the plarality
of placebo progression embeddings by calculating differences between the plorality of follow-up

placebo embeddings and the plurality of predicted follow-up placebo embeddings.

[0084] In some embodiments, obtaining the plurality of treatment progression embeddings
comprises: inputting the plorality of baseline treatment images into the trained ansupervised
machine-learning model to obtain a plurality of baseline treatment embeddings in a latent space;
mputting the plurality of follow-up treatment 1mages into the trained vosupervised machine-
fearning model to obtain a plurality of follow-up treatment embeddings in the latent space;
mputting the plurality of baseline treatment embeddings into the trained linear model to obtain a

plurality of predicted follow-up treatment embeddings in the lateni space; determining the

10
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plurality of treatment progression embeddings by calculating differences between the plurality of

follow-up treatment embeddings and the plurality of predicted follow-up treatment embeddings.
{0085} In some embodiments, the unsupervised machine-learning model is a contrastive model.
[0086] In some embodiments, the contrastive model is 2 SimCLR model.

[0087] In some embodiments, the trained linear model 1s configured to receive a basehne

embedding and output a predicted follow-up embedding.
[3088] In some embodiments, the trained linear model s a linear nuxed model.

[0089] In some embodiments, the placebo group 15 a first placebo group, and wherein the linear
model s trained using iroage data from a second placebo group different from the first placebo

Sroup.

[0996] In some embodiments, the classification model is configured to receive an input
progression embedding and output a classification result indicating whether a patient has

received the placebo or the treatment.

[0091] v some embodiments, the plurality of baseline placebo tmages, the plurality of follow-~up
placebo tmages, the pluraliy of baseline treatment 1mages, and the pluraluy of follow-up

treatment tmages are blopsy mages.

{66921 An exemplary method of identifying a covariant of interest with respect to drug response
histological phenotype (DRP) of a treatment comprises: receiving covariant mformation of a
covariate class obtained from a group of clinical subjects; receiving a plurality of baseline
woages and a plurality of follow-up images from the group of clirucal subjects; obtaining a
plurality of progression embeddings based on the plurality of baseline images and the plurality of
follow-up mmages; mputting the plurality of progression emnbeddings 1nto a trawed classification
models to obtain a plurality of classification results indicative of DRP values of the group of
chinical subjects; and determuning, based on the covariant information for the group of clinical
subjects, the plurality of classification resulis, and one or more hinear regression models, an
association between each candidate covarant of a plurality of candidate covariants and the DRP

values to identify the covariant of mterest.

11
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{0093} In some embodiments, the plurality of candidate covarants comprises a plurality of

candidate missense varants.

100%4] In some embodiments, the plurality of candidate covariants comprises a plurality of

candidate genes.

{0095} In some embodiments, the covariate class comprises demographic information, clinical

covariates, or genomic data.

{0096} In some embodiments, the method further comprises; diagnosing a disease of interestin a

new subject based on the wdentified covariant of interest.

{6097} In some embodiments, the method further comprises: developing a treatment based on

the identified covariant of interest.

[06698] In some embodiments, the method further comprises: administering, adjusting, or

applying the treatment based on the identified covarant of interest.

[6699] In some embodiments, the method further comprises: providing a medical

recommendation based on the identtfied covariant of interest.

[6166] In some embodiments, the method further comprises: 1dentifving a biological target based

on the identified covariant of interest.
{6161} In some embodiments, the plurality of medical images comprises biopsy images.

10102} In some embodiments, obtaining the plurality of progression embeddings based on the
plurality of baseline images and the plurality of follow-up images comprises: mputting the
plurality of baseline images into a trained unsupervised machme-learning model to obtain a
plurality of baseline embeddings m a latent space; inputting the plurality of follow-up images
mto the trained unsupervised machine-learning model to obtain a plurality of follow-up
embeddings i the latent space; nputting the plurality of baseline embeddings into a trained
Hinear model to obtaiu a plurality of predicied follow-up embeddings n the latent space;
determining the plurality of progression embeddings by calculating differences between the

plurality of follow-up embeddings and the plurahty of predicted follow-up embeddings.

12
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{3103} In some embodiments, the unsupervised machine-learning model is a contrastive model.
{6104 In some embodiments, the contrastive model is a SimCLR model.

{6265} In some embodiments, the trained linear model 1s configured to receive a baseline

embedding and output a predicted follow-up embedding.
[0106] In some embodiments, the trained linear model 1s a linear mixed model.

[0107] Tn some embodiments, the traned classification model 1s configured to receive an mput
progression embedding and determine whether a patient has received the placebo or the

ireatment.

{#1168] In some embodiments, identifying the covariant of interest comprises: for a candidate
covariant of the plurality of candidate covariants: generating a model based on the DRP values
and the covariant information of the group of clinical subjects; and determining a correlation

metric based on the model,
{0169 In some embodiments, the correlation metric 15 a P value.

[0118] Tn some embodiments, the method further comprises: comparing the correlation metric

against a predefined threshold to determine if the candidate covariant s the covanant of mterest.

{0111} An exemplary method of evaluating a treatment with respect to progression of a disease
of interest comprises: obtaining medical images comprising: (a) a plurality of baseline placebo
woages of a placebo group of subjects captured before a placebo 1s adruinistered to the placebo
group, (b} a plurality of follow-up placebo images of the placebo group of subjects captured after
the placebo 1s administered to the placebo group, (¢} a plurality of baseline treatment images of a
treatment group of subjects captured before the treatment s administered to the treatroent group,
and {d) a plurality of follow-up treatment 1mages of the treatment group of subjects captured
after the treatment is admimstered to the treatment group; inputting the wedical images mto a
trained unsupervised machine-learming model to obtain a plurality of embeddings, each
embedding corresponding to a phenotypic state relative to the disease of interest reflected in one
or more of the medical images; mpuiting the plurality of embeddings o a trained linear

regression model to obtain a plurality of predicted continuous medical diagnosis scores, each

13
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predicted continuous medical diagnosts score indicative of a state of the disease of interest;
determining a plurality of placebo progression scores and a plurabity of treatment progression
scores based on the predicted continuous medical diagnosis scores; associating the plurality of
placebo progression scores and the plurality of treatment progression scores with the treatment;
determining, based on the association, a correlation metric between the plurality of disease

progression scores and the treatment.

10112} In some embodiments, inpuiting the medical images inio a trained unsupervised machine-
learning model to obtain the plurality of embeddings comprises: inputting {a} into the trained
unsupervised machine-learning model to obtain a plurality of baseline placebo embeddings;
mputting (b} into the trained unsupervised machine-learning model to obtain a plurality of
follow-up placebo embeddings; mputting (¢} into a trained unsupervised machine-learning model
to obtain a plurality of baseline treatment embeddings; inputting (d) into the trained unsupervised

machine-learning model to obtain a plurality of follow-up treatment embeddings.

{0113} In some embodiments, mputting the plurality of embeddings into the trained linear
regression model comprises: mnputting the plurality of baseline placebo embeddings into the
trained linear model to obtain a plurality of baseline placebo scores; inputting the plurality of
follow-up placebo embeddings into the trained linear model to obtain a plurality of follow-up
placebo scores; inputting the plurality of baseline treatment embeddings into the trained linear
model to obtain a plurality of baseline treatment scores; and inputting the plurality of follow-up
treatment embeddings into the trained linear model to obtain a plurality of follow-up treatment

SCOres.

{0114} In some embodiments, determining the plurality of placebo progression scores and the
plurality of treatment progression scores comprises: determining differences between the
plurality of baseline placebo scores and the plurality of follow-up placebo scores to determine
the plurality of placebo progression scores; and determining differences between the plurality of
baseline treatment scores and the plurality of follow-up treatment scores to deternmine the

plurality of treatment progression scores,

{31 15] In some embodiments, determining the plurality of placebo progression scores and the

plurality of treatment progression scores cornprises: determining, for each subject in the placebo

14
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group, a slope of a linear model fitted at least based on a baseline placebo score and a follow-up
placebo score of the subject in the placebo group; and determuning, for each subject in the
treatment group, a slope of a linear model fitted at least based on a baseline placebo scoreand a

follow-up placebo score of the subject in the treatment group.

{0116} In some embodiments, associating the plurality of placebo progression scores and the
plurality of treatment progression scores with the treatment comprises generating a model
configured to receive an indication of whether a patient received the treatment and output a

predicted disease progression score.
{6117} In some embodiments, the correlation metric is P value of the model.

{0118} In some embodiments, the method further comprises: comparing the correlation metric

with a predefined threshold.

{6119} In some embodiments, the method further comprises: 1dentifying, based on the

comparison, an association between the treatment and the disease of nterest.

[8128] In some embodiments, the method further comprises: administering, adjusting, or

applving the treatment based on the association.

[0321] In some embodiments, the method further comprises: providing a medical

recommendation based on the association.

[0122] To some embodiments, the disease of mterest 13 non-alcoholic steatohepatitis (NASH).
{1123} In some emboduments, the unsupervised machine-learning model 1s a contrastive model.
10124} In some embodiments, the contrastive model is a SimCLR model.

{0125] In some embodiments, the linear regression model is a linear mixed model.

{0126} In some embodiments, the linear regression model s fitted based on a plurality of

assigned medical diagnosis scores.

15



WO 2023/023507 PCT/US2022/075006

{0127} In some embodiments, the plurality of assigned medical diagnosis scores are provided by

one or more medical practitioners.

{0128} In some embodiments, each assigned medical diagnosis score of the plurality of assigned

medical diagnosis scores 15 selected from a set of predefined values.

[6229] In some embodiments, the plurality of predicted medical diagnosis scores 15 a plurality of
predicted fibrosis scores, a plurality of predicted lobular inflammation scores, or a plurality of

predicted steatosis scores.

[0138] An exemplary method of identifying a patient subgroup of interest comprises: inputting a
plurality of medical images obtained from a group of clinical subjects into a traned unsupervised
machine-fearning model to obtain a plurality of embeddings i a latent space; clustering the
plurality of embeddings to generate one or more chusters of embeddings; identifying the one or
more patient subgroups corresponding to the one or more clusters of embeddings; associating
each patient subgroup of the one or more patient subgroups with a covariant to identify the

patient subgroup of interest.
{6131} In some embodiments, the unsupervised machine-learning model is a contrastive model.
[0132] In some embodiments, the contrastive model 1s a SimCLR model,

{6233} In some embodiments, the covariant i1s a treatment of interest and wherein the patient

subgroup of interest 18 a subgroup in whom the treatment of interest has a significant impact,

[0134] In some embodiments, associating each patient subgroup of the one or more patient
subgroups with the covanant comprises: generating, for a patient sabgroup, a model configured
to recetve an indication of whether a patient in the patient subgroup recetved the treatment of
mierest and output a predicted disease progression; and evaluating the model to determine if the

patient subgroup 1s the patient subgroup of imterest.

{0138] In some embodiments, evaluating the model comprises determining a correlation metri¢

of the model and comparing the correlation metric agaist a predefined threshold.

[0136] In some embodiments, the correlation roetric is a P value.

16
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{3137} In some embodiments, the generated model 1s trained by disease progression values of

subjects in the patient subgroup.

{0138} In some embodiments, the disease progression values comprise medical diagnosis scores

of the subjects in the patient subgroup.

16239} In some embodiments, the disease progression values comprise progression scores of the

subjects in the patient subgroup.

[0148] In some embodiments, the disease progression values comprise DRP values of the

subjects in the patient subgroup.

{6141} In some embodiments, the covariant is a progression of a disease of interest and wherein
the patient subgroup of interest 13 a subgroup that has a significant association with the

progression of the disease of interest.

[0142] In some embodiments, associating each patient subgroup of the one or more patient
subgroups with the covariant comprises: generating, for a patient subgroup, a model! configured
to recetve an indication of whether a patient belongs 1o the patient subgroup and output a
predicted disease progression; and evaluating the model to determine if the patient subgroup is

the patient subgroup of interest.

{6243} In some embodiments, evaluating the model comprises determining a correlation metric

of the model and comparing the correlation metric against a predefined threshold.
[0144] In some embodiments, the correlation metric 15 a P value.

{0143} 1o some embodiments, the generated model 1s trained by disease progression values of

the group of clinic subjects.

[0146] In some embodiments, the disease progression values comprise medical diagnosis scores
of the subjects in the patient subgroup, progression scores of the subjects in the patient subgroup,

or DRP values of the subjects in the patient subgroup.

17
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{8147} In some embodiments, the covariant is an adverse side effect and wherein the patient

subgroup of interest 18 a subgroup that has a significant association with the adverse side effect.

{0148} In some embodiments, associating each patient subgroup of the one or more patient
subgroups with the covariant comprises: generating, for a patient subgroup, a model configured
to receive an indication of whether a patient in the patient subgroup belongs to the patient
subgroup and predict if the patient has the adverse side effect; and evaluating the model to

determine if the patient subgroup is the patient subgroup of imterest.

{03149} In some embodiments, evaluating the model comprises determining a correlation metric

of the model and comparing the correlation metric against a predefined threshold.
{0156 In some embodiments, the correlation metric is a P value.

[01581] An exemplary method of dentifving at least one biological target of interest with respect
to a disease of interest comprises: inputting a plurality of medical images obtained from a group
of chinical subjects into a trained unsupervised machine-learning model to obtain a plurality of
embeddings in a latent space, each embedding corresponding to a phenotypic state relative 1o the
disease of interest reflected in one or more of the plurality of medical images; associating the
plurality of embeddings with each candidate biological target of a plurabity of candidate
biclogical targets to identify a subset of the plurality of candidate biclogical targets, wherein the
subset of the plurality of biological targets 15 associated with phenotypic features reflected in the
plurality of medical images; and associating each candidate biological target of the subset of the
plurality of candidate biological targets with the disease of interest to identify the at least one
biclogical target of interest from the subset having a functional impact on the onset of the disease
of interest or ifs progression; and identifying a mological target for modulation, wherein such
modulation s designed to alter, offset, mitigate, supplement or complement the functional

mpact of the at least one biclogical target on the disease of interest.

{0152} An exemplary system comprises: one 0r more processors; a memary; and one or more
programs, wherein the one or more programs are stored in the memory and configured to be
executed by the one or more processors, the one or more programs including instructions for

performing any of the methods described herein.
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{3153} An exemplary non-transitory computer-readable storage medium stores one or more
programs, the one or more programs comprising imstructions, which when executed by one or
more processors of an electronic device, cause the electronic device to perform any of the

methods deseribed herein.
DESCRIPTION OF THE FIGURES
[0154] The patent or application file contains at least one drawing executed in color. Copies of

this patent or patent application publication with color drawing{s) will be provided by the Office

upon request and payment of the necessary fee.

[0158] FIG. 1 iHlustrates an architecture of an exemplary discovery platform, i accordance with

some embodiments.

[0156] FIG. 2 iHustrates an exemplary method for identifying a genetic variant of interest with

respect to a disease of mierest, in accordance with some embodiments.

{6157} FIGS. 3A and 3B lustrate an exemplary workflow for wdentifying a genetic variant of

interest with respect to a disease of interest, in accordance with some embodiments.

[0138] FIG. 4A dlustrates an exemplary unsupervised machine-learning model, tn accordance

with some embodiments.

[0139] FIG. 48 illustrates a data architecture for trainung of an exemplary contrastive learoing

algorithm, m accordance with some embodiments.

[0168] FIG. 3 illustrates fitting of an exemplary linear regression model for predicting medical

diagnosis scores, in accordance with some embodiments.

[8161] FIG. 6 illustrates fitting of an exemplary variant-specific model for predicting medical

diagnosis scores, in accordance with some embodiments.

{0162} FIG 7 illustrates an exemplary process for identifying at least one genetic variant of

mterest with respect to a disease of interest, according to various embodiments.
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{3163} FIGS. 8A and 8B illustrate an exemplary workflow for identifying a genetic variant of

mterest with respect to a disease of interest, in accordance with some embodiments.

{0164] FIG. 9 illustrates fitting of an exemplary linear regression model, in accordance with

some embodiments.
[6165] FIG. 10 dlustrates an exemplary GAN model, in accordance with some embodiments.

{8166} FIG. 11 Hustrates generation of predicted simulated mmages, m accordance with some

embodiments.

{0167] FIG. 12A illustrates an exemplary set of predictive image files and an exemplary series of
three simulated umages to visualize an increasing fibrosis score, in accordance with some

embodiments.

[#168] FIG. 128 diustrates an exemplary set of predictive image tiles and an exemplary series of
three simulated fmages to visualize an increasing PNPLA3 tile score, in accordance with some

embodimenis.

{0169] FIG. 13 iliustrates an exemplary series of predicted simulated images to visualize

hustological effects associated with various scores, 1o accordance with some embodiments.

{0178} FIG. 14 illustrates the performance of the various hinear models configured to predict

medical diagnosis scores, in accordance with sorme embodiments.

[0171] FIG. 15A dlustrates a variant component model with study, site, and pathologist score

effects, in accordance with some embodiments.

10172} FIG 158 illustrates an exemplary genome-wide association study (GWAS) of

embeddings controlling for site and study affects, in accordance with some erabodiments.

{0173} FIG 15C illustrates an exemplary phenome-wide association study (FheWAS), in

accordance with some embodiments.

{0174} FIG. 16 illustrates an exemplary method of evaluating a treatment with respect to a

disease of interest, in accordance with some embodiments.
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{3175} FIG. 17 ilfustrates an exemplary process for evaluating a treatment with respect to a

disease of interest, in accordance with some embodiments.

{0176} FIGE. 18A-B and 18D illustrate exemplary generation of progression embeddings, in

accordance with some embodimenis.

{6877} FIG. 1BC illustrates an exemplary definttion of progression embedding, i accordance

with some embodiments.

[0178] FIG. 19 diustrates an exemplary training process of the linear model, in accordance with

some embodirnents.

[0179] FIG. 20 diustrates an exemplary method of identifying a covariant of interest with respect
to drug response histological phenotype (DRP) of a treatment, in accordance with some

embodimenis.

[0188] FIG. 21 illustrates an exemplary method of identifying a covanant of interest with respect

to drug response phenotype (DRP) of & treatment, n accordance with some embodiments.

[0181] FIG. 22 illustrates an exemplary method of evaluating a treatment with respect to

progression of a disease of interest, in accordance with some embodiments,

[0182] FIG. 23 illustrates an exemplary method of evaluating a treatment with respect to

progression of a disease of mterest, 1u accordance with some embodiments,

[0183] FIG. 24 illustrates an exemplary method of identifying a patient subgroup of terest, 1n

accordance with some embodiments.
10184 FIG 25 illustrates three patient clusters, in accordance with some embodiments.

[0185] FIG. 206A ilustrates an exemplary longitudinal expression analysis, in accordance with

some embaodiments.

{0186] FIG. 268 dlustrates exemplary genetic association studies, in accordance with some

embodiments.
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{3187} FIG. 27 illustrates association studies between DRFP and expression, in accordance with

some embodiments.
{0188] FIG. 28 iliustrates a comparison of z-scores, in accordance with some embodiments.

[0189] FIG. 29 iHusirates an exemplary electronic device, in accordance with some

embodiments.

DETAILED DESCRIPTION

{0198 The following description is presented to enable a person of ordinary skill 1o the art to
make and use the various embodiments. Descriptions of specific devices, techmques, and
apphications are provided only as examples. Various modifications to the examples described
herein will be readily apparent to those of ordinary skill in the art, and the general principles
defined herein may be applied to other examples and applications without departing from the
spirit and scope of the various embodiments. Thus, the various embodiments are not intended to
be lirmied to the examples described heremm and shown, but are to be accorded the scope

consistent with the claims.

{0191} Dhsclosed herein are methods, systems, electronic devices, non-transitory storage media,
and apparatuses directed to providing a discovery platform. The discovery platform can be
apphed to complex diseases such as polygenic diseases to enable target identification, cross-
climical trial analysis, and enhance mterpretability. The discovery platform can be applied to
weak or unknown genetic drivers. For example, NASH 15 a disease with an unknown genetic
architecture. In some embodiments, the discovery platform can identify a relationship (e.g., a
causal relationship) between the genetic vanant of interest and the disease of interest such as
NASH. The identified relationship can be vsed to determine the fikelihood that a disease of
mterest will develop in a new subject or to more confidently diagnose the presence of the disease
in a new subject given certain symptoms or the presence of other disease-associated factors.
Addtionally, if the genetic variant is identified in the new subject, a diagnosis or prognosis of
the disease of interest can be provided accordingly, including a prognosis regarding how the
disease can be expected to progress. For example, if the genetic variant of interest is discovered

for NASH, genomic testing can be performed on a new subject to detect the varnant. If the
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variant s present, the system can predict disease onset, provide a diagnosis, and/or provide a

prognosis regarding how the disease may progress for the new subject.

10192} In some embodiments, the discovery platform comprises a plurality of stages. At the first
stage, an exemplary system (e.g., one or more electronic devices) generates embeddings based
on medical imaging data related to a phenotype of interest such as a disease of interest. An
embedding is a mapping of a variable to a vector {an array of numbers}. As described herein, an
embedding refers to a vector representation of a phenotypic state relative to the disease of
mterest reflected in the medical imaging data. The embedding captures rich semantic
nformation of the medical imaging data (e g., features of the microscopic structure of tissues
reflected in the image), while excluding information that is not relevant to downstream analyses
{e.g, orientation of the image). In an exemplary implementation, the disease of interest is non-
alcoholic steatohepatitis {INASH) and the medical images are tfrom hematoxylin & eosin (H&E)
stained liver biopsies from a number of clinical trials. The resulting unsupervised embeddings
can enable target identification, cross-clinical trial analysis, and enhance interpretability, as

described herein.

{0193} In some embodiments, the system generates an embedding by mputiing medical imaging
data into a trained unsupervised machine-learning model such as a contrastive learning
algorithm. Contrastive learning models can extract embeddings from imaging data, and the
erabeddings are hinearly predictive of biological endpoinis or labels (e g., progression of the
disease of mierest) that may otherwise be assigned to such data, as described herein. A suitable
condrastive learning model s tramed such that 1t can maximize the stnulanty between
embeddings from different angmentations of the same sarple image and mininuze the simiarity
between embeddings of different saraple tmages. For exarople, the model can extract

embeddings from images that are invarnant to rotation, flipping, cropping, and color jittering.

[0194] In some embodiments, the embeddings can be mean-aggregated and/or normalized before
bewng used for downstrean analysis. In some embodiments, normalizing the embeddings
comprises perfornmung a variance-stabilizing transformation, which may improve their ability to
finearly predict biological endpoints of labels. As described herein, normalization can mmprove

the performance of hinear predictive models fitted based on the embeddings. In some
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embodiments, a linear model fit with normalized embeddings has similar or superior predictive
capability as a supervised machine-learning model and is more computationally efficient to

generate and apply, as described further herein.

{0195] Atthe second stage, the system performs statistical analysis of the embeddings, for
example, using one or more linear regression models. Performing statistical analysis using
embeddings rather than imaging data provides a number of technical advantages. First, an
embedding captures rich semantic information of the imaging data (e.g., features of the
microscopic structure of tissues reflected in the image), while excluding information that is not
relevant to the downstream analyses {e.g., orientation of the image). Further, the embedding is
of a significantly smaller size than the imaging data it represents. In an exemplary
unplementation, the embedding can be a 2048-dimensional vector, while the corresponding
medical image comprises data corresponding to a large number of pixels (e g., tens of thousands

of pixels, hundreds of thousands of pixels, millions of pixels, and the like).

{0396} Further still, the embeddings allow the system to generate {e.g., fit} linear regression
models that are configured to receive embeddings as the input and output predictions. In some
embodiments, the linear regression models are linear mixed models, which provide a flexible
framework for statistical analysis of embeddings of phenotypic variation, including treatments
and potential covariate effects. As described herein, linear models generated based on
erabeddings can provide similar ot superior predictive power as supervised machine-learmung
models {e g., a neural network configured to receive image data) and are more computationally

efficient to train and 1o apply than supervised machine-learning models.

{0397} In some embodiments, the second stage of the discovery platform comprises using the
erabeddings to obtain fine-grained labels for the medical images, such as continuous scores
indicative of the disease of mterest. For example, a linear model can be generated {e.g., fitted)
based on embeddings and pathologist-assiguned, discrete medical diagnosis scores associated with
the embeddings. The model can then be applied to the embeddings 1o predict continucus

medical diagnosis scores,

[0198] A predicted continuous score has strong advantages over a discrete score assigned by a

pathologist. Specifically, the predicted score has a continuous value and thus captures more
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nuance than a pathologist-assigned, discrete score. The ability to assign continuous scores to the
embeddings (and image data} results in higher precision and improved statistical power in
downstream analyses, such as obtaining a closer association of each depicied disease state with a
genetic variant or variants. For example, the severity of NASH and liver fibrosis is currently
histologically assessed by pathologists through the NASH CRN and Ishak stage ordinal scores,
such as the Ishak fibrosis score (0-6), the steatosis score (0-3), the lobular inflammation score (0-
3}, and the ballooning score (0-2). Quantitative analyses of these metrics are challenged by their
low-resolution categorization of disease. The linear model can be trained to generate continuous
scores from imaging data (e.g., H&E liver biopsy imaging data} that are predictive of pathologist
scores. The continuous scores enable a more precise definition of disease progression,

empowering longitudinal expression analysis and genetic assoctation studies.

{0199] In some embodiments, the system performs association testing between a candidate
genetic variant and the disease of mterest Each medical image {e g, histology image) has
associated gene sequences from the human subject from whom the image was taken. The
association testing comprises generating (e g., fitting) a linear model based on the candidate
genetic vanant and the continuous scores indicative of the disease of interest. The system can
generate variant-specific models {e.g., 100,000 models, | million models, 10 million models,
ete.) for all candidate genetic variants of terest {e.g., 100,000 variants, 1 milthon varants, 10
mullion vanants, ete.}. Each model can be evaluated to determine if there is a sigiuficant
association between each candidate genetic variant and the disease of interest to identify one or

more genetic variants of mierest.

[3266] In some emboduments, the systern associates the plurality of embeddings with each
candidate genetic variant of a plurality of candidate genetic variants to identify a subset of
candidate genetic variants that have significant associations with the erobeddings. By assessing
associations between the candidate genetic variants and embeddings, the system wdentifies the
subset of candidate genetic variants that 13 associated with histological differences reflected in
the images. In some embodiments, the system performs the association test by generating, for
each candidate variant, a variant-specific model configured {o recetve an embedding and output a
value of the candidate genetic variant. The variant-specific model s then evaluated to determine

whether there 18 a significant association between each candidate genetic variant and the
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embeddings (e.g., based on a P value associated with the variant-specific model). The system
can generate variant-specific models (e.g., 100,000 models, 1 nullion models, 10 million models)
for all candidate genetic vanants {e.g., 100,000 variants, T million variants, 10 million variants)
to identify the subset of candidate genetic vanants. The system can further associate each
candidate genetic variant in the subset with the disease of interest to identify at least one genetic
variant of interest. In some embodiments, the system generates, for a candidate genetic variant
in the subset, a variant-specific score prediction model configured to receive a value indicative of
the candidate genetic variant and output a medical diagnosis score related to the disease of
imnterest {e.g., based on the continuous scores described above). The model is then evaluated to
determine whether there is a significant association between the candidate genetic variant and the

disease of interest.

{0261} Other association testing procedures can be implemented in the second stage. In some
embodiments, the association testing procedure can be based on a univariate linear model for
which the outputs are embeddings and the inputs are covariates, a multivariate linear model for
which the outputs are embeddings and the inputs are covariates, or a linear model for which the
outputs are covariates and the nputs are embeddings. The association testing procedure can be
also based on extensions of linear models such as linear mixed models or logistic regression or
on nonlinear models {e.g., random forest, SVMs, etc.}. The application of the association testing
procedure can provide a P value of association between each embedding dimension and every
tested covariate or between all erobedding dimensions as a whole and every tested covarniate.
Statistically significant association determined through multiple hypothesis testing procedures
{such as Bonferroni or Benjammi Hochberg) can provide factors that are associated with

variation in the high content phenotypic dataset {e.g., the medical imaging data).

[0262] In the third stage, the system can visualize or facilitate visualization of 1mages for
deseribing the hustological effects of an wdentified covariant of materest, such as an wdentified
generic of interest. In some embodiments, the system uses a linear model to identify biopsy
mage tiles that are predictive of measured endpoints. Multiple embeddings can be generated via
finear mterpolation to represent a progression of the disease of juterest. The embeddings can be
transformed into a series of tmages representing a phenotypic state of a disease. The series of

images can be displayed as an animation to provide a visualization of the associated histological
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changes, which cannot otherwise be detected by an association study of the pathologist score.
The visualizations can help with interpretation of the features used by the model and generation
of hypotheses based on the histological changes. Accordingly, the system can discover variants
that are not associated with disease labels in the second stage and characterize their effects

through novel visualization tools in the third stage.

{0203] In some embodiments, predicted images in the form of simulated images are generated by
a generator component of a trained generative adversarial network (GAN) model. The generator
can generate simulated images conditioned on embeddings (e.g., image tile embeddings),
enabling interpolation along a phenotype while holding other features constant. For example, the
generator can be configured to receive an embedding x (as the condition) and a noise vector #
sampled from a standard normal distribution and output a simulated image. In one exemplary
mplementation, the embedding x is a 2048-dimensional embedding and the noise vector 1 is a

312~-dimensional vector sampled from a standard normal distribution.

{0264 In some embodiments, predicted images may be selected from among actual medical
images ranked based on each image’s predicted score and/or predicted features generated in
connection with such image’s embedding. The images that are visualized mav be some or all of
the ranked 1mages. For example, a top N images from the ranking may be displayed. As another
example, a top N and a bottom A images from the ranking may be displayed. Alternative

subsets of images may be selected based on the ranking,

{0205] The embodiments described herein are merely exemplary and the discovery platform can
be applied to discover associations between any phenotype of interest and a covaniate. In some
examples described herein, the phenotypic data comprises medical images; the phenotype of
imterest is a disease of interest {e.g., NASH), which can be represented by a medical diagnosis
score (e.g., fibrosis score); the covariate of interest 1s a genetic variant of interest. However, 1t
should be understood that the technigues described herein can be applied to discover associations
between another phenotype of interest and another covanate. Exemplary phenotypic data
melude, but are not lunited to, which s not to suggest that other histings are limiting, in vivo
medical images {e.g., MRY, X-ray, CT scan), medical images generated from biopsy samples,

such as histopathology data (e g., H&E stained, Trichrome), clinucal biomarker data {e.g., blood
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test measurements, including proteomic and cfDNA, cognitive/psychiatric assessment scores,
microbiome assessment, etc.) and genomic biomarker data {e.g., bulk RNA-seq, methylation
data, genomic sequence data, epigenetic sequence data, eic.). Exemplary phenotypes include,
but are not limited to, which s not to suggest that other listings are himiting, a disease of interest,
gene expression, metabolomics, proteomics, transcriptomics, or lipidomics, etc. Exemplary
covariates include, but are not limited to, which 1s not to suggest that other listings are limiting,
demographic information {e.g., age, sex), clinical covaniates {e.g., a disease state, a clinical score
or a blood hiomarkers}, genomic data {e.g., genetic data, expression data, methylation data, etc.},

etc.

{0206] In some embodiments, the wdentified relationship can be used to identity biomarkers or
targets for disease intervention. For example, certain genetic variants identified as having a
causal relationship with disease onset or progression can be further evaluated for their
amenability to therapeutic intervention. Additionally, in view of the functional impact of the
genetic variant on the disease of interest, additional biological targets may be identified for
therapeutic mtervention. Such biological targets, may, for instance, be proteins transcribed by
the gene in which the genetic variant of mterest is located. Such hiological targets may also
comprise other genes, proteins, or metabolites anticipated to alter, offset, mitigate, supplement or
complement the functional impact of the at least one genetic variant on the disease of interest.
In some embodiments, the identified relationship can be used to develop a treatment. For
example, the tmpact of candidate therapies previously administered to a group of subjects having
the associated genetic variant can be taken into account in developing candidate therapy
modifications or analogs. Both longttudinal and cross sectional data regarding the effects of
such previously administered candidate therapies can be compared to a predicted state or
progression of a disease of interest to determine, quantitatively, the extent to which a genetic
variant of interest affects the impact of previously administered candidate therapy on a state or
progression of the disease of interest. Such candidate therapy modifications or analogs may be
selected to have an enhanced therapeutic effect or reduced adverse side effects in view of the
impact of the genetic variant vis-3-vis the disease and that group of subjects. Additionally,
disease models reflecting the genetic variant can be used for screening therapeutic candidates.
For example, in the case of association with genomic features, statistically significant

associations can lead to discovery of new candidate drug targets or key pathways implicated with
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human disease. Simularly, the impact of candidate therapies previously admimstered to a group
of subjects having the associated genetic vanants, inciuding adverse impact on the disease siate
or side effects, can be used to develop combination therapies. Thus, techniques described herein
can be used for predicting likely responses to therapeutic candidates among subjects with
different genetic backgrounds, identifying suitable patient cohorts to receive a particular therapy,

and generally designing clinical trials to optimize outcomes.

{02687} The discovery platform can be used {0 selectively administer, adjust, or apply a treatment.
In some embodiments, the identified relationship can be used to provide a medical
recommendation. The medical recommendation may mclude a recommendation of a treatment
and/or therapy of a patient, and/or an instruction to contact a medical professional for assistance.
In some embodiments, a report can be generated based on the identified relationship. In case of
association with demographic and clinical features, significant associations can lead to the
discovery of new associations (e.g., associations with sex, age, cholesterol levels) and/or detect

technical biases in the datasets (e.g., associations with a particular clinical center).

{0288] In some embodiments, the identified relationship can be used to identify a biological
target {e.g., drug target) for treating the disease of interest. Once the genetic variant s identified
to be associated with a particular disease, the genetic variant may serve as a target {e.g., drug
target) for treating said disease. In some embodiments, the genetic variant that 1s correlated with
the disease 15 studied to further understand gene function, disease pathology {e.g.,
genotype/phenotype correlation), and/or assess the potential for therapeutic targeting of the
genetic variant for treatment of the disease in a patient. For example, a genetic variant may be a
loss~-of-function variant that confers disease pathology due to the absence of expression of the
gene comprising the genetic variant. o some embodiments, drug sereening s conducted to
evaluate the effect of various drugs on the disease phenotype correlated with the genetic varant
genotype. In some embodiments, the drug for disease treatment 1s selected based on alleviation
of the disease phenotype following treatment with said drug. In some embodiments, the genetic
variant 1s correlated with NASH disease. In some embodiments, the genetic vanant correlated
with NASH disease 13 a drug target for the treatment of NASH disease. While a biological target
may be an associated genetic variant iself, targets can also comprise (a) a protein or metabolite

transcribed by the gene contanung the variant, (b} a protein or metabolite that can
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offset/supplement a deficit caused by the vanant, (c) a gene, protein or metabolite that is an

mverse agonist of the variant and 1ts functional impact, ete.

10269} The following description sets forth exemplary methods, parameters, and the like. It
should be recognized, however, that such description 1s not intended as a limitation on the scope

of the present disclosure but 1s instead provided as a description of exemplary embodiments.

93 4

{0218} Although the following description uses terms “first,” “second,” ete. to describe various
elements, these elements should not be limited by the terms. These terms are only used to
distinguish one element from ancther. For example, a first graphical representation could be
termed a second graphical representation, and, similarly, a second graphical representation could
be termed a first graphical representation, without departing from the scope of the various
described embodiments. The first graphical representation and the second graphical
representation are both graphical representations, but they are not the same graphical

representation.

{0211} The terminology used in the description of the various described embodiments herein s
for the purpose of describing particular embodiments only and is not intended to be limiting. As
used in the description of the various described embodiments and the appended claims, the
singular forms “a,” “an,” and “the” are intended to include the plural forms as well, unless the
context clearly indicates otherwise. It will also be understood that the term “and/or” as used
herein refers to and encompasses any and all possible combinations of one or more of the
associated listed items. It will be further understood that the terms “includes,” “mcluding,”

?

“comprises,” and/or “comprising,” when used in this specification, specify the presence of stated
features, integers, steps, operations, elements, and/or components, but do not preclude the
presence or addition of one or more other features, integers, steps, operations, elements,

components, and/or groups thereof.

10212} The term “1f” 15, optionally, construed to mean “when” or “upon” or “in response to
determining” or “in response to detecting,” depending on the context. Similarly, the phrase “if it
18 determned” or “if [a stated condition or event] 1s detected” 1s, optionally, construed to mean
“upon determining” or “in response to determining” or “upon detecting {the stated condition or

event]” or “in response to detecting [the stated condition or event],” depending on the context.
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10213} FIG. 1 illustrates an architecture 100 of an exemplary discovery platform, in accordance
with some embodiments. At Stage 1, an exemplary system {&.g., one or more electronic devices)
generates embeddings based on medical imaging data related to a phenotype of interest such as a
disease of interest. An embedding is a vector representation of a phenotypic state relative to the
disease of interest reflected in the medical imaging data. The embedding captures rich semantic
mformation of the medical imaging data (e.g , features of the microscopic structure of tissues
reflected in the tmage), while excluding information that is not relevant to the downstream
analysis {e g., orientation of the image). As shown in FIG. 1, four medical images 102a, 102b,
102¢, and 102d can be transformed into four embeddings, which are depicted as four points
104a, 104b, 104c, and 1044, respectively, in an embedding space 106, which is also referred to
herein interchangeably as a latent space 106. In the depicted example, the disease of interest is
non-alcoholic steatohepatitis (NASH) and the medical ioages are from H&E stained hiver
biopsies from a number of clinical trials. The resulting unsupervised embeddings can enable
target identification, cross-clinical trial analysis, and enhance interpretability, as described

herein.

[0214] In some embodiments, the system generates an embedding {e.g., embeddings represented
by points 104a-1044d} by inputting medical imaging data into a trained unsupervised machine-
learning model, such as a contrastive leaming algorithm. Contrastive learning models can
extract embeddings from wmaging data that are linearly predictive of biological endpoints or
iabels (e.g., progression of the disease of interest) that may otherwise be assigned to such data, as
described herein. A sustable contrastive learning model 15 trained such that it can maximize the
simnilarity between embeddings from different augmentations of the same sample trage and
minimize the similarity between embeddings of different sample images. For example, the
model can extract embeddings from images that are mvariant to rotation, flipping, cropping,

color yittering, or other image augmentations, or combinations thereof.

[0215] In some embodiments, the embeddings can be mean-aggregated and/or normalized before
being used for downstream analysis {e.g., Stage 2). In some embodiments, normalizing the
embeddings comprises performing a vanance-stabilizing transformation, which allows for the
apphcation of simple regression-based analysis downstream. As described herein, normalization

can improve the performaunce of hnear predictive models fit based on the embeddings. In some
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embodiments, a linear model fit with normalized embeddings has similar or superior predictive
capability as a supervised machine-learning model and is more computationally efficient to

generate and apply, as described further herein.

{0216 In some embodiments, predictive images can be identified for determining a covarnate of
mterest. In some embodiments, predictive features may be generated at the tile-level in
histopathology data. This may be accomplished using various techniques. For example, a mean
aggregate tile embedding may be obtained to generate biopsy embeddings. A linear model may
be fit using this data such that covanates can be predicted from biopsy embeddings. A linear
model may also be applied to the tile embeddings to generate tile-level scores. As another
example, multiple instances of a machine learning model may be fit directly on tile embeddings.
For instance, a model may be fit that predicts both a score and a weight for each tile and then
performs a weighted average of the scores. Both the score and the weight(s) may be considered

as two-dimensional predictive features.

{6217} In some embodiments, predictive images may be identified based on predictive features
associated with those images. For example, tiles with a highest or lowest predicted score may be
analyzed to identify predictive images. As another example, a condition of interest may be
defined {e.g., high fibrosis score versus a low fibrosis score, a first genetic sequence versus a
second genetic sequence, and the like). Models of the probability of a given tile’s features with
respect 1o a first condition of interest {e.g., P(tile features | condition 1)) and the probability of a
given tile’s features with respect to a second condition {e.g., P(tile features | condition 2}} may be
fit. The tile images can theo be visualized (e.g., rendered on a user wterface). In some
embodiments, Pltile features | condition 1)/ Pltile features | condition 2} may represent a
probability of observing a tile with the given features is more likely under condition 1 or
condition 2 {or other conditions if defined). The ratio may be sufficiently large or sroall
mdicating the hikelihood of condition 1 or condition 2 being more likely, In some embodiments,

tiles with low predicted probability may be filtered to ignore outliers.

[0218] AtStage 2, the system (e.g., one or more electronic devices that are the same or similar to
the one or more electronic devices used at Stage 1) may perform a statistical analysis of the

erabeddings, for example, using one or more linear regression models. Performing statistical
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analysis using embeddings rather than imaging data provides a number of technical advaniages.
First, an embedding captures rich semantic mformation of the imaging data (e.g., features of the
microscopic structure of tissues reflected in the image}, while excluding information that is not
relevant to the downsiream analysis {e.g., orientation of the image). Further, the embedding is of
a significantly smaller size than the imaging data it represents. In an exemplary implementation,
the embedding can be a 2048-dimensional vector, while the corresponding medical image
comprises data corresponding to a large number of pixels (e g, tens of thousands of pixels,
hundreds of thousands of pixels, millions of pixels). Therefore, storing the embeddings can
conserve memory while also decreasing processing time to perform the analysis as compared to

using the medical image data.

{0219} Further still, the embeddings may allow the system to generate (e.g., fit) linear regression
models that are configured to receive embeddings as the input and output a variety of useful
predictions. In some embodiments, the linear regression models are linear mixed models, which
provide a flexible framework for statistical analysis of embeddings of phenotypic variation,
mchuding treatmenis and potential covanate effects. As described herem, linear models
generated based on embeddings can provide similar or superior predictive power as supervised
machine-learning models {e.g., a neural network configured to receive image data) and are more

computationally efficient to train and to apply than supervised machine-learning models.

[0228] Tn some embodiments, Stage 2 comprises using the embeddings to obtain fine-gramed
iabels for medical images 102a-102d, such as continuous scores indicative of the disease of
mterest. For example, a linear model can be generated {e.g., fit) based on embeddings and
pathologist-assigned, discrete medical diagnosis scores associated with the embeddings. The

model can then be applied to the embeddings to predict continuous medical diagnosis scores.

[0221] In many cases, a predicted continuous score has strong advantages over a discrete score
assigned by a pathologist. Specifically, the predicied score has a continuous value and thus
captures more nuance than a pathologist-assigned, discrete, score. The ability to assign
conttnuous scores to the embeddings {and umage data) results in higher precision and improved
statistical power in downstream analyses, such as obtaining a closer association of each depicted

disease state with a genetic variant or variants. For example, the severity of NASH and liver
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fibrosis 1s currently histologically assessed by pathologists through the NASH RN and Ishak
stage ordinal scores, such as the Ishak fibrosis score (integers 0-6), the steatosis score {integers
-3}, the lobular inflammation score {integers 0-3}, and the ballooning score {integers 0-2}.
Cuaniitative analyses of these metrics are challenged by their low-resolution categorization of
disease. On the other hand, the linear model can be trained to generate continuous scores from
maging data {e. g, H&E liver biopsy tmaging data) that are predictive of pathologist scores. The
continuous scores enable a more precise definition of disease progression, empowering

longitudinal expression analysis and genetic association studies.

10222} In some embodiments, Stage 2 includes blocks 110-160. Each block is a functional
representation of the functionality performed by one or more computing systems. In some
embodiments, a same computing system or systems may effectuate the operations of two or more
blocks. For example, Stage 2 comprises block 110, In block 110, the system (.., one or more
computing systems) may be configured to perform association testing between a candidate
genetic variant and the disease of interest. The association testing comprises generating {e.g.,
fitting) a linear model based on the candidate genetic variant and the continuous scores indicative
of the disease of interest. The system can generate vanant-specific models {e.g.

100,000

>

maodels, T million models, 10 milion models) for alf candidate genetic variants of interest (e.¢.,
100,000 variants, 1 moilhion variants, 10 raiblion vaniants). Each model can be evaluated to
determine if there 1s a significant association between each candidate genetic variant and the

disease of mterest. Details of block 110 are provided herein with reference to FIG. 2.

[0223] Tu some embodiments, Stage 2 comprises a block 120, Inblock 120, the systemn may be
configured to associate the plurality of embeddings with each candidate genetic varant of a
plurality of candidate gevetic varanis to identity a subset of candidate genetic variants that have
sigruficant associations with the embeddings. By assessing associations between the candidate
genetic variants and embeddings, the systers can identify the subset of candidate genetic varants
that are associated with histological differences (if any) reflected 1n the mmages. The technigues
described heremn can identify vanants that affect histology that would not be discovered by

focusing the analysis on specific diagnostic scores.
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{0224} In some embodiments, the system performs the association test by generating, for each
candidate variant, a variant-specific model configured to receive an embedding and ouiputa
value of the candidate genetic vanant. The variant-specific model is then evaluated to determine
whether there is a significant association between each candidate genetic variant and the
embeddings {(e.g., based on a P value associated with the variant-specific model). The system
can generate variant-specific models (e.g., 100,000 models, 1 nullion models, 10 million models)

for all candidate genetic varants {e.g., 100,000 variants, I million variants, 10 million varnants).

{0225 In block 120, the system can further associate each candidate genetic variant in the subset
with the disease of inferest to identify at least one genetic variant of interest from the subset. In
some embodiments, the system generates, for a candidate genetic variant in the subset, a variant-
specific score prediction model configured to receive a value indicative of the candidate genetic
variani and output a medical diagnosis score related to the disease of interest {e.g., based on the
continuous scores described above). The model may then be evaluated to determine whether
there is a significant association between the candidate genetic variant and the disease of interest.

Details of block 120 are provided herein with reference to FIG 7.

{0226} In block 130, the system can further evaluate a treatment with respect to a progression of
a disease of interest. The progression of the disease can be quantified using progression
embeddings as described herein. The system may be configured to impute drug response
phenotype (DRP) as the predictions from a model that receives 1oput progression embeddings
and output a classification result indicating placebo or the treatment. The system can determine
if there is a sigrificant association between the DRP and the treatment. If there is a significant
association, the treatment can be further analyzed in downstream analyses {e.g., block 140},

Details of block 130 are provided herein with reference to FIG. 16,

{0227} In block 140, the systern may be further configured to wdentify a covariant of interest with
respect to the DRP associated with a treatment. The imputation of DRP can be performed using
clinical trial datasets as long as the progression embeddings are gvailable. Sigruficant
associations between DRF and molecular data (e.g., expression and genetics) can be retrieved
through an association test. Association with expression identifies genes that could not be

detected in 3 placebo~-vs-drug differential expression analysis. In some cases, the analysis of the
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DRP can wdentify a correlated set of genes as case control of the true placebo-vs-drug differential
expression analysis. In some cases, the analysis of DRP can identify a larger set of genes due to

the analysis of a larger cohort, which can help mterpret correlates of the DRP.

{0228} In some embodiments, a comparison of z-scores of the analysis of treatment vs placebo in
small trials versus the analysis of imputed DRP in larger trials may be used to identify the
correlation, as seen, for example, with respect to FIG. 28. Details of block 140 are provided

herein with reference to FIG. 20.

{0229} In block 150, the system may further be configured to evaluate a treatment with respect to
progression of a disease of interest. The disease progression can be guantified by continuous
medical diagnosis scores. Significant associations between high resolution NASH scores and
various treatments are retrieved through an association test. This process can retrieve drug
etfects on medical diagnosis scores that could not be detected using pathologist-assigned,
discrete scores. The continuous scores enable a more precise definstion of disease progression,
empowering longitudinal expression analysis (e.g., FIG. 20A) and genetic association studies

{e.g, F1G 26B). Details of block 150 are provided herein with reference to FIG. 22.

{0236] In block 160, the system can be further configured to identify a patient subgroup of
interest. The system can obtain embeddings from patient image data and identify clusters of
embeddings to identify subgroups of patients. Significant associations between each patient
cluster identity and disease biomarkers, genetic variants, and expression levels are retrieved from
an association test. This procedure retrieves patient segments and associated clinical labels and

molecular drivers. Details of block 160 are provided herein with reference to FIG. 24.

{0231} Other association testing procedures can be implemented in Stage 2. In some
embodiments, the association testing procedure can be based on a univariate linear model for
which the outputs are embeddings and imputs are covariates, a multivariate linear model for
which the outputs are embeddings and npuis are covariates, a linear model for which the outputs
are covariates and inpuis are embeddings. The association testing procedure can be also based
on extensions of Hnear models such as linear mixed models or logistic regression or on nonlivear
models {random forest, SVMs, etc ). The application of the association testing procedure can

provide a P value of association between each embedding dimension and every tested covanate
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or between all embedding dimensions as a whole and every tested covariate. Statistically
significant associations determined through multiple hypothesis testing procedures (such as
Bonferroni or Bengamini Hochberg) can provide factors that are associated with variation in the

high content phenotypic dataset (e.g., the medical imaging data}.

10232} In an optional Stage 3, the system can be configured to generate simulated images, such
as simulated image 172, to visualize the histological effects of an identified covariant of interest,
such as an identified generic of interest. As shown in FIG. 1, an embedding in the latent space
can be generated and then transformed into an image to visualize the phenotypic state relative to
the disease of interest. In some embodimenis, the system uses a linear model to identify biopsy
mmage tiles that are predictive of measured endpoints. Multiple embeddings can be generated via
linear mterpolation to represent a progression of the disease of interest. The embeddings can be
transformed into a series of images. The series of images can be displayed as an animation to
provide a visualization of the associated histological changes, which cannot otherwise be
detected by an association study of the pathologist score. In an exemplary implementation, the
procedure takes as input a discovered genetic variant of interest in Stage 2, biopsy embeddings
{matrix with analyzed biopsies as rows and ermnbedding dimension as columns), and tile
ernbeddings {matrix with the corresponding tiles as rows and embedding dimension as colunmns),
and outputs a series of n 256x256 tile image. The visualizations can help with interpretation of
the features used by the model and generation of hypotheses based on the histological changes.
Accordingly, the system can discover variants that are not associated with disease labels i Step

2 and characterize their effects through novel visualization tools in Step 3.

[{0233] In some embodiments, the simulated images are generated by a generator component of a
trained generative adversarial network (GAN) model. The generator can generate irnages
conditioned on embeddings (e.g., image tile embeddings), enabling mterpolation along a
phenotype while holding other features constant. For example, the generator can be configured
to recetve an embedding x (as the condition} and a nose vector u sampled from a standard
normal distribution and output a simulated image. In one exemplary implementation, the
embedding x 15 a 2048-dimensional embedding and the nowse vector u 15 a S12-dimensional

vector sampled from a standard normal distribution.

37



WO 2023/023507 PCT/US2022/075006

10234} In some embodiments, the simulated images may be ranked. The ranking of the
simulated images may be used as a basis for which simulated images are to be presented and/or
stored for further analysis. In some embodiments, the simulated images may be ranked based on

medical diagnosis score.

{0235} The embodiments described herein are merely exemplary and the discovery platform can
be applied to discover associations between any phenotype of interest and a covariate. In some
examples described herein, the phenotypic data comprises medical images; the phenotype of
mterest is a disease of interest {e.g., NASH}, which can be represented by a medical diagnosis
score {(e.g., fibrosis score); the covariate of interest is a genetic variant of interest. However, it
should be understood that the techniques described herein can be applied to discover associations
between another phenotype of interest and another covariate. Exemplary phenotypic data
mchude medical images {e.g., MR, X-ray, CT scan), histopathology data {e.g., H&E stained,
Trichrome), clinical biomarker data {e.g., biood test measurements, including proteomic and
ctDNA, cognitive/psychiatric assessment scores, microbiome assessment, etc.} and genomic
biomarker data (e.g., bulk RNA-seq, methylation data, genomic sequence data, epigenetic
sequence data, ete.). Exemplary phenotypes include: a disease of interest, gene expression,
metabolomics, proteomics, transcriptomics, hipidomics, ete. Exemplary covariate classes
include: demographic information {e.g., age, sex), clinical covaniates {e.g., disease state, a
chnical score or a blood biomarkers), genomic data {e.g., genetic data, expression data,

methylation data, etc }, etc.

[0236] FIG. 2 illustrates an example process 200 for wWentifving a genetic varant of interest with
respect to a disease of mterest, according o various examples. Process 200 1s performed, for
example, using one or more electronic devices implementing a software platform. In some
examples, process 200 13 performed using a chient-server system, and the steps of process 200 are
divided up th any manoer between the server and one or more chent devices. Thus, while
portions of process 200 are described herein as being performed by particular devices of a client-
server system, 1t will be appreciated that process 200 13 not so himuted.  In other examples,
process 200 is performed using only a client device or only nusltipie client devices. In process
200, some blocks are, optionally, combined, the order of some blocks s, optionally, changed,

and some blocks are, optionally, omitted. In some examples, additional steps may be performed
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in combination with the process 200, Accordingly, the operations as illustrated {and described in

ereater detail below) are exemplary by nature and, as such, should not be viewed as limiting.

10237} With reference to FIG. 2, an exemplary system {(e.g., one or more electronic devices) can
obtain a plarality of medical images obtained from a group of clinical subjects. The medical
images depict a state of a disease of interest. In some embodiments, the plurality of medical
mmages comprises a plurality of biopsy images of biopsy samples from the group of clinical
subjects. For example, in a biopsy, one or more tissue shides can be obtained from a subject, and

one or more digital images can be taken to capture each tissue shide.

{0238} In an exemplary workflow depicted in FIG. 3A, biopsies 1-n have been performed.
Biopsies 1-n may correspond to muitiple subjects (e.g., cancer patients} and/or multiple visits
{e.g., screening visit, follow-up visit). In the depicted example, the disease of interest is non-
alcoholic steatohepatitis (INASH) and the biopsies are H&FE stained Hver biopsies from a number
of clinical trials thowever similar workflows may be implemented for other dieses of interest).
Fach biopsy {e.g., biopsy 1) results in one or more biopsy images {e.g., medical image(s) 302 for
biopsy 1). Thus, biopsy 1-» result in a plurality of medical images including medical image(s)

302, medical image(s) 352, etc.

10239} The medical 1mages can be associated with various data. For example, with reference to
FIG. 3A, associated data 304 is associated with biopsy 1, data 354 1s associated with biopsy #,
etc. As described below, the data may include known information about the disease of interest

and the subject, including mformation related to the genetic variant of mterest.

10248} In some embodiments, the data associated with a medical image can include an assigned
medical diagnosis score related to the disease of interest. The assigned medical diagnosis score
can indicate the state of a disease. In some embodiments, a medical diagnosis score can be a
biopsy-level score assigned by one or more pathologists based on their review of the biopsy
slides. For example, for the NASH disease, the severity of NASH, and liver fibrosis can be
histologically assessed by pathelogists through the NASH CRN and Ishak stage ordinal scores.
In some ernbodiments, the assigned medical diagnosis score can be a biopsy-level fibrosis score,
such as the Ishak fibrosis score, which is a score having a discrete value 0, 1,2, 3,4, 5, or 6 to

mdicate the extent of fibrosis. In some embodiments, the assigned medical diagnosis score can
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be a biopsy-level steatosis score, which is a score having a discrete value 0, 1, 2, and 3 to
mdicate the extent of steaiosis. In some embodiments, the assigned medical diagnosis score ¢an
be a biopsy-level lobular inflammation score, which is a score having a discrete value 0, 1, and 2
to indicate the extent of lobular inflammation. In some embodiments, the assigned medical
diagnosis score can be a biopsy-level ballooning score, which s a score having a discrete value
0, 1, and 2 to indicate the extent of ballooning. Quantitative analyses of these metrics are
challenged by their low-resolution categorization of disease. As described below, a linear model
can be trained to generate continuous scores from imaging data {e.g., H&E hiver biopsy imaging
data) that are predictive of pathologist scores. The continuous scores enable a more precise
definition of disease progression, empowering longitudinal expression analysis and genetic

association studies.

{0241} In some embodiments, the data associated with a medical image can include genetic data
of the subject from whom the biopsy sample is taken. For example, the data (e.g., associated
data 304} can include the subject’s genetic information related to a plurality of genetic variants
{e.g., 100,000 variants, 1 nillion variants, 10 million variants). For example, the data can
indicate whether the subject has each of the plurality of genetic vaniants. For example, for a
genetic variant with two alleles in the population, the medical image may be associated with a
genetic variant value of 0, 1, or 2 depending on if the mdividual has 0, 1, or 2 copies of the least
frequent allele. In some embodiments, the genetic data of the subject may be a polygenic risk

score, mdicating a hikelthood of the subject incurring a disease of interest,

[0242] Tu some embodiments, the data associated with a medical image (e g., associated data
304, data 354, ete.) can iochude dermographic data of the subject from whom the biopsy sample 1s
taken. The demographic data can include, for example, sex, age, and/or treatment group {e.g.,

placebo, treatment x, treatment y).

{0243} With reference to FIG. 3A, a medical image can be sphit into a plurality of sroage tiles.
For example, medical image(s) 302 of biopsy 1 can be splhit to obtain umage tdes 306-1, 306-2,
., 306-Mi; medical image(s) 352 of biopsy » can be split to obtam tmage tiles 356-1, 3536-2, ..,
356-Mu In some embodiments, image tiles can be extracted from a medical image using a

predefived grid and stored as vnage tiles of a uniform size. In one exemplary uplementation,
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the tmage tiles are extracted using a predefined grid with tile dimensions 192 ym X 192 ym and

the image tiles are saved as images sized 224 pixels X 224 pixels.

{0244] Turning back to FIG. 2, at block 202, the system may be configured to input the plurality
of medical images obtained from the group of chinical subjects into an unsupervised machine-
fearning model to obtain a plurality of embeddings n a latent space. In some embodiments, the
system splits the plurality of medical images into a plurality of image tiles as described above
and inputs each image tile into the unsupervised machine-learning model to obtain a
corresponding tile embedding. With reference to FIG. 3A, each image tile of image tiles 306-1-
306-Mi may be mput to the unsupervised machine-learning model to obtain a tile emabedding.
For example, image tile 306-1 15 mnput mto the unsupervised machine-learning model
{represented by process A} to obiain a tile embedding 308, Accordingly, for biopsy 1, the
system obtains tile embeddings 308-1 - 308-Mi respectively corresponding o image tiles 306-1-
306-M1. Sumlarly, for biopsy #, the system may obtain tile embeddings 358-1-358-Ma

corresponding to image tiles 306-1-306-Ma

{0245} In some embodiments, the systern selects only a subset of the plurality of mage tiles for
further processing by the unsupervised machine-learming model. For example, the system can
determine the portion of a4 given image tile that depicts biopsy material and only mput the tmage
tite if the portion exceeds a predefined threshold (e.g., >90%). As another example, the system
can determine the count of image tiles resulting from a given biopsy, and only input the sage

tites if the count exceeds a predefined threshold {e.g., >70 tiles)

[0246] FIG. 4A llustrates an exemplary unsupervised machine-learning model used m block
202. With reference to FIG. 4A, an unsupervised machine-fearning model 404 may be
configured to receive an input image tile 402 {e.g., one of the image tiles m FIG. 3A) and
provide an output tile embedding 406, Tile embedding 406 can be a vector representation of an
input image tile 402 {e.g., tile 306-1) in the latent space. Translating an nput image into an
embedding can significantly reduce the size and dimension of the original data. As an example,
an image tile sized 224 pixels X 224 pixels can be reduced to a 2,048-dimensional vector. The

lower-dimension embedding can be used for downsiream processing 476, as described below.
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{0247} In some embodiments, unsupervised machine-learing model 404 is a trained contrastive
learning algorithm. Contrastive learning can refer to a machine learning technigue used to feamn
the general features of a dataset without labels by teaching the model which data points are
simtlar or different. Contrastive learning models can extract embeddings from imaging data that
are hnearly predictive of labels that might otherwise be assigned to such data. A suitable
contrastive learning model is trained by minimizing a contrastive loss, which maximizes the
similarity between embeddings from different augmentations of the same sample image and
minimizes the similarity between embeddings of different sample images. For example, the
model (e g., unsupervised machine-learning model 404) can extract tile embeddings from tile
mages (e.g., input image tile 402) that are invariant to rotation, tlipping, cropping, and/or color
jittering. Exemplary contrastive learning models include SimCLR and SwAY, but i should be
appreciated that any contrastive learming algorithi can be used as unsupervised machine-

learning model 404

{0248} Before unsupervised machine-learning model 404 is used to process input images {e.g.,
nput image tile 402}, it needs to be trained. FIG. 4B illustrates a data architecture 450 for
training of an exemplary contrastive learning algorithm, m accordance with some embodiments.
In some embodiments, unsupervised machine-learning model 404 1n FIG. 4A can be one of the
encoders in FIG. 4B {e.g., encoder 462a, 462b}. During trajning, an original image 452 may be
obtamned. Data transformations or augmentations 454 can be applied to the original image 452 to
obtain, at a viewing stage 4530, two augmented mages 458 and 458b. For example, the systern
can randomiy apply two separate data augmentation operators {e.g., crop, flip, color jitter,
grayscale, blur) 1o obtain augmented tmages 4584, 458b. In some embodiments, more than two
mnages may be produced. For example, N data augmentations 454 (which may be similar or

different} may be performed to original image 452 to obtain & augmented images.

[0249] Data architecture 450 may wnelude an encoding stage 460 within the model training 450
where each augmented image {e.g., augmented images 458a, 458b) may be encoded by a
respective one of encoders 4623, 462b. Each of augmented mmages 458a, 458b may be passed
through an encoder to obtain respective vector representations 464a, 464b in a latent space. In
some embodiments, encoders 462a and 462b have shared weights. In some embodiments, each

encoder 462a, 462b 1s implemented as a neural network., For example, an encoder can be
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implemented using a variant of the residual neural network (“ResNet”} architecture. As shown,
encoders 462a and 462b output vector representation 464a {e.g., hi vector output by encoder 462a
based on augmented image 458a} and vector representation 464b {e.g., by vector ocutput by

encoder 462b based on augmented image 458b), respectively.

10250} Vector representations 464a, 464b may be passed through projection head 474a, 474b,
respectively, to obtain two projections 472a, 472b. In some embodiments, projection head 474a,
474b comprises a series of non-linear layers {e.g., Dense - Reu - Dense layers) to apply non-
lingar transformation on the vector representation to obiain the projection. For exampie,
projection head 474a may include a dense layer 466a, a RebLu layer 468a, and a dense layer 4703,
and projection head 474b may include a dense layer 466b, a RelLu layer 468b, and a dense laver
470b. Each of projection heads 474a, 474b may be configured to amplify the invariant features

and maximizes the ability of the network fo identify different transformations of the same 1mage.

{0251} During traning, the similarity between projections 472a, 472b for the same mput image
{e.g., original image 452) may be maximized For example, a loss is calculated based on
projections 472a, 472b, and each encoder 462a, 462b may be updated based on the loss to
maximize a similarity between the two latent representations (e g., representations 464a, 464b).
Stmularly, the stmilarity between projections of different input images may be minimized during
training. In some examples, to maxinmize agreement {1 e, similarity} between the projections, the
system can define the sinularity metric as cosine simiarty:

wly

Stm{u, ) = o

Huliivil

{02521 In some examples, the system trains the network by minimizing the nor
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18283} where 1 denotes an adjustable temperature parameter, and zi, z: correspond to projections

472a, 472b, respectively. Accordingly, via training 450, encoders 462a, 462b of data
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architecture 450 can be configured to learn to output a vector represeniation that preserves the
mvariant features of the input image while minimizing image-specific characteristics {e.g.,

imaging angle, resolution, artifacts).

{0254] Returning to FIG. 2, in some embodiments, unsupervised machine-learing model 404
can be trained using non-medical images and then used to process medical images in block 204
In some embodiments, the model 1s first trained using non-medical images, then fine-tuned {e.g.,
retrained) using medical images for a number of epochs, and then used to process imnput medical
mmages in block 204. In some embodiments, the medical images used to fine-tune unsupervised
machine-learning model 404 can be selected from the image tiles from biopsies 1-1. In other
words, image tiles 306-1-306-M;, ... | 356-1-356-M,, from biopsies 1-n may be first used to

train the model, and then inputted into the trained model to obtain tile embeddings.

{0255] Tile embeddings 308-1-308-My, ... , 358-1-358-My, can be aggregated on the biopsy
level. The aggregation can comprise averaging the tile embeddings across all tiles in a biopsy.
With reference to FIG. 3A, tile embeddings 308-1-308-M: of biopsy 1 can be aggregated to
obtain a biopsy embedding 310, Sumilarly, tile embeddings 358-1-358-My of biopsy # can be
agpregated to obtain a biopsy embedding 360. Hach biopsy embedding corresponds to a
phenotypic state relative to the disease of interest reflected in the biopsy. In an exemplary
mplementation, 6,782 biopsies result in 6,782 biopsy embedding. Each biopsy embedding is a
2048-dimensional vector calculated by averaging multiple 2048-dimensional tile embedding
vectors. This data can be represented as a 6,782 X 2,048 matrix (X € RYVY N = 6,782 and L =

2,048).

{6256] In some embodiments, biopsy embeddings 310, 360 are standardized and then rescaled
by the nverse of the sguare root of the number of embedding dimensions before further
processing. The normalization can improve the performance of linear predictive models fitted

based on the biopsy embeddings, as discussed herein.

{0287] Atblock 204, the system may obtamn a phurality of predicted continuous medical
diagnosis scores corresponding to the plurality of embeddings using a linear regression model.
As described above, each of the embeddings may correspond to a phenotypic state relative to the

disease of interest reflected in image data and captures rich semantic information (e.g., of
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features of the microscopic structure of tissues) reflected in the image data. An embedding can
be used to generate fine-grained disease-related labels for the image data. For example, each
embedding can be used by a linear model to predict a continuous medical diagnosis score related
to the disease of interest. A predicted continuous score is superior 1o an assigned score of the
biopsy described above with reference to associated data 304 m FIG. 3A. Specifically, the
predicted score has a continuous value rather than a discrete value {e.g., a valueof 0, 1,2, 3, 4, 5,
and 6 assigned by a pathologist) and captures more nuance than a pathologist-assigned score.
The ability to assign continuous scores to the embeddings {and image data) provides higher
precision and improved statistical power in downstream analyses, such as obtaining a closer

association of each depicted disease state with a genetic variant or variants,

{0258} In the depicted example in FIG. 3A and FIG. 3B, the biopsy embeddings for biopsies 1-n
may be used to generate {e.g., fit} a linear regression model (i.e, embedding-score prediction
maodel 3123, which may then be used to generate predicted medical diagnosis scores for biopsies

i-n.

{0259} In some embodiments, the linear regression model {e g., embedding-score prediction
model 312) is configured to receive embeddings as input and output predicted medical diagnosis
scores. In some embodiments, the linear regression model can be implemented as a linear mixed
model (LMM)}, which is an extension of simple linear models to allow both fixed and random
effects. The hnear nuxed model allows for performing association testing while accounting for

covariates {such as sex, age, and/or clinical trial arm), as shown below,
10268} In some embodiments, the hinear regression model can be:
{0261] v = Fb + u + ¢ where:

{0262] v € RY* represents medical diagnosis scores {e.g., biopsy level fibrosis score} for N

individuals.

[0263] F € RYXrepresents a matrix of K covariates (e.g., sex, age, clinical trial arm).
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[0264] b € R represents a covariate effect size vector. The vector includes various model
parameters and are the weights of the covariates in a linear model. Specifically, there are K

weights for the K covariates respectively.
10265] © ~ N{0,0,°XX") models the contribution from histological embeddings.

10266] ¥ ~ N(0,0,%1y) is residual 1id gaussian noise.

¥

10267} X € RV represents a matrix of biopsy embeddings with dimension L for N individuals

{eg., L = 2048).
10268] Iy € RV Nrepresents the N X N identity matrix.
10269] o,%and 0,° are scalar model parameters.

{0278] In some embodiments, the system generates parameters for the Hinear regression model
(1.e, fits the model) for predicting medical diagnosis scores. The model can be it using hiopsy
data, ncluding biopsy embeddings and the corresponding medical diagnosis scores. In the
depicted example in FIG. 3A, the biopsy embeddings for biopsies 1-# are used to fit the

embedding-score prediction model 312,

[0271] FIG. S ilustrates fitting of an exemplary machine learning model {e.g., embedding-score
prediction model 312) for predicting medical diagnosis scores. In some embodiments, the
machine learmning model may be a linear regression model.  As shown, embedding-score
prediction model 504 may be fit using training data 510, Training data 510 may comprise data
of biopsies 1-n, including the biopsy embeddings {e.g., biopsy embedding 310} and the
corresponding biopsy-level assigned medical scores. For example, the embeddings are biopsy
embeddings for biopsies 1-# described with reference to FIG. 3A, and the medical diagnosis
scores are assigned fibrosis scores for biopsies 1-1 {e.g., stored as part of associated data 304,

354 1 FIG 3A)

{0272] In an exemplary implementation, 6,782 biopsies result in 6,782 biopsy embeddings.
Each biopsy embedding may be a 2048-dimensional vector calculated by averaging multiple

2048-dimensional tile embedding vectors. This data can be represented as a 6,782 % 2,048
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matrix (X € RV N = 6,782 and L = 2,048). The matrix is used as the input matrix X to fita

NxK

maching learning model {e.g., linear regression model}. The covariate matrix F € R contains

an mercept {1.e., a single column {K=1} with all ones).
[0273] The negative log marginal likelithood of the machine learning model can be:
f(b,0,% 0.,%) = ~log N(v;, Fb,0,*XX" +¢,°1), with parameters b, ¢,% and 0,%.

10274} Maximum likelihood estimators (MLE} of b, ¢,.2, 6,2 can be obtained by minimizing
(b, 0,% 0,%) using a similar efficient procedure. In some embodiments, this can be achieved by
(1) rotating the data in a space where the covariance is diagonal, such as (b, 5,7, 0,%) =

~log N(U'y; U'Fb,0,25+0,%Iy)} (where the eigenvalue decomposition of XX” is indicated as
USUTY, and (1) reparameterizing the model as f(b, 02, 8) =

~log N(U"y; UTFb,0?85+0?{1 — §)I). In the new form, optimization can proceed by
performing a grid search on delta 8§ with closed form solutions for MLEs of b, o2 for each value
of delta &, This optimization is also computationally efficient. After optimization, the MLEs of
0,2 and 0,% can be computed as 6,° = 628 and 8% = §2(1 — &) respectively from the MLEs §

and 82

[0278] After the machine learing regression model {(e.g., embedding-score prediction model
312, 504} 1s fit, the predicted continuous medical diagnosis scores can be obtained. In some
embodiments, the predicted continuous medical diagnosis scores can be obtained as leave-one-
out predictions using blopsy embeddings. Leave-one-out (LOQ) prediction uses an entive model
fit to all the data except a single point, and then makes a prediciion at that pomnt. The LOC
approach is computationally inexpensive and can bias the prediciions to better results. For

example, leave-one-cut prediction ¥;for predicted score v can be obtained from the fitted LMM

as.

[0277} where ¥ = y — Fb, H = §,°XX7(6,°XX7+8,°L,)", and b, 8,” and 6,% are MLE of b,

0,2 and 6,2,
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{6278} Thus, the system obtains predicted medical diagnosis scores § € RY™? predicted from the

biopsy embeddings (e g., biopsy embeddings 310, 360},

[3279] With reference to FIG. 3B, embedding-score prediction model 312 can be used to
generate predicted scores for biopsies 1-n. For example, the medical diagnosis scorecan be a
biopsy-level fibrosis score. The predicted score of a biopsy 15 different from an assigned score
of the biopsy described above with reference to associated data 304 10 FIG 3A. Specifically, the
predicted score has a continuous value rather than a discrete value (e.g., a valueof 0, 1,2, 3, 4, 5,
and 6 assigned by a pathologist) and thus provides higher precision and improved statistical

power in downstream analyses.

{0288] Turning back to FIG. 2, at block 206, the systern may associate {e.g., tests for
association) the plurality of medical diagnosis scores with each candidate genetic varant of a
plurality of candidate gevetic variants expressed by the group of clinical subjects from whom the
plurality of medical images was taken. In doing so, the system determines whether there 15 a
statistically significant association between a particular candidate genetic variant and the disease

of interest,

[0281] Yo some embodiments, associating the plurality of medical diagnosis scores with the
candidate genetic variant comprises generating a variant-specific model configared to receive a
candidate genetic variant value and output a medical diagnosis score. For example, if the
candidate genetic variant 1s genetic variant A, the system can generate a model configured to
recetve a value indicative of genetic variant A and output a predicted fibrosis score. In the
depicted example in FIG. 3B, a vanant-specific vanant-score prediction model 316 can be

generated as described below.

[0282] The vanant-specific model (e.g., vanant-specific variant-score prediction mode] 316) can

be a linear regression model. In some embodiments, a linear regression modef 1s:
[0283] v = Fb +xf + 1

[0284] where i ~ N{0,0,%1).
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[6285] v € RY*represents medical diagnosis scores {e.g., biopsy level fibrosis scores) for NV

individuals.

10286] X € RV™ represents genotype vector of the genetic variant being tested. For example, for
a genetic variant with two alleles in the population, the genotype vector has valaes 0, 1, or 2

depending on if each individual has 0, 1, or 2 copies of the least frequent allele.
P g £ }

{0287 F & RV represents a matrix of X covariates {e.g., sex, age, clinical trial arm). In one
exemplary implementation, there are 5 covariates: sex, age, and three treatment groups. The first
column of F'1s a binary indicator of patients’ sex {e.g., 0 for XX chromosomes and 1 for XY
chromosomes), the second column contains patients’ age, and the remaining columns are binary
indicators for the three treatments {e.g., 1 if the patient recerved a specific treatment, O

otherwise).

{0288] FIG. 6 depicts fitting an exemplary variant-specific model for predicting medical
diagnosis scores, it accordance with some embodiments. As shown, variant-score prediction
model 604 1s fitted using traiming data 610, Traiming data 610 coruprises data of biopsies 1-#,
meluding genetic vaniant values of the subjects and the corresponding predicted medical scores.
For example, the data comprises a genetic variant value of the subject that biopsy 1 is performed

on, and the predicted fibrosis score for biopsy 1, ete.

{0289¢] Turning back to FIG. 3B, as shown, vatani-specific model 316 may be fit using the
predicted fibrosis scores for biopsies 1-#. Tn some embodiments, the system fits a plurality of
vanang-specific models, such as vatiant-score prediction models 316 and 322, corresponding to a
plurality of candidate gevetic vaniants. For example, variant-specific model 316 can be specific
to candidate genetic variant A and 1s configured to receive a value indicative of candidate genetic
varant A and predict a medical diagnosis score, while variant-score prediction model 322 can be
specific to candidate genetic variant B and 1s configured to receive a value mdicative of
candidate genetic variant B and predict a medical diagnosis score. Thus, the system can generate
variant-specific models {e.g., 160,000 models, 1 million models, 10 mitlion models, or other
quantities of models) for all candidate genetic variants {e.g., 100,000 variants, 1 million variants,

10 million variants, or other quantities of variants).
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{0298] Atblock 208, the system may determine, based on the association, a correlation metric
between the disease of interest and each candidate genetic variant to identify at least one genetic
variant of interest. The correlation metric is indicative of an impact of the candidate genetic
variant on the disease of interest. In some embodiments, the correlation metric guantifies the
association between the genetic variant and the disease of interest. With reference to FIG. 3B,
variani-specific model 316 may be used to determine a correlation metric 318 between the
disease of interest (represenied by the medical diagnosis score} and genetic variant A, and
variani-score prediction model 322 may be used to determine a correlation metric 324 between
the disease of interest and genetic variant B, etc. Thus, a correlation metric may be calculated

for each genetic variant of interest.

10291} In some embodiments, the correlation metric is the P value of a linear regression model
{such as, for example, variant-score model 604). The system tests § # 0. P values can he
obtained through a standard log likelihood ratio test procedure and the effect size and standard
errors can be obtained through classical linear model theory. The procedure returns the P value
of association between the tested variant and the medical diagnosis score, the effect size of the
variang {the estimator of the weight B in the linear model}, the standard error {the ervor on the

effect size estumate from the model), or other information.

{0292} In some embodiments, the correlation metric s compared with one or more predefined
threshold to determine f there 15 a significant association between the genetic vanant of nierest
and the disease of interest For example, if the P value s smaller than a predefined threshold
{e.g, S5x10'%), the system may determine that there is a significant association. In some
embodiments, the system identifies, based on the comparison, a relationship between the genetic
variant of interest and the disease of interest. In some embodiments, the relationship is a causal
relationship. The identified relationship or association can he used for diagnosis and

development of treatments and drugs, as described below.

[1283] The techniques described herein with reference to FIGS. 2-6 are merely exemplary and
similar techniques can be apphied to discover associations between any phenotype of interest and
a covariate. In some examples described heremn with reference to FIGS. 2-6, the phenotypic data

comprises medical images; the phenotype of interest is a disease of nterest {e.g., NASH), which
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can be represented by a medical diagnosis score {(e.g., fibrosis score); and the covariate of
mterest 1s a genetic variant of interest. However, it should be undersiood that the techniques
described herein can be applied to discover associations between another phenotype of interest
and another covariate. Exemplary phenotypic data include, but 1s not limited to, medical images
{e.g., MRY, X-ray, C7T scan), histopathology data {e.g, H&FE stained, Trichrome}, chinical
biomarker data {e g, blood test measurements, including proteomic and cfDNA,
cogmitive/psychiatric assessment scores, microbiome assessment, etc.}, or genomic biomarker
data {e.g., bulk RNA-seq, methylation data, genomic sequence data, epigenetic sequence data,
etc.). Exemplary phenotypes include: a disease of interest, gene expression, metabolomics,
proteomics, transcriptomics, hipidomics, etc. Exemplary covariate classes include: demographic
mformation {e.g., age, sex), clinical covariates (e.g., a disease state, a clinical score or a blood

biomarkers), genomuie data (e.g ., genetic data, expression data, methylation data, etc ), etc.

{0254} In some embodiments, the system identifies, based on the comparison, a relationship
between the genetic variant of interest and the disease of interest. In some embodiments, the
relationship is a causal relationship. The identified relationship can be used to determine the
fikelthood that a disease of interest will develop i a new subject or to more confidently diagnose
the presence of the disease m a new subject given certain symptoms or the presence of other
disease-associated factors. Additionally, if the genetic variant 15 identified in the new subject, a
diagnosis or prognosis of the disease of interest can be provided accordingly, including a
prognosis regarding how the disease can be expected to progress. For example, if the genetic
variant of interest 1s discovered for NASH, genomic testing can be performed on a new subject
to detect the variant. If the variant 1s present, the system can predict disease onset, provide a

diagnosis, and/or a prognosis regarding how the disease can progress.

[3295] In some emboduments, the wWentified relationship can be used to identity bioroarkers or
targets for disease intervention. For example, certain genetic variants identified as having a
causal relationship with disease onset or progression can be further evaluated for therr
amenability to therapeutic intervention. Additionally, 1 view of the functional mpact of the
genetic vanant on the disease of interest, additional biological targets may be identified for
therapeutic intervention. Such biological targets, may, for mstance, be proteins transcribed by

the gene 1n which the genetic variant of mierest 15 located. Such biological targets may also
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comprise other genes, proteins or metabolites anticipated to alier, offset, mitigate, supplement or
complement the functional impact of the at least one genetic variant on the disease of interest.

in some embodiments, the identified relationship can be used to develop a treatment. For
example, the impact of candidate therapies previously administered to a group of subjects having
the associated genetic variant can be taken into account in developing candidate therapy
modifications or analogs. Both longitudinal and cross sectional data regarding the effects of
such previously administered candidate therapies can be compared to a predicted siate or
progression of a disease of interest to determine, quantitatively, the extent to which a genetic
variant of interest affects the impact of previously administered candidate therapy on a state or
progression of the disease of interest. Such candidate therapy modifications or analogs may be
selected to have an enhanced therapeutic effect or reduced adverse side effects in view of the
impact of the genetic variant vis-a-vis the disease and that group of subjects. Additionally,
disease models reflecting the genetic variant can be used for screening therapeutic candidates.
For example, in the case of association with genomie features, statistically significant
associations can lead to discovery of new candidate drug targets or key pathways implicated with
human disease. Sumilarly, the impact of candidate therapies previously adnumstered to a group
of subjects having the associated genetic variants, including adverse impact on the disease state
or stde effects, can be used to develop combination therapies. Thus, technigues described herein
can be used for predicting likely responses io therapeutic candidates among subjects with
different genetic backgrounds, identifyimg suitable patent cohorts to receive a particular therapy,

and generally designmng clinical trials to optimize outcomes,

10296} In some embodiments, the wdentified relationship can be used to sefectively administer,
adjust, or apply a treatment. In some embodiments, the identified relationship can be used to
provide a medical recommendation. In some embodiments, a report can be generated based on
the identified refationship. In case of association with demographic and clinical featores,
significant associations can lead to the discovery of new associations (g g., associations with sex,
age, cholestero] levels} and/or detect technical brases in the datasets {(e.g., associations with a

particular clinical center).

{02971 FIG. 7 illustrates a process 700 for identifving at least one genetic variant of interest with

respect to a disease of mierest, according 1o various examples. Process 700 1s performed, for
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example, using one or more electronic devices implementing a software platform. In some
examples, process 700 is performed using a client-server system, and the blocks of process 700
are divided up in any manner between the server and one or more chient devices. Thus, while
portions of process 700 are described herein as being performed by particular devices of a client-
server system, it will be appreciated that process 700 1s not so linited. In other examples,
process 700 1s performed using only a client device or only multiple client devices. In process
700, some blocks are, optionally, combined, the order of some blocks is, optionally, changed,
and some blocks are, optionally, omitted. In some examples, additional steps may be performed
in combination with the process 700. Accordingly, the operations as illustrated {and described in

ereater detail below) are exemplary by nature and, as such, should not be viewed as limiting.

10298} With reference to FIG. 7, at block 702, an exemplary system {(e.g , one or more electronic
devices) may be configured to input a plurality of medical images obtamed from a group of
clinical subjects into a trained unsupervised machine-learning model to obiain a plurality of
embeddings in a latent space, each embedding corresponding to a phenotypic state relative to the

disease of interest reflected in one or more of the plurality of medical images.

{0299} In an exemplary workflow depicted in FIG. 8A, biopsies 1-1 have been performed.
Biopsies 1-n may correspond to multiple subjects {e.g., cancer patients) and/or multiple visiis
{e g, screening visit, follow-up visit) of a same subject. In the depicted example, the disease of
mterest is non-alcoholic steatohepatitis (NASH) and the biopsies are H&E stained liver biopsies
from a number of clinical trials. Fach biopsy (e.g., biopsy 1) results 1n one or more hiopsy
woages (e.g., medical umage(s) 802 for biopsy 1), Thus, biopsy 1-# result n a plurality of

medical images including medical image(s) 802, medical image(s) 852, etc.

[0308] The medical troages can be associated with various data. For example, with reference to
FIG. 8A, data 804 15 associated with medical image 802 for biopsy 1, data 854 13 associated with
medical image 852 for biopsy i, etc. As described below, the data mclude known mformation
about the disease of interest and the subject, including information related to the genetic varant

of 1nterest,

{3361} In some embodiments, the data associated with a medical iroage can include an assigned

medical diagnosis score related to the disease of interest. The assigned medical diagnosis score
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can indicate the state or the progression of a disease. In some embodiments, a medical diagnosis
score can be a biopsy-level score assigned by one or more pathologists based on their review of
the biopsy slides. For example, for the NASH disease, the assigned medical diagnosis score can
be a biopsy-level fibrosis score, such as the Ishak fibrosis score, which 1s a score having a

discrete value 0, 1, 2, 3, 4, 5, or 6 to indicate the extent of fibrosis.

{0302 In some embodiments, the data associated with a medical image can include genetic data
of the subject from whom the biopsy sample is taken. For example, the data can include the
subject’s genetic information related to a plurality of genetic vanants {e.g., 100,000 variants, 1
million variants, 10 million variants). For example, the data can indicate whether the subject has
each of the plurality of genetic varianis. For example, for a genetic variant with two alleles in
the population, the medical image may be associated with a genetic variant value of 0, 1, or 2
depending on if the individual has 0, 1, or 2 coptes of the least frequent allele. In some
embodiments, the genetic data of the subject may be a polygenic risk score, indicating a

fikelihood of the subject incurring a disease of interest.

{03083} In some embodiments, the data associated with a medical image can include demographic
data of the subject from whom the biopsy sample s taken. The demographic data can include,

for example, sex, age, treatment group {e.g., placebo, treatment x, treatment v), or other data.

{0364] With reference to FIG. 8A, a medical image can be split into a plurality of image tiles.
For example, medical image(s) 802 of biopsy 1 can be split to obtain image tiles 806-1-806-M,
and medical image(s) 852 of biopsy # can be split to obtain image tiles 856-1-856-Man. In some
embodiments, image tiles can be extracted from a medical 1mage using a predefined grid and
stored as image tiles of 3 uniform size. In one exemplary implementation, the image tiles are
extracted using a predefined grid with tile dimensions 192 pm » 192 pm and the umage tiles are
saved as images sized 224 pixels X 224 pixels. In some embodiments, the image tile size may

be dynamically configurable and adjusted on a case by case basis.

{0303] In some embodiments, the system 1 configured to sphit the plurality of medical images
mio a plurality of image tiles and input each mmage tile mito the unsupervised machme-learning
model to obtain a corresponding tile embedding. With reference to FIG. 8A, each of image tiles

806-1-806-M: is input into the unsupervised machine-learning model (represented by process A)
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to obtain a tile embedding 808-1-808- Mi.  Accordingly, for biopsy 1, the system may obtain
tile embeddings 808-1-808-M1 corresponding 1o image tiles 806-1-806-Mi. Similarly, for biopsy
n, the system may obtamn tile embeddings 858-1-858-Ma corresponding to image tiles 856-1-856-

M

10306} In some embodiments, the system selects a subset of the plurality of image tiles for
further processing by the unsupervised machime-learning model. For example, the system can
determine the portion of a given image tile that depicts biopsy material and only input the image
tile if the portion exceeds a predefined threshold {e.g., >90%). As another example, the system
can determine the count of image tiles resulting from a given biopsy, and only input the image

tiles if the count exceeds a predefined threshold {e.g , >70 tiles).

10387} An exemplary unsupervised machine-learning model used in block 702 1s illustrated in
FIG. 4A as described in detail above. Training of an exemplary contrasiive learning algorithm
1s illustrated in FI1G. 4B, as described in detail above. In some embodiments, the model can be
trained using non-medical images and then used to process medical images in block 702 in FIG.
7. In some embodiments, the model 1s first trained using non-medical images, then fine-tuned

{e g, retramed) using medical images for a number of epochs (e g., 5 epochs, 10 epochs, 50
epochs, 100 epochs), and then used to process mput medical images in block 702 in FIG. 7. In
some embodiments, the medical images used to fine-tune the model can be selected from the
wuage tiles from biopsies 1-#. In other words, the image tiles from biopsies 1-# may be first used

to train the model, and then mputted into the trained model to obtain tile embeddings.

10308 The t1le embeddings can be aggregated on the biopsy level The aggregation can
comprise averaging the tile embeddings across all tiles in a biopsy. With reference to FIG. 8A,
tile embeddings 808-1-808-M: of biopsy 1 can be aggregated to obtain a biopsy embedding 810,
Similarly, tile embeddings 858-1-858-My of biopsy # can be aggregated to obtain a biopsy
ernbedding 860. Each hiopsy embedding corresponds to a phenotypic state relative to the
disease of mierest reflected in the biopsy. In an exeroplary implementation, 6,782 biopsies result
i 6,782 biopsy embedding. Each biopsy embedding 1s a 2048-dimensional vector calculated by

averaging multiple 2048-dimensional t1ile embedding vectors, This data can be represented as a
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biopsy embeddings are normalized before further processing. For example, the biopsy
embeddings can be standardized and then rescaled by the inverse of the square root of the
number of embedding dimensions before further processing. The normalization can improve the

performance of predictive models fitied based on the biopsy embeddings, as discussed herein,

10309} At block 704, the system may be configured (o associate the plurality of embeddings with
each candidate genetic variant of a plurality of candidate genetic variants o identify a subset of
candidate genetic variants that are associated with microscopic structure of tissues (histology).
Specifically, by assessing association between genetic variants and biopsy embeddings, the
system can identify a subset of the plurality of genetic variants that are associated with
histological differences. The techniques described herein can identify variants that atfect

histology that would not be discovered by focusing the analysis on specific diagnostic scores.

{6318} In some embodiments, the association comprises generating (e.g., fitting), for each
candidate genetic variant of the plurality of candidate genetic variants, a vanant-specific model
and evaluating the variant-specific model to determine whether there is an association between
the genetic variant and the embeddings based on one or more thresholds. If there is an
association, the system may include the candidate genetic variant in the subset of candidate
genetic variants for further downstream processing. The system can generate variant-specific
models {e.g., 100,000 models, T million models, 10 nillion models, ete.) for all genetic vanants

of interest (e g., 100,000 vanants, 1 million vanants, 10 million vanants, ete.).

{0311} In the depicted example in FIG. 8B, the biopsy embeddings may be used to generate
{e.g., fit) an embedding-variant model 812 for variant A, an embedding-variant model 814 for
variant B, an embedding-variant model 816 for variant ¥, etc. The system can then evaluate
each model by calculating a correlation metric for each model. For example, the system can
calculate a correlation roetric 822 for ernbedding-variant model 812, a correlation metnic 824 for
erabedding-variant model 814, and a correlation metric 826 for embedding-varnant model 816,
Each correlation metric can be evaluated {e.g., coropared against a predefined threshold) to
determine whether there 1¢ a sigmificant association between the genetic variant and the
embeddings. In the depicted example, the system deternmines that: an agsociation exists between

variant A and the embeddings based on the correlation metric 822, an association exists between
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variant £ and the embeddings based on the correlation metric 826, and an association does not
exist between variant B and the embeddings based on the correlation metric 824, Accordingly,
the system may include variant A and vanant Z in the subset for further processing, while
excluding variant B from the subset. By identifying the subset of genetic variants, the system
can identify the genetic variants that are assoctated with the depicted lustological features of the
medical images {e.2., biopsy images) for further processing. This smaller set of genetic variants
are explored in downstream analyses, for example, to identify the association between each

genetic variant and the disease of interest as described below.

{0312} In some embodiments, the variant-specific model {e.g , embedding-variant model 812,
814, 816) 1s a linear regression model configured to receive embeddings as input and ouiput a
value indicative of a genetic variant. In some embodiments, the linear regression madel can be

mplemented as a linear mixed model.
{0313} In some embodiments, the hinear regression model can be:
{0314] g = Fb + u + ¢ where:

[0315] g € RV represents the genotype vector of the genetic variant being tested. N is the

number of individuals for which both biopsy imaging data and genetic data are available.

[0316] F € RN represents matrix of K covariates (e g, sex, age, clinical trial arm). In an
exemplary implementation, the matrix countains formation on sex, age and the three treatment
groups (K =5). Specifically, the first column of F 1g a binary mdwcator of patients” sex {0 if the
patient’s chromosomes are XX, 1 if the patient’s chromosomes are XY}, the second column
contains the patients” age, and the remaining columns are binary indicators for the three

treatments {1 if the patient received that specific treatroent, O otherwise).

{6317} X € RV*'represents the input matrix of biopsy embeddings with dimension £ for N

individuals {e.g., £ = 2048},

[0318] b € RNV represents a covariate effect size vector. The vector includes various model
parameters and are the weights of the covariates in a linear model. Specifically, thereare K

weights for the K covanates respectively,
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[0319] u ~ N(0, 0,2 XX") models the contribution from histological embeddings.
10328} ¥ ~ N(0,0,%1y) is residual iid ganssian noise.

10321} I, € RV*Vrepresents the N X N identity matrix.

10322 o, %and ¢,? are scalar model parameters.

{31323] In some emboduments, the system generates pararoeters for the Hnear regression model
{(1e., fits the oodel). The model can be fit using biopsy data, icluding biopsy embeddings {e.g.,
biopsy embeddings 810, 860) and the corresponding medical diagnosis scores. Tn the depicted
example in FIG. 8B, the biopsy erabeddings 810, 860 for biopsies 1-# can be used to fit each of

the embedding-variant models 812, 814, and 816,

[0324] FIG. 9 illustrates fitting of an exemplary linear regression model {e.g., embedding-varant
model 812). As shown, an embedding-variant model 904 may be it using training data 910, In
some embaodiments, model 904 may be a linear regression model. Training data 910 comprises
data of biopsies 1-n, including the biopsy embeddings and the cotresponding genetic variant
values. For example, the embeddings are biopsy embeddings 810, 860 for biopsies 1-1 described
with reference to FIG. 8B, and the genetic varant values are values mdicative of a specific
genetic variant {e.g., vaniant A) 1 biopsies 1-n {e.g., stored as part of associated data 804, 854 in

FIG. 8A).

[{0325] In an exemplary implementation, 6,782 biopsies result in 6,782 biopsy embeddings.
Each biopsy embedding may be a 2048-dimensional vector calculated by averaging multiple
2048-dimensional tile embedding vectors. This data can be represented as a 6,782 X 2,048
matrix (X € R¥** N = 6,782 and L = 2,048). The matrix is used as the input matrix X to fit
NxXK

the linear regression model. The covariate matrnix F € R contains an intercept {1.€., a single

column (K=1} with all ones).
{0326} The negative log marginal likelihood of the linear regression model can be:

0327} (b, 0,% 0,%) = ~log N(v; Fb,0,°XX"+06,%1y), with parameters b, 0,2 and 0,°.
X e g e i p 4
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{6328} Maximum likelihood estimators (MLE) of b, 5,2, 5,° can be obtained by minimizing
fib,o,%, 0,%) using a similar efficient procedure. In some embodiments, this can be achieved by
(i) rotating the data in a space where the covariance is diagonal f (b, 6,2, ,%) =

~log N(U"y; U"Fb,0,°5+0a,%1) (where the eigenvalue decomposition of XX7 is indicated as
USUTY, and (i1} reparametrizing the model as f(h, 0%, 8) = ~log N(UTy; UTFb, 0285+02(1 —
83y} Inthe new form, optimization can proceed by performing a grid search on delta with
close form solutions for MLEs of b, a2 for each value of 8. This optimization is also
computational efficient. After optimization, the MLEs of 0,2 and 6,2 can be computed as {fy) =

§%6 and 62 = #%(1 — &) respectively from the MLEs § and 62,

{0329] After the variant-specific models (e g., embedding-variant models 812, 814, and 816) are
fit, each fitted model 15 evaluated to determine whether there 1S an association between the
corresponding genetic variant and the embeddings. In some embodiments, evaluating the
variani-specific model comprises calculating a correlation metric based on the variani-specific

model and comparing the correlation metric with a predefined threshold.

{0338 In some embodiments, the correlation metric is a P value associated with the variant-
specific model. The P value can be obtained through a permutation procedure where the log
fikelihood ratio (LLR) statistic from the real data 1s compared to LLRs obtained when permuting
the individuals in the embedding matrix (LLRs from null model). In some embodiments, the P
value 15 defined as the fraction of LLRs under permutations that are greater than the real data

LLR.

{8331} For example, for each genetic variant, the variani-specific model can be fit on X
permutations of the rows of X For each genetic variant, this procedure produces K number of
LLRs. Specifically, fitting the variant-specific model using real data can result in one LLR.
Fitting the variant-specific model on K permutations of the rows of X can result in X LLRs. For
each genetic variant, the P value is the fraction of K LLRs that are greater than the LLR from real

data.

{63321 The correlation metric for each genetic vanant can be compared against a predefined

threshold to determine whether there 1s an association between the genetic variant and the

59



WO 2023/023507 PCT/US2022/075006

embeddings. Tn some embodirents, the threshold can be setto 5 X 1078, For example, variants
with P values lower than the threshold are determined to be associated with the embeddings. In
the depicted example, the system may be counfigured to determine that an association exists
between variant A and the embeddings based on the correlation metric 822, an association exists
between varant Z and the embeddings based on the correlation metric 826, and an association
does not exist between varant B and the embeddings based on the correlation metric 824,
Accordmgly, the system includes vartant A and vanant 7 in the subset for further processing,

while excluding variant B from the subset.

[{1333] At block 706, the systern associates each candidate genetic variant of the subset of
genetic variants with the disease of interest to dentify the at least one genetic vanant of interest.
in doing s0, the system determines whether there 15 a statistically sigmficant association between
a particular genetic variant and the disease of inferest. The identified genetic vanant of interest

is associated with both histology and the disease of interest.

[0334] In some embodiments, associating a genetic variant with the disease of interest comprises
generating {e.g., fitting) a vanant-specific score prediction model configured to receive a genetic
variant valoe and output 2 medical diagnosis score related to the disease of interest. For
example, if the genetic variant to be tested 18 genetic variant A, the systemn can generate a model
configured to receive a value indicative of genetic variant A and output a predicted medical
diagnosis score. With reference to FIG. 8B, a vanant-specific score prediction model 832 may
be generated for variant A; a variant-specific score prediction model 836 may be generated for
variant 7. No variant-specific score prediction model may be generated for variant B because
correlation metric 824 for variant B exceeds the predefined threshold and thus variant B can be

excluded from further processing.

{0338} The variant-score model (e.g., variant-specific score prediction model 832} canbea

linear regression model. In some embodiments, the linear regression model is:
Q336 y=Fb+xB +

[0337] where i ~ N(0, g, 2y).
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{0338} v € RY*represents medical diagnosis scores {e.g., biopsy level fibrosis scores) for NV

individuals.

10339] X € RV" represents genotype vector of the genetic variant being tested. For example, for
a genetic variant with two alleles in the population, the genotype vector has valaes 0, 1, or 2

depending on if each individual has 0, 1, or 2 copies of the least frequent allele.

{8340] F & RV represents a matrix of K covariates (e.g., sex, age, clinical trial arm). In one
exemplary implementation, there are 5 covariates: sex, age, and three treatment groups. The first
column of ¥'1s a binary indicator of patients’ sex {e.g., 0 if the patient’s chromosomes are XX
and 1 if the patient’s chromosomes are XY), the second column contains the patients” age, and
the remaining columns are binary ndicators for the three treatments {e.g., 1 if the patient
recewved the specific treatment, O otherwise). Fitting of an exemplary variant-specific score

prediction model s described with reference to FIG. 6

10341} After a varnant-specific score prediction model is fit, the system can determine a
correlation metric between the disease of interest and the genetic variant of interest. The
correlation metric is indicative of impact of the genetic variant of interest on the disease of
interest. With reference to FIG. 8B, variant-specific score prediction model 832 15 used to
determine a correlation metric 842 between the disease of mterest (represented by the medical
diagnosis score) and genetic variant A, and the variant-score model 836 1s used to determine a
correlation metric 846 between the disease of interest and genetic vantant 7, etc. Thus, a
correlation metric 1s calcnlated for each genetic variant of mierest in the subset of candidate

genetic variants.

{6342] In some embodiments, the correlation metric is the P value of the linear regression model.
The system tests B # 0. P values rmay be obtained through a standard log likelihood ratio test
procedure and the effect size and standard ervors are obtained through classical Hoear model
theory. The procedure returns the P value of association between the tested variant and the
medical diagnosis score, the effect size of the variant (the estimator of the weight B in the linear

model) and the standard error {the ervor on the effect size estimate from the model}.
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{8343} In some embodiments, the correlation metric is compared with one or more predefined
thresholds to determine if there s a significant association between the genetic variant of interest
and the disease of interest. For example, if the P value is smaller than a predefined threshold
{e.g, 5x10™), the system determines that there is a significant association. In some
embodiments, the system may identify, based on the comparison, a relationship between the
genetic variant of interest and the disease of interest. In some embodiments, the relationship s a
causal relationship. The identified relationship or association can be used for diagnosis and
development of treatments and drugs, as described herein. For example, the system is robust in
that it can take embeddings generated from one data set {i.e., images from a first clinical trial}
and apply them with the same predictive effect to images and associated genetic variant data
from another data set (1.e., images and associated genetic variants from a second clinical trial}, as

described herein with reference to FIGS. 16-24.

{0344} Turning back to FIG. 7, the system can generate simulated images to visualize the
histological effects of an 1dentified generic of interest. This procedure provides visualizations of
the associated histological changes, which could not be detected by an association study of the
pathologist score. Specifically, at block 708, the systern may be configured to generate a
plurality of simulated images depicting the disease of interest. The plurality of simulated images

corresponds to different values of the at least one genetic variant of interest, as described below.

[0345] v some embodiments, the system may be contigured to generate the predicted 1mages 1o
the form of simulated tmages using a tramed generative model. In some enbodiments, the
trawned generative model 18 a generative adversarial network (GAN) model. FIG. 10 dlustrates
an exemplary GAN model 1004, m accordance with some embodiments. In some embodiments,
GAN model 1004 may be comprised of a trained generator component 1004a and a trained
discriminator component 1004b. Trained generator component 1004a may be configured to
receive an embedding (e.g., embeddings 1002-1 — 1002-k) and a noise (not depicted) and output
a simulated image (e.g., simulated images 1006-1 — 1006-k}. As shown in FIG. 10, trained
generator component 1004a may receive embedding 1002-1 and output 4 simulated image 1006-
1, receive embedding 1002-2 and output a simulated image 1006-2, ... | and receive embedding

1002~k and output a sumulated image 1006-&.
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{0346] In some embodiments, to generate embeddings 1002-1-1002-4, the system can generate
{e.g., fit} a model configured t¢ receive an embedding and output a medical diagnosis score
related to the disease of interest. In some embodiments, the model 15 a linear regression model
such as embedding-variant model 812 in FIG. 8B. The model can be then used to predict
medical diagnosis scores. For example, each tile embedding (e.g,, tile embedding 808-1 — 808-
My} can be input into the linear regression model to generate a tile-level medical diagnosis score.
Tile embeddings from biopsies 1-# can be input to the linear regression model to generate a set
of tite-level medical diagnosis scores. The system can identify a first group of tile embeddings
having corresponding medical diagnosis scores in the 1-5 percentile and a second group of tile
embeddings having corresponding medical diagnosis scores in the 95-99 percentile. A first
average embedding can generated by aggregating {as well as taking the average of} the first
group of embeddings, and a second average embedding can generated by aggregating {as well as
taking the average of) the second group of embeddings. The system can then linearly 1nterpolate
between the two average embeddings to obtain embeddings 1-& Simulated images 1006-1 —
1006-k corresponding to embeddings 1002-1-1002-% can demonstrate the histological effects

associated with progression of the disease of interest,

{0347] In some embodiments, to generate embeddings 1002-1-1002-k, the system can generate
{e g, fit} a model configured to receive an embedding and output a value of a genetic variant of
iterest {e.g., the genetic variant of interest identified in FIGS. 2 and 7). The genetic variant
values are indicative of genotype information for the genetic variant of interest {e.g., if the
mdividual has G, 1, or 2 copies of the minor allele at that genetic locus}. In some embodiments,
the model 15 a linear regression model similar to as the embedding-score prediciion mode! 312 in
FIG. 3A. The model can be then used to predict values of the genetic variant of interest. For
example, each tile embedding (e.g., tile embeddings 308} can be mput to the linear regression
model to generate a tile-level genetic variant value, Tile embeddings from biopsies 1-7 can be
mput to the linear regression model to generate a set of tile-level medical diagnosis scores. The
system can identify a first group of tile embeddings having corresponding genetic variant valuoes
in the 1-5 percentile and a second group of tile embeddmgs having corresponding genetic variant
valugs in the 95-99 percentile. A first average embedding can be generated by aggregating {e.g.,
taking the average of} the first group of embeddings, and a second average embedding can

generated by aggregating {e.g , taking the average of} the second group of embeddings. The

&
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system can then hnearly mterpolate between the two average embeddings to obtain embeddings
1-& The simulated images corresponding to the embeddings 1-k can demonstrate the

histelogical effects associated with the genetic variant of interest.

{6348] In some embodiments, the GAN medel 15 a conditional GAN model. For instance, the
generator may be configured to receive an embedding, as the condition, and a noise and output a
simulated image. The discriminator may be configured to receive an input image, which may be
a similated tmage or a real image, and classify the input image as simulated or real. During
training, the generator generates simulated images, and the simulated images and real images are
provided to the discriminator for classification. Based on the outputs of the discriminator, the
generator and the discriminator can be updated accordingly to minimize loss. In some

embodimentis, the generator and the discriminator are neural networks.

{6349 In some embodiments, the GAN model builds on a progressive GAN (pGAN) model.
The pGAN model is trained progressively with increasing image resolution to stabilize training
and prevent mode collapse. The system is extended to progressive conditional GAN {(pcGAN)
model to enable conditioning on the embeddings generated based on medical imaging data
described herein. In particular, the generator s configured to receive an embedding x {(as the
condition) and a noise vector u sampled from a standard normal distribution. Additionally, the
discrinunator receives generated and real images and the corresponding embedding. FIG. 11
dlustrates generation of simulated wruages process, n accordance with some embodunents. As
shown, generators 1104 can receive an embedding 1102 and a noise vector 1108 and output an
woage 1106, Further, when the same embedding and dufferent noises are provided, different
stnulated images can be geverated. In particular, when each of generators 1104 recetves the
same emnbedding 1102 but different notse vectors 1108, ditferent stmulated tmages with the same
semantic biological content can be generated. Accordingly, the embedding can be visualized 10
multiple 1mages to aid the identification and understanding of the histological features associated

with the embedding.

[0338] o one exemplary implementation, embedding 1102 is a 2048-dimensional embedding
and noise vector 1108 s a 512-dimensional vector sampled from a standard normal distribution,

Erobedding 1102 and noise vector 1108 may be combined into a 512-dimensional vector 7 that
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becomes the input of the pGAN generator. The discriminator may be configured to receive an
embedding x {as the condition}, such as embedding 1102, as input in addition to an image 7. This
addition enables the discriminator to classify real and fake images also based on the consistency
with the input embedding. In an exemplary implementation, the embedding is a 2048-

dimensicnal embedding and the tmage is a 2562256 image.

{0351} In an exemplary implementation, the pcGAN model 1s first trained on tile images and
corresponding embeddings using the same parameters as m pGAN. After training, the generator
of the pcGAN model can receive, as input, 3 2048-dimensional embedding and a 512-
dimensional vector sampled from a standard normal distribution and output a 256 x 256
stmulated tile image (whose content is consistent with the mput embedding). Given the 512-
dimensional noise vector 1108 sampled from a normal distribution, the system can use peGAN
to generate k timages giving as input each of the & interpolation embeddings and the sampled
noise from noise vector 1108 Accordingly, this procedure takes as input a covariate of interest
{vector across the analyzed biopsies), biopsy embeddings (matrix with analyzed biopsies as rows
and embedding dimension as columns), and tile embeddings (matrix with the corresponding tiles
as rows and embedding dimension as columns), and may output a series of & 256 x 236 tile

wnages.

{0352] At block 710, the svstem may be configured to display (or cause to be displaved), ona
display, the plurality of predicted simulated 1mages 1106, The display, for example, may
correspond to a display screen of a user device, such as a computing device {e.g., computing
device 2900 of FIG. 29). In some embodiments, predicted sumulated tmages 1106 can be used to
create an amimation of histological changes. Multiple ammations can he created for the same
covariate of interest by providing different 512-dimensional samples from a normal distribution
as input to the GAN, as shown m FIG. 11 1o some embodiments, the same sample 1s used
across images from the same series of predicted simulated 1mages 1106, In some embodiments,
the predicted sumulated images may be ranked. The displayed simulated images may inchude
some or all of the predicted simulated images, and may be selected from the predicted simulated
images based on the ranking. In some embodiments, the ranking may be based on a
corresponding medical diagnosis score. For example, the predicted simulated images may be

ranked based on the computed medical diagnosis score of that predicted simulated tmage (which
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may be determined based on the embeddings}. In some embodiments, the predicted simulated
images to be displayed may be selected based on their corresponding medical diagnosis scores.
For example, predicted simulated images having a medical diagnosis score in the 1550
percentile, which may represent predictive tiles corresponding to low fibrosis, may be selected
for display and/or caused to be displaved within a user interface. As another example, predicted
simulated images having a medical diagnosis score in the 9599 percentile, which may
represent predictive tiles corresponding to high fibrosis, may be selected for display and/or
caused to be displayed. Alternative percentile ranges may be used for selecting predicted

simulated images, and the aforementioned ranges are merely exemplary.

{0353] FIG. 12A illustrates an exemplary set of predictive image tiles and an exemplary series of
three predicted simulated images fo visualize an increasing fibrosis score, tn accordance with
some embodiments. As described above, the system can identify a first group of tile embeddings
of images 1202 having corresponding medical diagnosis scores in the 1%-5™ percentile, thus
identifying predictive tiles corresponding to low fibrosis. The system can also identify a second
group of tile embeddings of images 1204 having corresponding medical diagnosis scores in the
95%.99M nercentile, thus identifving predictive tiles corresponding to high fibrosis. The system
can obtain a first average embedding of the first group of tile embeddings and a second average
embedding of the second group of tile embeddings. Linear interpolation can be performed to
obtain & embeddings. For example, if & = 3, the system obtains three erobeddings: a first
embedding {e.g, the first average embedding), a second embedding (e.g., av average of the first
embedding and the third embedding), and a third embedding {e.g., the second average
embedding). The three embeddings can be inputted into the generator to obtain a serigs of
mnages 1206 to visualize the histological changes associated with the merease of the fibrosis

8COTE.

[0334] FIG. 12B illustrates an exemplary set of predictive troage tiles 1252, 1254 and an
exemplary series of three simulated images 1256 to visualize an increasing PNPLA3Z tile score,
m accordance with some embodiments. Images 1256, in some embodiments, may be obtained

using sinlar techniques as described above with reference to FIG. 12A.
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{0355} In some embodiments, the plurality of predicted simulated images may be ranked. The
ranking may be based on fibrosis score or other measures. In some embodiments, some or all of
the plurality of predicted simulated images may be displayed. A subset (or all} of the phlurality of
predicted simulated images may be selected based on the ranking and the predicted simudated

images may be selected for display based on the ranking.

{0356] FIG. 13 illusirates an exemplary series of predicted simulated images 1302 to visualize
histological effects associated with the steatosis score, an exemplary series of predicted
simulated images 1304 to visualize histological effects associated with the lobular inflammation
score, an exemplary series of predicted simulated mmages 1306 to visualize histological effects
associated with the ballooning score, and an exemplary series of predicted simulated images
1308 to visualize histological effects associated with the fibrosis score, which are generated
using techniques described herein. In some embodiments, the visualized image tiles (e.g,,
images 1302-1308) may correspond to tiles predicted to have low scores for a particular

phenotype.

{03587} FIG. 14 illustrates the performance of the various linear models configured to predict
medical diagnosis scores, in accordance with some embodiments. As shown, five models are
trained to: predict fibrosis scores; predict steatosis scores; predict lobular inflammation scores;
and predict hepatocyte ballooning scores. For each score type, the colors of the bars are in the

same order as the colors i the legend.

{6358] The first four models are examples of the embedding-score prediction model 312 10 FIG.
3A. A pre-trained model refers to a linear model that is fit based on embeddings generated by a
pre-trained contrastive model {e.g., SimCLR}. A pre-trained contrastive model has not been
fine-tuned using umages in the same toage domain (e.g., iver biopsy images). A pre-trained
normalized model refers to a hinear model that 1s fit based on embedding that are both generated
by a pre-trained contrastive model and normalized. In some embodiments, the embeddings are
standardized and then rescaled by the inverse of the square root of the number of embedding
dimensions. A fine-tuned model refers to a linear model that 1s fit based on embeddings
generated by a fine-tuned contrastive model (e.g, SimCLR). A fine-tuned contrastive model has

been re-trained using images i the same image domain {e.g., liver biopsy truages). A fine-tuned
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normalized model refers to a linear model that 1s fit based on embedding that are both generated

by a fine-tuned contrastive model and are normalized.

10359} In contrast, a supervised model {e.g., Yrl} refers to a non-linear machine-learning model
{e.g., a neural network} configured to receive imaging data and predict a medical diagnosis score.
Linear regression models, such as the first four models, are more computationally efficient to
tratn and to apply than the supervised model. As shown in FIG. 14, linear models generated
based on embeddings can provide a similar, and in some cases superior, predictive power than
supervised machine-learning model, while requiring significantly less resources and time to train

and to apply.

{0360} FIG. 15A illustrates a vanant component model 1502 with study, site, and pathologist
score effects. As shown, vanant component model 1502 can only explain 34% of the embedding
variance, as detailed in plot 1504, FIG. 135B illustrates a genome-wide association study
(GWAS) plot 15006 of embeddings controiling for site and study affects. As shown, GWAS plot
1506 identifies three nussense variants associated with baseline embeddings. The subset of

variants can be further analyzed, as described.

{0361 Genetic variants prioritized through histology analysis, as shown by plot 1308 in FIG.
158, can be associated with available endpoints to gain insight into associated biology. For
example, PheWAS of the lead variant in PNPLAZ 15738409 identifies effects on baseline blood
biomarkers and RNA-seq, but not on pathologist or continuous NASH scores. FIG. 15C
iltustrates a plot 1510 describing that PheWAS of the lead variant in PNPLAZ rg738409
identifies effects on several blood biomarkers and expression pathways. Further, ns738409 is not
found to be associated with hustological disease labels. Thus, PheWAS in clinical trial data

supports interpretation of the discovered genetic effects.

[0362] FIGS. 16, 20, 22, and 24 lustrate technigues directed to longitudinal studies (e.g., of
treatment effects). It should be appreciated by one of ordinary skill in the art that the
longttudinal studies described herein leverage the various techniques for baseline analysis
described heremn, including trained models and systems. For example, the systern receiving
fongitudinal, progression embeddings for specific subjects as inputs and outputting placebo vs.

treatment determinations {e.g., a DRP classification model 1730) may be based on a system that
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has previously been trained to predict a state or progression of the disease based on a covariant

of interest {e.g., genetic varianis).

10363} FIG. 16 illustrates an exemplary method of evaluating a treatment with respect to a
disease of interest, in accordance with some embodiments. In process 1600, the progression of
the disease is quantified using progression embeddings. The system may impute drug response
phenotype (DRP} as the predictions from a model that receives progression embeddings as mputs
and outputs a classification result indicating placebo or the treatment. The system can determine
if there 15 a significant association between the DRP and the treatment. If there 1s a significant
association, the treatment can be further analvzed in downstream analyses (e g., as described in

greater detail below with respect to FIG. 20).

10364} Process 1600 is performed, for example, using one or more electronic devices
mmplementing a software platform. In some examples, process 1600 is performed using a client-
server system, and the blocks of process 1600 are divided up in any manner between the server
and one or more client devices. Thus, while portions of process 1600 are described herein as
being performed by particular devices of a client-server system, it will be appreciated that
process 1600 is not so linuted. In other examples, process 1600 is performed using only a client
device or only multiple client devices. In process 1600, some blocks are, optionally, combined,
the order of some blocks 15, optionally, changed, and some blocks are, optionally, omitted. In
some exaraples, additional steps may be performed in combination with the process 1600,
Accordingly, the operations as tlustrated (and described in greater detail below) are exeroplary

by nature and, as such, should not be viewed as limiting,

{6365] Atblock 1602, an exemplary system {e.g., one or more electronic devices) may be
configured to obtain a plurality of baseline placebo images of a placebo group of subjects
captured before a placebo 1s admunistered to the placebo group, and a plurality of follow-up
placebo tmages of the placebo group of subjects captured after the placebo 1s adnunistered to the
placebo group. FIG. 17 illustrates an exemplary process for evaluating a treatment with respect
to a disease of interest, in accordance with some embodiments. As shown, the system obtains a
plurality of baseline placebo images 1702 of a placebo group of subjects captured before a

placebo 1s administered to the placebo group. The system further obtains a plurality of follow-up
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placebo images 1704 of the placebo group of subjects captured after the placebs 1s administered

to the placebo group.

10366} At block 1604, the system may be configured to obtain a plurality of placebo progression
embeddings based on the plurality of baseline placebo images and the plurality of follow-up
placebo images. With reference to FIG. 17, the system may obtain a plurality of baseline
placebo embeddings 1712 and a plurality of follow-up placebo embeddings 1714, In some
embodiments, baseline placebo embeddings 1712 may be obtained based on baseline placebo
images 1702, while follow-up placebo embeddings 1714 may be obtained based on follow-up
placebo tmages 1704 Based on embeddings 1712 and 1714, the system may obtains placebo

progression embeddings 1722,

18367} FIGR. 18A-B illustrate an exemplary generation of progression embeddings, in
accordance with some embodiments. As shown in FIG. 18A, the system can input a plurality of
baseline placebo images 1804 mto a trained unsupervised machine-learning model (not depicted)
to obtain a plurality of baseline placebo embeddings 1812 in a latent space. Similarly, the
system can input a plurality of follow-up placebo tmages 1806 nto the trained unsupervised
machine-learning model to obtain a plurality of follow-up placebo embeddings 1814 1n the latent
space. In some embodiments, the system can input a plurality of baseline treatment images 1808
mto the trained unsupervised machme-learning model (not depicted} to obtain a plurality of
baseline treatment erobeddings 1816 tn a latent space. Further still, 10 some embodiments, the
systern can 1nput a plurality of follow-up treatment images 1810 into the trained unsupervised
machine-learning model 1o obtain a plurality of follow-up treatment embeddings 1818 i the
latent space. In some embodiments, the unsupervised machine-learning model is a contrastive
model similar to the mode] described above with reference to FIGS. 4A-B. In some
embodiments, the contrastive model 15 a SmCLR model. In some embodunents, the
unsupervised machine-learming model 1§ a system designed and frained in accordance with those

described in connection with FIGS. 8A-B and related figures.

[0368] As shown in FIG. 188, the system can then mput baseline placebo embeddings 1812 mto
a trained machine learning model 1850 to obtain a plurality of predicted follow-up placebo

embeddings 1854 in the latent space. The system can then determine the plurality of placebo
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progression embeddings 1856 by calculating differences between follow-up placebo embeddings
1814 and predicted follow-up placebo embeddings 1854, In some embodiments, for a patient in
the placebe group, the system performs a subtraction between the patient’s follow-up placebo
embedding and the patient’s predicted follow-up placebo embedding to obtain the patient’s

placebo progression embedding.

{0369] FIG. 18C illusirates an exemplary definition of progression embedding, in accordance
with some embodiments. In some embodiments, each predicted follow-up embedding takes mto
account whether the patient possesses or is associated with a covariant of interest previously
evaluated by a system designed and trained in accordance with those described in connection

with FIGS. 8A-B and related figures.

{0378} Simalarly, as seen with respect to FIG. 18D, the system can input a plurahity of baseline
treatment embeddings 1816 into a trained machine learning model 1850 to obtain a plurality of
predicted follow-up treatment embeddings 1858 in the latent space. The system can then
determine a plurality of treatment progression embeddings 1860 by calculating differences
between follow-up treatment embeddings 1818 and predicted follow-up treatment embeddings
1858, In some embodiments, for a patient in the treatment group, the system performs a
subtraction between the patient’s follow-up treatment embedding and the patient’s predicted

follow-up treatment embedding to obtain the patient’s treatment progression embedding.

10371} In some embodiments, trained machine learning model 1850 is configured to receive a
baseline embedding and cutput a predicted follow-up embedding. In some embodiments, the
trained hinear model is a linear mixed model similar to other linear mixed models described
herein. FIG. 19 illustrates an exermplary training process of trained machine learning model
1850, in accordance with some embodiments. As shown, trained machine learning model 1850
is tramned using traiming data 1960, which may comprise placebo data. In some embodiments,
training data 1960 1s obtained from a different placebo group from the one being analyzed 1

FIGS. 1RA-B.

[0372] Atblock 1606, the system may obtain a plurality of baseline treatment images of a
treatment group of subjects captured before the treatraent 15 admnistered to the treatruent group

and a plurality of follow-up treatment images of the treatment group of subjects captured after
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the treatment 18 administered to the treatment group. With reference to FIG. 17, the system may
obtain a plurality of baseline {reatment images 1706 of a treatment group of subjects captured
before the treatment is administered to the treatment group and a plurality of follow-up treatment
images 1708 of the treatment group of subjects captured after the treatment 1s adnunistered 1o the

treatment group

{6373] Atblock 1608, the system may obtain a plurality of treatment progression embeddings
based on the plurality of baseline treatment images and the plurality of follow-up treatment
mmages. For example, with reference to FIG. 17, the system obtains a plurality of baseline
treatment embeddings 1716 and a plurality of follow-up treatment embeddings 1718 In some
embodiments, baseline treatment embeddings 1716 are obtained based on baseline treatment
umages 1706, and follow-up treatment embeddings 1718 are obtained based on follow-up
treatment images 1708, Based on embeddings 1716 and 1718, the system may obtain treatment
progression embeddings 1726, The generation of progression embeddings is described with

reference to FIGS. 18A-C.

{0374} Atblock 1610, the system may generate a classification model for determining whether a
patient has received the placebo or the treatment based on the plurality of treatment progression
embeddings, wherein outputs of the classification model are indicative of a drug response
histological phenotype (DRPY. With reference to FIG. 17, the system generates a DRP
classification model 1730 based on placebo progression embeddings 1722 and treatment
progression embeddings 1726, In some embodiments, the classification model {e.g., DRP
classification model 1730) 13 configured to receive an input progression embedding and output a
classification result indicating whether a patient has received the placebo or the treatroent. The
classification model can be implemented, for example, as 3 logistic regression model, an

artificial neural network model, a random forest model, a naive Bayes model, etc.

[0373] Atblock 1612, the system may be counfigured to determine, based on the classification
model, a correlation metric 1732 between the treatment and the disease of interest. Correlation
metric 1732 may mdicate whether the treatment and the progression of the disease of mterest are

signiticantly associated. In some embodiments, correlation metric 1732 15 a P value.
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{8376} In some embodiments, the system may be configured to compare correlation metric 1732
with a predefined threshold. In some embodiments, the system may be further configured to
identify, based on the comparison, further association analysis for features associated with

treatment A 1734,

10377} In some embodiments, the sysiem may be configured to prescribe the treatment (e.g., the
treatment performed to the subjects associated with images 1706 and 1708) in a new subject
based on the association. For example, if the treatment and the progression of the disease of
mterest are significantly associated, the same treatment can be prescribed to a new subject
having the disease. As another example, if the treatment and the progression of the disease of
mterest are not significantly associated, the same treatment may not be prescribed to the new

subject having the disease.

{8378} In some embodiments, the system may be configured to administer the treatment based
on the association. For example, if the treatment and the progression of the disease of interest
are significantly associated, the same treatment can be administered to a new subject having the
disease. As another example, if the treatment and the progression of the disease of interest are
not significantly associated, the same treatment may not be administered to the new subject

having the disease.

{6379} In some embodiments, the system may be configured to adjust the treatment based on the
association. For example, if the treatment and the progression of the disease of interest are
significantly associated, the treatment may be increased. As another example, if the treatment
and the progression of the disease of interest are not significantly associated, the treatment may

be reduced or stopped.

{0388} In some embodiments, the system may be configured to provide a medical
recommendation based on the association. In some embodiments, the system may be configured
to generate a report based on the association. In some embodiments, if the treatment and the
progression of the disease of interest are significantly associated, the system can further study the

treatment, for example, as described 10 FIG. 21,

{0381} In some embodiments, the disease of inferest is non-alcoholic steatohepatitis (NASH).
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{0382} In an exemplary implementation, two clinical trials have been conducted. The smaller
clinical trial obtains baseline and follow-up liver biopsy imaging data and pathologist-assigned
scores associated with the imaging data. In particular, the smaller clinical trial 1s a NASH Ph2
trial with around 380 samples, and liver biopsy imaging daia are obtained at baseline and 48
weeks follow-up. The larger clinical trial obtains aligned baseline and follow-up liver biopsy
maging data and associated pathologist scores. In particular, the larger chinical trial comprises
two NASH Ph3 trials with around 1,600 samples, and liver biopsy imaging data are obtained at

baseline and 48 weeks follow-up.

{0383} The system then obtains biopsy embeddings from all H&E-stained liver biopsy tmages
{e.g., baseline placebo embeddings 1712, follow-up placebo embeddings 1714, baseline
treatment embeddings 1716, and follow-up treatment embeddings 1718 in FIG. 17) through the

unsupervised learning procedure.

{0384} The system further obtains progression embeddings {e g., placebo progression
embeddings 1722, treatment progression embeddings 1726). First, the system trains a
phenotypic prediction model {e. g, trained machine learning model 1850} to predict every
dimension of the biopsy embedding at follow-up (1.e., week 48) from a biopsy embedding at
baseline solely considering patients in the placebo group of the larger trial. Trained machine
learning model 1850 can be configured in a similar manner to embedding-score prediction model
312 (which may also be a linear model) in FIG. 3A. In some embodiments, roachine learning

model 1830 may be a linear regression model, such as a linear nuxed model.

{0385] After the phenoctypic prediction model 1s trained, the system may use the trained
phenctypic prediction model to predict follow-up hiver state embeddings under placebo given
baseline hiver state embedding in patients in the smaller trial. These predicted follow-up
embeddings capture the expected histological state at follow-up n placebo patients. The system
defines progression ernbeddings as the difference between the observed follow-up embeddings
and the predicted follow-up embedding from the previous step. As defined, the progression
ernbeddings describe histological differences in patients from the smaller trial between their

histological state at follow-up versus the expected histological state in placebo patients.
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{0386] For each treatment arm, the system may train a treatment-specific model {(e.g., DRP
classification model 1730} to classify patienis from placebo and the treatment arm from
progression embeddings in the small trial. The predictions from this model provide a measure
for each patient of the Drug Response histological Phenotype (DRP) at follow-up. In some
embodiments, the input of the classification model is a progression embedding (e g, placebo
progression embeddings 1856, 1860). In some embodiments, the output of the classification
maodel is a binary indicator for each patient indicating whether that patient is in the treatment or
placebo group. The DRP classification can be configured in a simular manner to embedding-

score prediction model 312 in FIG. 3A.

{03871 Statistical significance of the predicted DRP can be assessed, for example, using the
permutation procedure described herein. For example, the system can calculate a correlation
metric for the model. In some embodiments, the correlation metric ts a P value. The P value can
be obtained through a pernustation procedure where the log likelihood ratio (LLR} statistic from
the real data is compared to LLRs obtained when permuting the individuals in the embedding
matrix {LLRs from null model). In some embodiments, the P value 1s defined as the fraction of

LLRs under permutations that are greater than the real data LLR, as described above.

{0388} The correlation metric for each genetic variant can be compared against a predefined
threshold to determine whether there is an association between the genetic variant and the
erabeddings. In one exemplary vuplementation, the system uses a Bonferroni-adjusted P value
threshold of 0.05 to define significant treatment histological effects and assess whether the
treatment has an effect on progression embeddings. In some emobodiments, only treatments with

signiticant P values are further studied, for example, using the process 2000 w FIG, 20,

[0389] In some embodiments, when analyzing a treatment, the effect of the treatroent may be
analyzed directly using follow-up erobeddings. In such cases, baseline embeddings/images may

be excluded from the analysis.

{0396] FIG. 20 dlustrates an exemplary method of identifying a covanant of interest with respect
to drug response histological phenotype (BRP) of a treatment. The woputation of DRP can be
performed using clinical trial datasets as long as the progression embeddings are available.

Significant associations between DRP and molecular data (e.g., expression and geuvetics) can be
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retrieved through an association test. Association with expression identifies genes that could not
be detecied in a placebo-vs-drug differential expression analysis. Association with genetics

identifies a candidate target gene for the disease of interest (e.g., NASH}.

&0

{6391} Process 2000 s performed, for example, using one or more electronic devices
implementing a software platform. In some examples, process 2000 is performed using a client-
server system, and the blocks of process 2000 are divided up in any manner between the server
and one or more client devices. Thus, while portions of process 2000 are described herein as
being performed by particular devices of a client-server system, it will be appreciated that
process 2000 is not so limited.  In other examples, process 2000 is performed using only a client
device or only multiple client devices. ¥n process 2000, some blocks are, optionally, combined,
the order of some blocks is, optionally, changed, and some blocks are, optionally, omitted. In
some examples, additional steps may be performed in combination with the process 2000,
Accordingly, the operations as illustrated {and described in greater detail below) are exemplary

by nature and, as such, should not be viewed as limiting.

10392} At block 2002, an exemplary system (e g, one or more electronic devices) may be
configured to receive covariant information of a covariate class obtained from a group of clinical
subjects. In some embodiments, the covariate class comprises demographic information, clinical
covariates, or genomic data. At block 2004, the system may be configured to receive a plurality

of baseline images and a plurahity of follow-up images from the group of clinical subjects.

{6393} The data obtained in blocks 2002 and 2004 can be data of subjects in the same treatment
group. The treatment group can be identified, for example, as described herein with reference to
FIGS. 16-19 and 23. With reference to FIG. 21, the system can receive image data 2102 for
subject 1, image data 2104 for subject 2, . . ., and image data 2106 for subject N. Subjects 1-N
may belong to the same treatment group that receives the same treatment. In some
erabodiments, the treatmuent group has received the treatment of 1uterest identified, for example,
as described herein with reference to FIGS. 16-19 and 23 (e.g., treatrent A if the correlation

metric 1732 meets a predefined threshold).

[{8394] At block 2006, the systern may be configured to obtain a plurality of progression

emnbeddings based on the plurality of baseline images and the plurality of follow-up 1mages. As
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shown i FIG. 21, the system may obtain progression embeddings 2112, 2114, . .., and 2116
Generation of progression embeddings are described herein, for example, with reference to

FIGS. 18A-C. In some embodiments, obtaining the plurahity of progression embeddings based on
the plurality of baseline images and the plurality of follow-up images comprises: inputting the
plurality of baseline images into a trained unsupervised machmne-learning model to obtain a
plurality of baseline embeddings i a latent space; inputting the plurality of follow-up images
into the trained unsupervised machine-learning model to obtain a plurality of follow-up
embeddings in the latent space; inputting the plurality of baseline embeddings into a trained
linear model to obtain a plurality of predicted follow-up embeddings in the latent space;
determining the plurality of progression embeddings by calculating differences between the

plurality of follow-up embeddings and the plurality of predicted follow-up embeddings.
[0395] In some embodiments, the unsupervised machine-learning model is a contrastive model.
{0356} In some embodiments, the contrastive model is a SimCLR model.

{03971 In some embodiments, the trained linear model is configured to receive a baseline

embedding and cutput a predicted follow-up embedding.
{0398] In some embodiments, the trained linear model 1s a linear mixed model.

{3399] Atblock 2008, the systern may be configured to input the plurality of progression
embeddings mte a traned classification model to obtain a plurality of classification resulis
mdicative of DRP values of the group of chinical subjects. As shown in FIG. 21, each
progression embedding can be inputied into a DRP classificaiion model 2120, For example,
progression embedding 2112, generated based on image data 2102, can be input into DRP
classification model 2120 to obtain the DRP value for subject 1; progression embedding 2114,
generated based on image data 2104, can be input into DRP classification model 2120 to obtain
the DRP value for subject 2; and progression embedding 2116, generated based on umage data
2106, can be mput into DRP classification model 2120 to obtam the DRP value for a given
subject of subjects 1-MN. In some embodiments, the trained classification model is configured to
recetve an input progression embedding and determine whether a patient has recetved the

placebo or the treatment. The classification model can be the same or similar to trained machine
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learning model 1850 in FIGS. 18B-C. Thus, the system imputes drug response phenotype (DRF)
as the predictions from a model! from progression embeddings to the treatment {placebo vs drug).
This impwtation can be performed in other clinical trial datasets as long as the progression

embeddings are available.

10408} At block 2010, the system may be configured to determine, based on the covariant
mformation for the group of clinical subjects, the plurality of classification results, and one or
more linear regression models, an association between each candidate covariant of a phurality of
candidate covariants and the DRP values {e.g., DRP values 2122-1 — 2122-N} to identity the
covariant of interest. In other words, the system may identify significant associations between
DRP and molecular data {expression and genetics). Association with expression identifies genes
that could not be detected in a placebo-vs-drug differential expression analysis. In some cases,
the analysis of the DRP can wdentify a correlated set of genes as case control of the true placebo-
vs-drug differential expression analysis. In some cases, the analysis of DRP can identify a larger

set of genes due to the analysis of a larger cohort, which can help interpret correlates of the DRP.

{0401} In some embodiments, identifving the covariant of interest comprises generating a
covanant-specific model 2130, for each candidate covariant of the plurality of candidate
covariants, based on the DRP values and the covariant information of the group of chinical
subjects. In some embodiments, some or ali of covariant-specific models 2130 can be a linear
muixed model simiar to those described herein. The system can generate covarant-specific
models {e.g., 100,000 models, T mullion models, 10 nullion models) for all candidate covarants
{e.g., 100,000 candidates, T million candidates, 10 mullion candidates). FEach model can be
evaluated to determine if there 1s a significant association between each candidate covarant and

the DRP to identify one or more covariants of interest.

[1462] In some emboduments, the system can determine a correlation roetric based on the model.
The correlation metric indicates whether the candidate covariant and the DRP values are
signiticantly associated. In some embodiments, the correlation metric 1s a P value. In some
embodiments, the correlation metric may be compared against a predefined threshold to

determune if the candidate covariant 1s the covartant of interest.
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{0403} In some embodiments, the plurality of candidate covanants comprises a plurality of
candidate missense variants. In an exemplary implementation, a progression GWAS of the
ACC1+FXRa DRP in a clinical trial was performed, focusing on 27,270 missense vanants

{MAF>1%). The analysis can identify mussense loci genes.

{0404} In some embodiments, the plurality of candidate covariants comprises a plurality of
candidate genes. In an exemplary implementation, association between expression and DRP in

various chinical trials identified thousands of associated genes, as shown in FIG. 27.

{0405} In some embodiments, the identified covariant of mierest can be used to diagnose a
disease of interest in a new subject In some embodiments, a treatment may be developed based

on the identified covariant of interest.

{0406] In some embodiments, the treatment may be admunistered, adjusted, and/or applied based

on the ideniified covariant of interest.

{0407} In some embodiments, a medical recommendation may be provided {or solicited) based

on the 1dentified covariant of interest,

{0408] In some embodiments, a biclogical target may be identified based on the identified

covariant of interest.
{0409} In some embodiments, the plurahity of medical images include biopsy images.

[0418] v an exemplary implementation, two clinical trials have been conducted. The smaller
climical trial obtams baseling and follow-up liver biopsy tmaging data and pathologist-assigned
scores assoctated with the imaging data. In particular, the smaller chinical trial 15 8 NASH Ph2
trial with around 380 samples, and liver biopsy imaging data are obtained at baseline and 48
weeks follow-up. The larger clinical tral obtains aligned baseline and follow-up biver biopsy
imaging data and associated pathologist scores. In particular, the larger clinical tnial comprises
two NASH Ph3 tnials with around 1,600 samples, and liver biopsy imaging data are obtained at

baseline and 48 weeks follow-up.

{0411} As described above, for each treatment arm, the system may be configured to tramn a

treatment-specific model (e g., DRP classification model 1730} to classify patienis from the
2 g . Yy p
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placebo and treatment arm from progression embeddings in the small trial. The prediciions from
this model provide a measure for each patient of the Drug Response histological Phenotype
{DRP}) at foliow-up. In some embodiments, the iput of the classification model is a progression
embedding. The output of the classification model 15 a binary indicator for whether each patient
is in the treatment or placebo group. The DRP classification can be configured in a similar

manner to embedding-score prediction model 312 in FIG. 3A.

10412} In some embodiments, the system may be configured to use the trained DRP
classification model to predict the DRP values in the large trials. The system can then use the
bigger trial to analyze DRP together with other data layers to address specific questions, as

demonstrated by two examples below.

10413} In one example, the system analyzes DRP and gene expression in the large clinical trial to
identify genes and pathways associated with the treatment. First, the system tesis for
associations between the DRP values and gene expression using a linear model association
procedure described with respect to model 316 1n FIG. 3B. For example, the system can fita
gene-specific model that receives a gene value and outputs a DRP value. A P value can be
determined for the model. The system then performs pathway enrichment analysis using existing
approaches {e.g, GSEA, which takes as input a gene list ranked by P value from association with
DRP from the previous step and pathway annotation from external sources {e.g., gene

ontology}). In an exemplary tuplementation, this procedure vields correlated association
statistics to a direct differential expression analysis between treatment and placebo arms.
Additionally, a much larger set of genes are identified as significantly associated with the DRP n

the large study than are associated with the treatment-placebo differential expression analysis.

[0414] Tn some embodiments, gene expression may be imputed. For example, a machine
fearning model, such as a trained linear regression model, may be fit to image embeddings of a
biological sample. The machine learning model may be trained to predict tissue RNA-sequence
measurements based on imaging embeddings of patient tissue samples from a chnucal trial. Tn
some embaodiments, the same or similar machine learning model (e.g., the same or sumilar linear
regression model} may be apphied to imaging embeddings of patient tissue samples from another

chnical trial. For example, the imaging embeddings of the patients from the other clinical trial
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may not have associated RNA-sequence data. An association between the predicted RNA-
sequence measurements and covariates of interest, such as a treatment, may be assessed o help

interpret correlates of a covariate.

{0415 In another example, the system performs genetic analysis of the DRP to identify
candidate target genes that affect the same histological phenotype affected by the drug {thus
likely affecting the same pathways). Specifically, the system tests for associations between the
DRP and missense varants using the linear model association procedure described with respect
to model 316 in FIG. 3B, and controlling for age, sex, genotype PCs, and treatment group as
covariates. For example, the variant-specific model is configured to receive a missense variant
value and output a DRY value. This analysis can identify a missense variant in a gene associated
with the DRP. In some cases, the association can be significant after multiple hypothesis testing

correction.

{0416} FIG 22 illustrates an exemplary method of evaluating a treatment with respect to
progression of a disease of interest, in accordance with some embodiments. In FIG. 22, the
disease progression 18 quantified by continuous medical diagnosis scores. In exemplary
mplementations, we analyze disease progression by performing association tests between
covariates of interest and progression scores, controlling for both discrete and continuous
baseline disease scores in addition to other relevant covariates. The continuous scores enable a
more precise definttion of disease progression, for example, with respect to, empowering
fongitudinal expression analysis {e.g., FIG. 26A), genetic association studies {e.g., FIG. 268},
and association studies of treatment responses. In these examples, we find that analysis of the
continuous disease scores frequently recapitulates associations identified through the analysis of
discrete pathologist-assigned disease scores and identifies additional associations that are not

identitied with the pathologist scores.

[0417] This procedure retrieves drug effects on continuous scores that could not be detected

using pathologist-assigned, discrete scores. Process 2200 15 performed, for example, using one
or more electronie devices naplementing a software platform. In some examples, process 2200
is performed using a client-server system, and the blocks of process 2200 are divided up 1 any

manner between the server and one or more chient devices. Thus, while portions of process 2200
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are described herein as being performed by particular devices of a clignt-server system, it will be
appreciated that process 2200 1s not so limited. In other examples, process 2200 is performed
using only a chient device or only multiple client devices. In process 2200, some blocks are,
optionally, combined, the order of some blocks is, optionally, changed, and some blocks are,
optionally, omitted. In some examples, additional steps may be performed in combination with
the process 2200, Accordingly, the operations as illustrated {and described in greater detail

below} are exemplary by nature and, as such, should not be viewed as limiting,

{0418] Atblock 2202, an exemplary system {e.g., one or more electronic devices) may be
configured to obtain medical images comprising: {a) a plurality of baseline placebo images of a
placebo group of subjects captured before a placebo s administered to the placebo group, (b a
plurality of follow-up placebo images of the placebo group of subjects captured after the placebo
is administered to the placebo group, (¢} a plurality of baseline treatment images of a treatment
group of subjects captured before the treatment is administered to the treatment group, and {d} a
plurality of follow-up treatment images of the treatment group of subjects captured after the
treatment is administered to the treatment group. With reference to FIG. 23, the system obtains
baseline placebo images 2302, follow-up placebo images 2304, baseline treatment images 2306,

and foliow-up treatment tmages 2308,

{0419] At block 2204, the systermn may be configured to input the medical images into a trained
unsupervised roachine-learning model to obtain a plurality of embeddings, each embedding
corresponding 1o a phenotypic state relative to the disease of interest reflected in one or more of
the medical images. In some embodiments, inputting the medical images into a trained
unsupervised machine-learning model to obtain the plurality of embeddings comprises: inputting
{a) a plurality of baseline placebo unages of a placebo group of subjects captured before a
placebo 15 administered to the placebo group nto the trained unsupervised roachine-learning
model to obtain a plurality of baseline placebo embeddings; mputting (b} a plurality of follow-up
placebo mages of the placebo group of subjects captured after the placebo is administered to the
placebo group into the trained unsupervised machine-learning model to obtain a plurality of
follow-up placebo embeddings; mputting (¢) a plurality of baseline treatment images of a
treatment group of subjects captured before the treatment 1s admimstered fo the treatment group

into a trained unsupervised machine-learning model to obtain a plurality of baseline treatment
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embeddings; inputting (d} a plurality of follow-up treatment images of the treatment group of
subjects captured after the treatment 1s administered (o the treatment group nto the trained

unsupervised machine-learning model to obtain a plurality of follow-up reatment embeddings.

{0428] With reference to FIG. 23, the system may be configured to input: baseline placebo
images 2302 to obtain baseline placebo embeddings 2312, follow-up placebo images 2304 o
obtain follow-up placebo embeddings 2314, baseline treatment images 2306 to obtain baseline
treatment embeddings 2316, and follow-up treatment images 2308 to obtain follow-up treatment
embeddings 2318, The unsupervised machine-learning model used to generate the embeddings
can be similar to the model described with reference to FIGS. 4A and 48, Insome
embodiments, the unsupervised machine-learning model is a contrastive model. In some

embodiments, the contrastive model 1s a SimCLR model.

{04213 At block 2206, the system may be configured to input the plurality of embeddings into a
trained linear regression model to obtain a plurality of predicted continuous medical diagnosis
scores, each predicted continuous medical diagnosis score may indicate a state of the disease of
mnterest. In some embodiments, inputting the plurality of embeddings into the trained linear
regression model comprises: mputting the plurality of baseline placebo embeddings mto the
trained linear model to obtain a plurality of baseline placebo scores 2322; inputting the plurality
of follow-up placebo embeddings into the trained linear model to obtain a plurality of follow-up
placebo scores 2324; inputting the plurality of baseline treatment embeddings wto the trained
linear model to obtain a plurality of baseline treatrent scores 2326; and inputting the plurality of
follow-up treatment erobeddings into the trained linear model to obtain a plurality of follow-up

treatment scores 2328,

[0422] Tn some embodiments, the hnear regression model s a linear mixed model similar to the
embedding-score prediction model 312 described with reference to FIG. 3A. Insome
embodiments, the linear regression model is it based on a plurality of assigned medical
diagnosis scores. In some embodiments, the plurality of assigned medical diagnosis scores are
provided by one or roore medical practitioners. Tn some embodiments, each assigned medical
diagnosis score of the plurality of assigned medical diagnosis scores 13 selected from a set of

predefived values. In some embodimuents, the plurality of predicted medical diagoosis scores 15 a
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plurality of predicted fibrosis scores, a plurality of predicted lobular inflammation scores, or a

plurality of predicted steatosis scores.

10423} At block 2208, the system determines a plurality of placebo progression scores 2332 and
a plurality of treatment progression scores 2334 based on the predicted continuous medical
diagnosis scores. In some embodiments, determining placebo progression scores 2332 and
treatment progression scores 2334 comprises: deternuning differences between baseline placebo
scores 2322 and follow-up placebo scores 2324 to determine placebo progression scores 2332;
and determining differences between baseline treatment scores 2326 and follow-up treatment
scores 2328 to determine treatment progression scores 2334, For example, for a patient in the
placebo group, the placebo progression score is the difference between the patient’s baseline
placebo score and follow-up placebo score. For example, for a patient in the treatment group,
the treatment progression score is the difference between the patient’s baseline treatment score

and follow-up treatment score.

{0424} In some embodiments, determining the plurality of placebo progression scores and the
plurality of treatment progression scores comprises: determining, for each subject in the placebo
eroup, a slope of a linear model fitted at least based on a baseline placebo score and a follow-up
placebo score of the subject in the placebo group; and determining, for each subject in the
treatment group, a slope of a linear model fitted at least based on a baseline placebo score and a
follow-up placebo score of the subject in the treatment group. For example, for a patient, the
systera can obtain the patient’s medical diagnosis scores over time (including the baseline score
and the follow-up score) and fit a linear model configured to receive a dosage {or time of
treatment) and predict a medical diagnosis score. The progression score for the patient can be

the slope of the linear model.

[6425] Atblock 2210, the systern may be configured to associate the plurality of placebo
progression scores and the plurality of treatment progression scores with the treatment; and
deterraine, based on the association, a correlation metric between the plurality of disease
progression scores and the treatment. Tn some embodiments, associating the plurality of placebo
progression scores and the plurality of treatment progression scores with the treatment comprises

generating a model configured to receive an indication of whether a patient received the
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treatment and cutput a predicted disease progression score. As shown in FIG. 23, the system
may be configured to generate the model 2340 and calculaie a correlation metric 2342, In some

embodiments, the model is a linear mixed model as described herein.

{0426] In some embodiments, the correlation metric is a P value of the model. The correlation
metric indicates whether there is a significant association between the treatment and the

progression of the disease.

18427} In some embodiments, further association testing 2344 for a given treatment may be
performed. For example, the correlation metric may be compared with a predefined threshold. In
some embodiments, an association between the treatment and the disease of interest may be
identified based on the comparison. In some embodiments, the system may be further
configured to prescribe the treatment in a new subject based on the association. For example, if
the treatment and the progression of the disease of interest are significanily associated, the same
treatment can be prescribed to the new subject having the disease. As another example, if the
treatment and the progression of the disease of interest are not significantly associated, the same

treatment would not be prescribed to the new subject having the disease.

{0428] In some embodiments, the system may be further configured to administer the treatment
based on the association. For example, if the treatment and the progression of the disease of
mterest are significantly associated, the same treatment can be administered to the new subject
having the disease. As another example, if the treatment and the progression of the disease of
mterest are not significantly associated, the same treatment would not be administered to the new

subject having the disease.

{0429 In some embodiments, the system may be further configured to adjust the treatment based
on the association. For example, if the treatment and the progression of the disease of interest
are significantly associated, the treatment may be increased. As another example, if the
treatment and the progression of the disease of interest are not significantly associated, the

treatment may be reduced or stopped.

{0438} In some embodiments, a medical recommendation may be provided based on the

association. In some embodiments, if the treatment and the progression of the disease of interest
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are significantly associated, the system can further study the treatment, for example, as described
m FIG. 21, In some embodiments, the disease of interest 1s non-alcoholic steatohepatitis

(NASH).

{0431 FIG. 24 illusirates an exemplary method of identifying a patient subgroup of interest, in
accordance with some embodiments. The systemy may be configured to obtain embeddings from
patient image data and identify clusters of embeddings as subgroups of patients. Significant
associations between the patient cluster identity and disease biomarkers, genetic vanants and
expression levels are retrieved from an association test. This procedure retrieves patient
segments and associated clinical labels and molecular drivers that help to characterize each

patient segment.

10432} Process 2400 is performed, for example, using one or more electronic devices
mmplementing a software platform. In some examples, process 2400 is performed using a client-
server system, and the blocks of process 2400 are divided up in any manner between the server
and one or more client devices. Thus, while portions of process 2400 are described herein as
being performed by particular devices of a client-server system, it will be appreciated that
process 2400 is not so limuted. In other examples, process 2400 is performed using only a client
device or only multiple client devices. In process 2400, some blocks are, optionally, combined,
the order of some blocks 15, optionally, changed, and some blocks are, optionally, omitted. In
some exaraples, additional steps may be performed in combination with the process 2400,
Accordingly, the operations as tlustrated (and described in greater detail below) are exeroplary

by nature and, as such, should not be viewed as limiting,

{3433} Atblock 2402, the system may be configured to input a plurality of medical images
obtained from a group of chinical subjects imto a trained unsupervised machine-learning model to
obtain a plurality of embeddings in a latent space. At block 2404, the system may be configured
to cluster the plurality of embeddings to generate one or more clusters of embeddings. At block
2406, the system may be configured to wentify the one or more patient subgroups corresponding

to the one or more clusters of embeddings.

{1434] At block 2408, the systero may be configured to associate each patient subgroup of the

one or more patient subgroups with a covariant to wdentify the patient subgroup of interest.
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Specifically, the system can perform two types of analyses. First, the system can characterize
each patient subgroup by determining if there 15 a significant association between the patient
subgroup and a covariant {e.g., disease biomarkers, genetic variants and expression levels) from
an association test. This way, the system can obtain, for an identified patient subgroup, the
associated clinical labels and molecular drivers that characterize the patient subgroup. In some
embodiments, the association test involves generating a model that receives an input indicative
of whether a patient belongs to the patient subgroup {e.g., 0 if the patient does not belong and 1 f
the patient belongs to the subgroup} and outputs a covariant value. Second, the system can
characterize effects of covariants (e g., treatment or genotype} within each patient subgroups.
For example, the system can perform analyses (e g., genetic association studies and association
between treatment and clinical progression) only considering patients within a subgroup. The

association test involves generating a model using only data of patients within the subgroup.
{0435} In some embodiments, the unsupervised machine-learning model is a contrastive model.
{4436} In some embodiments, the contrastive medel 15 a SimCLR model.

{0437} In some embodiments, the covariant is a treatment of interest and wherein the patient

subgroup of interest 18 a subgroup that the treatment of interest has a significant impact on.

{0438} In some embodiments, associating each patient subgroup of the one or more patient
subgroups with the covariant comprises: generating, for a patient subgroup, a model configured
to recetve an indication of whether a patient in the patient subgroup received the treatment of
mterest and output a predicted disease progression; and evaluating the model to determine if the

patient subgroup is the patient subgroup of interest.

{0439 In some embodiments, evaluating the model comprises determining a correlation metric

of the model and comparing the correlation metric against a predefined threshold.
{84401 In some embodiments, the correlation metric is a PP value.

[0441] In some embodiments, the generated model 13 trained by disease progression values of

subjects in the patient subgroup.
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{8442} In some embodiments, the disease progression values comprise medical diagnosis scores

of the subjects in the patient subgroup.

10443} In some embodiments, the disease progression values comprise progression scores of the

subjects in the patient subgroup.

{0444} In some embodiments, the disease progression values comprise DRP values of the

subjects in the patient subgroup.

[0445] In some embodiments, the covariant is a progression of a disease of interest and wherein
the patient subgroup of interest 13 a subgroup that has a significant assoctation with the

progression of the disease of interest.

{0446] In some embodiments, associating each patient subgroup of the one or more patient
subgroups with the covartant comprises: generating, for a patient subgroup, a model configared
to recetve an indication of whether a patient belongs to the patient subgroup and output a
predicted disease progression; and evaluating the model to determme if the patient subgroup 1s

the patient subgroup of interest.

{0447] In some embodiments, evaluating the model comprises deternuning a correlation metric

of the model and comparing the correfation metric agamnst a predefined threshold.
{0448] In some embodiments, the cosrelation metric 18 a P value,

[0449] v some embodiments, the generated model 13 trained by disease progression values of

the group of clinic subjects.

[0438] Tn some embodiments, the disease progression values comprise medical diagnosis scores
of the subjects in the patient subgroup, progression scores of the subjects in the patient subgroup,

or DRP values of the subjects 1n the patient subgroup.

{1451} In some embodiments, the covariant 1s an adverse side effect and wherein the patient
subgroup of interest 18 a subgroup that has a significant association with the adverse side effect.
Tn some embodiments, associating each patient subgroup of the one or more patient subgroups

with the covariant comprises: generating, for a patient subgroup, a model configured to receive
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an indication of whether a patient in the patient subgroup belongs to the patient subgroup and
predict if the patient has the adverse side effect; and evaluating the model to determine if the

patient subgroup 1s the patient subgroup of mterest.

{04521 In some embodiments, the covariant is an adverse side effect and wherein the patient
subgroup of interest is a subgroup that has a significant association with experiencing the adverse
side effect after a treatment. In some embodiments, associating each patient subgroup of the one
or more patient subgroups with the covariant comprises: generating, for a patient subgroup, a
model configured to receive an indication of whether a patient in the patient subgroup has
received at treatment and predict if the patient has the adverse side effect; and evaluating the

model to determine if the patient subgroup is the patient subgroup of interest.

18453} In some embodiments, evaluating the model comprises determining a correlation metric

of the model and comparing the correlation metric against a predefined threshold.
{0454] In some embodiments, the cosrelation metric is a P value.

{0458] In an exemplary implementation, the system may be configured to identify clinically
relevant patient segmenis to increase efficacy and reduce ASE. First, the system may obtain
biopsy embeddings from (some or all) H&E-stained liver biopsy images through the
unsupervised learning procedure. The system may then perform an unsupervised analysis of
baseline biopsy embeddings to identify clusters of patients based on biopsy embedding
similarities. For each cluster, the system may determine or obtain a binary indicator vector
across patients to indicate whether the patient is in the cluster or not. This binary phenotype can

be used in downstream analyses.

{0456] The system may further be configured to assess an association with disease progression
of different clusters, for example by using the linear model testing procedure described with
respect to model 316 in FIG. 3B to test for association between cluster identity and the clinical
trial endpoint. For example, the system may fit a cluster-specific model that receives a cluster
binary indicator {patient in cluster coded as 1, not in cluster coded as 0) and outputs a clinical

score or end point {e.g., disease progression).
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{04587} The system can also assess treatment efficacy within different clusters of patients, for
example by using the linear model testing procedure described with respect to model 316 1n FIG.
3B to test for association between ireatment and the clinical endpoint considering only patignis in
a given cluster. For example, the system can fit a cluster-specific model that receives a binary
indicator for treatment vs placebo and outputs a clinical endpoint (e g. fibrosis progression). The

analysis may then be restricted to patients within a specific cluster,

{0458} The system can also assess adverse side effects associated with different clusters {(for
example by using the linear model testing procedure described with respect to model 316 1 FIG
3B to test for association between cluster identity and adverse side effect covariates. For
example, the system may it a cluster-specific model that receives a binary indicator {e.g., patient
in cluster coded as 1, not in cluster coded as 0) and output a side effect or adverse event. For
example, the system may restrict the analysis to patients receiving a specific treatment, and the
analyzed output could be whether the patient drops from the clinical trial due to an adverse event
{as binary indicator). This would enable identification of patients that are more likely to have

adverse side effects from a treatment.

{0459} If a specific cluster is associated with progression, the system can then identify genetic
and phenotypic biomarkers of that cluster (for example by using the linear model testing
procedure described with respect to model 316 in FIG. 3B to test for association between cluster
identity and genetics, expression, lab values, etc.). For example, the system fits a model that
receives a cluster binary indicator {e.g., patient in cluster coded as 1, not in cluster coded as 0)
and outputs a clinical score or end point {e.g., disease progression). The chinical end point can be
quantified as a progression score or the chinical endpoint monttored 1n the chincal trial (e g,

whether patients have a hugher or lower fibrosis score based on pathologist assessment),

{460} In some embodiments, the techuiques described herein can be based on expression data
rather than biopsy embeddings. For example, the system may be tested for associations between
baseline expression levels and disease progression in patients using the linear model testing
procedure described with reference to model 316 10 FIG. 3B, For example, a linear mixed model
can be generated to receive a baseline expression level as the mput and output a disease

progression prediction. This procedure, as an example, may identify 130 genes significantly
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associated with progression. In this example, Leiden clustering may be performed using scanpy
of patients based on expression of the 130 progression genes {(after regressing out fibrosis

baseline state and clinical trial indicator).

{0461 The system assessed association with disease progression of different clusters by using
the hinear model testing procedure described with reference to model 316 1n FIG. 3B to test for
association between cluster identity and disease progression. For example, a linear mixed model
can be generated o receive a cluster identity {e.g., whether the patient belongs to the cluster) as
the mput and cutput a disease progression prediction. In the example, the analysis identified two

clusters associated with progression and one with regression.

{8462} For each gene, the system may be configured to fit a linear regression model that
receives, as input, a baseline state and a clinical tnal indicator, and outputs its expression. The
system may subtract the contributions from baseline state and clinical trial indicator estimated
through the linear model from original expression values. As seen with respect to FIG. 25, the
example analysis revealed three patient clusters. The two progression clusters correspond to
different gene expression signatures. In other words, in the example of FIG. 25, after the system
clusters patients based on the baseline expression levels of genes associated with progression,
three groups are observed. Of these, two groups of patients tended to progress, however these
eroups have different gene signatures at baseline. This heterogeneity may indicate a
fundamental difference between these groups of patients. In other words, these groups of

patients may respond differently to specific treatments, genetic drivers may be ditferent, ete.

10463} The system assessed a search performed for expression biomarkers associated with the
different clusters by using the linear model testing procedure described with reference to model
316 m FIG. 3B to test for association between cluster identity and expression values. For
example, a linear roixed model can be generated to receive a cluster identity (e.g., whether the
patient 15 1n the cluster) as the input and output an expression value. Thus analysis sets of around

10 expression biomarkers associated with each of the clusters.

[0464] In some embodiments, mage-based biomarkers may be developed. For instance,
predictive images may be visualized for a condition of interest. For example, the condition of

mterest may refer to a high or low disease score, a genetic sequence versus another genetic
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sequence, and the like. A hypothesis of associated imaging features may be generated based ona
visualization of the predictive images. For example, cell features in a cell may appear to be
different in a sample in the condition of interest as opposed to one not in the condition of
mterest. A model may be generated that is specifically designed to measure the associated
feature(s), which may be image-based biomarkers. The model may then be evaluated with new

data and potentially used as a new image-based biomarker.

10465] FIG. 28 iliustrates a comparison of z-scores, in accordance with some embodiments. In
some embodiments, FIG. 28 illustrates a comparison of z-scores of an analysis of treatment vs.
placebo in a small trial versus an analysis of tmputed DRP in a large trial. FIG. 28 may illustrate
that the analysis of DRP can identify genes that are correlated with those identified with an
analysis of true treatment effect 1n small samples. Furthermore, FIG. 28 may demonstrate that
the aforementioned technique is better powered. Sull further, this approach may enable an
analysis of treatment as it correlates in a study that did not have the covariate of interest

measured.

{0466} FIG. 29 illustrates an example of a computing device in accordance with one
embodiment. Device 2900 can be a host computer connected te a network. Device 2900 can be a
client computer or a server. As shown in FIG. 29, device 2900 can be any suitable type of
microprocessor-based device, such as a personal computer, workstation, server or handheld
computing device {portable electronic device) such as a phone or tablet. The device can include,
for example, one or more of processor 2910, mput device 2920, output device 2930, storage
2940, and commurucation device 2960, Input device 2920 and output device 2930 can generally
correspoud to those described above, and can erther be connectable or integrated with the

computer.

{34671 Input device 2920 can be any suitable device that provides nput, such as a touch screen,
keyboard or keypad, mouse, or voice-recogmition device. Gutput device 2930 can be any

suitable device that provides output, such as a touch screen, haptics device, or speaker.

[0468] Storage 2940 can be any suitable device that provides storage, such as an electrical,
magnetic or optical memory including a RAM, cache, hard drive, or removable storage disk.

Communication device 2960 can include any suitable device capable of transmitting and
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receiving signals over a network, such as a network interface chip or device. The components of

the computer can be connected in any suitable manner, such as via a physical bus or wirelessly.

10469 Software 2950, which can be stored in storage 2940 and executed by processor 2910, can
mclude, for example, the programming that embodies the functionality of the present disclosure

{e.g., as embodied in the devices as described above).

{04708} Software 2950 can also be siored and/or transported within any non-transitory computer-
readable storage mediom for use by or 1n connection with an instruction execution system,
apparatus, or device, such as those described above, that can fetch instructions associated with
the software from the instruction execution system, apparatus, or device and execute the
mstructions. In the context of this disclosure, a computer-readable storage medium can be any
medium, such as storage 2940, that can contain or store programming for use by or in connection

with an instruction execution system, apparatus, or device.

{0471} Software 2950 can also be propagated within any transport medium for use by or in
connection with an instruction execution system, apparatus, or device, such as those described
above, that can fetch instructions associated with the software from the instruction execution
system, apparatus, or device and execute the instructions. In the context of this disclosure, a
transport medium can be any medium that can communicate, propagate or transport
programmuing for use by or in connection with an instruction execution system, apparatus, or
device. The transport readable medium can include, but 15 not limited to, an electronic,

magnetic, optical, electromagnetic or infrared wired or wireless propagation medinm.

10472} Device 2900 may be connected to a network, which can be any suitable type of
mterconnected communication system. The network can implement any suitable
communications protocol and can be secured by any suitable security protocol. The network can
comprise network links of any suttable arrangement that can implement the transnission and
reception of network signals, such as wireless network connections, T1 or T3 lines, cable

networks, DSL, or telephone lines.

{0473} Device 2900 can implement any operating sysiem suitable for operating on the network.

Software 2930 can be writien in any suitable programming language, such as C, C++, Java or
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Python. In various embodiments, application software embodying the functionality of the present
disclosure can be deployed in different configuraiions, such as in a client/server arrangement or

through a Web browser as a Web-based application or Web service, for example.

{04741 Although the disclosure and examples have been fully described with reference to the
accompanying figures, 1t 1s to be noted that various changes and modifications will become
apparent to those skilled in the art. Such changes and modifications are to be understood as

being inchuded within the scope of the disclosure and examples as defined by the claims.

{0475} The foregoing description, for purposes of explanation, has been descrnibed with reference
to specific embodiments. However, the illusirative discussions above are not intended to be
exhaustive or to limit the invention to the precise forms disclosed. Many modifications and
varnations are possible m view of the above teachings. The embodiments were chosen and
described in order to best explain the principies of the techniques and their practical applications.
Others skilled in the art are thereby enabled to best utilize the techniques and various

embodiments with various modifications as are suited to the particular use contemplated.

{0476] The present techniques will be better understood with reference to the following

enumerated embodiments:

1. A method of identifying a covarnant of inferest with respect to a phenotype, comprising:
recelving covariant information of a covariate class and corresponding phenotypic data related to
the phenotype obtained from a group of clinical subjects; inputiing the phenotypic data into a
trained unsupervised machine-learning model to obtain a plurality of embeddings in a latent
space, each embedding corresponding to a phenotypic state reflected in the phenotypic data; and
determining, based on {1) the covariant information for the group of chinical subjects, (1) the
plurality of embeddings, and {111} one or more machine learning models, an association between

each of a plurality of candidate covariants and the phenotype to identify the covariant of mterest.

2. The method of embodiment 1, wherein the one or more machine learning models comprise a

finear regression model.

3. The method of any one of embodimenis 1-2, wherein the one or more machine learning

models include the trained unsupervised machine-learning model.
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4. The method of any one of embodiments 1-3, wherein the phenotype comprises a disease of

mterest, a gene expression, metabolomics, proteomics, or lipidomics.

5. The method of any of embodiments 1-4, wherein the phenotypic data comprises medical

imaging data, biopsy data, clinical biomarker data, or genomic biomarker date.

6. The method of any of embodiments 1-5, wherein the covariate class comprises demographic

mformation, clinical covariates, or genomic data.

7. The method of any of embodiments 1-6, wherein determining the association between each
candidate covariant and the phenotype comprises: inputting each embedding of the plurality of
embeddings into a linear regression model to receive a predicted continuous score for each
embedding of the plurality of embeddings to obtain a plurality of predicted continuous scores;
associating the plurality of predicted continuous scores with a candidate covariant expressed by
the group of clinical subjects; and determining, based on the association, a correlation metric
between the phenotype and the candidate covariant, the correlation metric indicative of an impact

of the candidate covariant on the phenotype.

8. The method of any of embodiments 1-6, wherein determining the association between the
candidate covariant and the phenotype comprises: associating the plurality of embeddings with
each candidate covariant of the plurality of candidate covariants to identify a subset of the
plurality of candidate covariants; and associating each candidate covariant in the subset with the

phenotype to identify the covariant of interest.

9. The method of any of embodiments 1-8, further comprising: generating, based on the
covariant of 1nterest, a plurality of predicted images depicting the phenotype; and displaying, on

a display, the plurality of predicted images.
10, The method of embodiment 9, further comprising: ranking the plurality of predicted images.

11, The method of embodiment 10, wherein the plurality of predicted images are displayed

based on the ranking,

12. The method of any of embodiments 1-11, further comprising: identifying a relationship

between the covanant of interest and the phenotype.

13. The method of embodiment 12, wherein the relationship is a causal relationship.
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14, The method of any of embodiments 12-13, further comprising: providing a diagnosis in a

new subject based on the relationship.

15. The method of any of embodiments 12-14, further comprising: developing a ireatment based

on the relationship.

16. The method of any of embodiments 12-135, further comprising: adminstering, adjusting, or

applving a treatment based on the relationship.

17. The method of any of embodiments 12-16, further comprising: providing a medical

recommendation based on the relationship.

18. The method of any of embodiments 12-17, further comprising: identifving a biological target
for treating a disease of interest based on the relationship, wherein the phenotype comprises the

disease of interest.

19. The method of embodiment 18, wherein the disease of interest is non-alcoholic

steatohepatitis (NASH).

20. A method of identifying at least one genetic variant of interest with respect to a disease of
interest, comprising: inputting a plurality of medical images obtained from a group of chnical
subjects into a trained unsupervised machine-learning model to obtain a plurality of embeddings
in a latent space, each embedding corresponding to a phenotypic state relative to the disease of
mterest reflected in one or more of the plurality of medical images; inputting each embedding of
the plurality of embeddings into a trained machine learning model to receive a predicted
continuous medical diagnosis score for each embedding of the plurality of embeddings to obtain
a plurality of predicted medical diagnoesis scores, each predicted continuous medical diagnosis
score indicative of a state of the disease of interest; associating the plurality of predicted medical
diagnosis scores with each candidate genetic variant of a plurality of candidate genetic variants
expressed by the group of chinical subjects from whom the plurality of medical images was
taken; and determining, based ou the association, a correlation metric between the disease of
interest and each candidate genetic varant to wdentify the at least one genetic vanant of interest
from the plurality of candidate genetic variants, the correlation metric indicative of an impact of

each candidate genetic variant on the disease of interest.
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21. The method of embodiment 20, further comprising: comparing the correlation metric with a

predefined threshold.

22. The method of embodiment 21, further comprising: identifying, based on the comparison, a

relationship between each candidate genetic variant of interest and the disease of interest.
23. The method of embodiment 22, wherein the relationship is a causal relationship.

24, The method of any of embodiments 22-23, further comprising: diagnosing the disease of

interest in a new subject based on the relationship.

25. The method of any of embodiments 22-24, further comprising: developing a treatment based

on the relationship.

26, The method of any of embodiments 22-25, further comprising: adnunistering, adjusting, or

applying a treatment based on the relationship.

27. The method of any of embodiments 22-26, further comprising: providing a medical

recommendation based on the relationship.

28 The method of any of embodiments 22-27, further comprising: identifying a brological target
for treating the disease of interest based on the relationship.

Ny S

29. The method of any of embodiments 22-28, wherein the disease of interest is non-alcoholic

steatohepatitis (NASH).

30, The method of any of embodiments 20-29, wherein the plurality of medical images

comprises biopsy images.

31. The method of embodiment 30, wherein the biopsy images correspond to one or more

clinical trials.

32. The method of any of embodiments 20-31, further comprising: dividing a medical image of
the plurality of medical images into a plurality of image tiles; inputting each image tile of the
plurality of image tiles into the trained unsupervised machine-learning model to recetve a tile
embedding for each image tile to obtain a plurality of tile embeddings; and aggregating the

plurality of tile embeddings to obtain an embedding of the plurality of embeddings.

33. The method of embodiment 32, wherein aggregating the plurality of tile embeddings

comprises averaging the plurality of tile embeddings.
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34. The method of any of embodiments 20-33, wherein the trained unsupervised machine-

learning model 13 a contrastive model.
35, The method of embodiment 34, wherein the contrastive model is a SimCLR model.

36. The method of any of embodiments 20-34, wherein the trained unsupervised machine-

learning model is trained at least partially based on the pharality of medical images.

37. The method of any of embodiments 20-34, wherein the trained unsupervised machine-

learning model 1s fine-tuned based on the plurality of medical images.

3% The method of any one of embodiments 20-37, wherein the one or more maching leaming
models comprise a linear regression model.

39. The method of embodiment 38, wherein the linear regression model is a trained linear
regression model.

40. The method of embodiment 39, wherein the tramed linear regression model is fitted based
on the plurality of embeddings and a plurality of assigned medical diagnosis scores

corresponding to the plurality of embeddings.

41. The method of any of embodiments 20-37, wherein the one or more machine learning

models comprise a linear mixed model.

42. The method of any one of embodiments 20-41, wherein the one or more machine learning

models include the tramed unsupervised machine-learning model.

43, The method of embodiment 42, wherein the plurality of assigned medical diagnosis scores
are provided by one or more medical practitioners.
44, The method of embodiment 43, wherein each assigned medical diagnosis score of the

plurality of assigned medical diagnosis scores 18 selected from a set of predefined values.

45, The method of any of embodiments 20-44, wherein the plurality of predicted medical
diagnosis scores 1s a plurality of predicted fibrosis scores, a plurality of predicted Iobular
mflammation scores, or a plurality of predicted steatosis scores.

46, The method of any of embodiments 20-45, wherein the plurality of predicted medical

diagnosis scores comprise disease progression scores calculated as a difference between
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predicted medical diagnosis scores reflecting different measurements obtained durning a clinical
frial.

-

47. The method of any of embodiments 20-45, wherein the plurality of predicted medical
diagnosis scores comprise disease progression scores obtained as a slope determined by a hnear
model irained on predicted medical diagnosis scores reflecting different measurements obtained

for each individual during a clinical trial

48, The method of any one of embodiments 18-47, wherein the plurality of predicted medical
diagnosis scores comprise disease progression scores calculated as a difference between a
predicted follow-up score and an observed follow-up score controlling for a corresponding

baseline score.

49. The method of any of embodiments 20-48, wherein associating the plurality of predicted
medical diagnosis scores with each candidate genetic variant comprises fitting a variant-specific
model configured to receive a value indicative of the candidate genetic variant and output a

predicted medical diagnosis score.
50. The method of embodiment 49, wherein the vanant-specific model 1s a linear model.

51. The method of embodiment 49, wherein the variant-specific model s fitted based on the
plurality of predicted medical diagnosis scores and a plurality of values indicative of the

candidate genetic variant.

52. The method of any of embodiments 20-50, wherein determining the correlation metric

comprises determining a P value based on a variant-specific model.

53, A method of identifying at least one genetic variant of interest with respect to a disease of
mterest, comprising: inputting a plurality of medical images obtained from a group of chinical
subjects into a trained unsupervised machine-learning model to obtain a plurality of embeddings
m a latent space, each embedding corresponding to a phenotypic state relative to the disease of
iterest reflected i one or more of the plurality of medical images; associating the plurality of
embeddings with each candidate genetic variant of a plurality of candidate genetic variants to
identify a subset of the plurality of candidate genetic vanants, wherein the subset of the plurality
of candidate genetic variants is associated with histological features reflected in the plurality of

medical images; and associating each candidate genetic vatiant of the subset of the plurality of
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candidate genetic variants with the disease of interest to ideniify the at least one genetic variant

of interest from the subset.

54. The method of embodiment 53, further comprising: generaiing, based on the at least one
genetic variant of interest, a plurality of simulated images depicting the disease of interest; and
displaying, on a display, the plurality of simulated images.

55. The method of embodiment 54, further comprising: ranking the plurality of simulated
HNages.

56. The method of embodiment 55, wherein the plurality of simulated images are displaved
based on the ranking.

57. The method of any one of embodiments 53-56, further comprising: identifving a relationship

between the at least one genetic variant of interest and the disease of interest.
58 The method of embodiment 57, wherein the relationship i3 a causal refationship.

59. The method of any of embodiments 57-58, further comprising: diagnosing the disease of
mterest in a new subject based on the relationship.
60. The method of any of embodiments 57-59, further comprising: developing a treatment based

on the relationship.

61. The method of any of embodimenis 57-60, further comprising: administering, adjusting, or
applving a treatment based on the relationship.

62. The method of any of embeodimenis 57-61, further comprising: providing a medical
recommendation based on the relationship.

63. The method of any of embodiments 57-62, further comprising: dentifying a binlogical target
for treating the disease of interest based on the relationship.

64. The method of any of embodiments 53-63, wherein the disease of interest is non-alcoholic
steatohepatitis (NASH).

65. The method of any of embodiments 53-64, wherein the phurality of medical images

comprises biopsy images.
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66. The method of embodiment 65, wherein the biopsy images correspond to one or more

clinical trials.

67. The method of any of embodimenis 53-66, further comprising: dividing a medical image of
the plurality of medical images into a plurality of image tiles; inputting each image tile of the
plurality of image tiles into the trained unsupervised machine-learning model to receive a tile
embedding for each image tile to obtain a plurality of tile embeddings; and ageregating the

plurality of tile embeddings to obtain an embedding of the plurality of embeddings.

68 The method of embodiment 67, wherein aggregating the plurality of tile embeddings

comprises averaging the plurality of tile embeddings.

69. The method of any of embodiments 53-68, wherein the trained unsupervised machine-

learning model is a conirastive model.
70. The method of embodiment 69, wherein the contrastive model is a StmCLR model.

71. The method of any of embodiments 53-70, wherein the trained unsupervised machine-

learning model 15 trained at least partially based on the plurality of medical images.

72. The method of any of embodiments 53-70, wherein the trained unsupervised machine-
learning model is fine-tuned based on the plurality of medical images.

=t
7

73. The method of any of embodiments 53-72, wherein associating the plurality of embeddings
with each genetic variant of the plurality of candidate genetic variants to identify the subset of
the plurality of candidate genetic variants comprises: generating, for a candidate genetic variant
of the plurality of candidate genetic variants, a variant-specific model configured to recetve an
embedding and output a value of the candidate genetic variant; and evaluating the variant-

spectfic model to determune whether to include the candidate genetic variant in the subset.

74, The method of embodiment 73, wherein evaluating the vanant-specific model comprises:
calculating a correlation metric based on the variant-specific model; and comparing the

correlation metric with a predefined threshold.

75. The method of embodiment 74, wherein the correlation metric is a P value associated with

the variant-specific model.
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76. The method of any of embeodimenis 53-75, wherein associating each genetic variant of the
subset of the plurality of candidate genetic vanants with the disease of interest to identify the at
least one genetic variant of interest comprises: generating, for a genetic variant in the subset, a
variani-specific model configured to receive a value indicative of the genetic variant and output a
medical diagnosis score related to the disease of interest; and evaluating the variant-specific
model to determine whether the candidate genetic variant is the at least one genetic variant of

inierest.

77. The method of embodiment 76, wherein evaluating the variant-specific model comprises:
calculating a correlation meiric based on the variant-specific model; and comparing the

correlation metric with a predefined threshold.

78. The method of embodiment 77, wherein the correlation metric is a P value associated with

the variani-specific model.

79, A method of evaluating a treatment with respect to progression of a disease of interest,
comprising: obtaining a plurality of baseline placebo medical images of a placebo group of
subjects captured before a placebo is administered to the placebo group of subjects and a
plurality of follow-up placebo medical images of the placebo group of subjects captured after the
placebo is administered to the placebo group of subjects; obtaining a plurality of placebo
progression embeddings based on the plurality of baseline placebo medical images and the
plurality of follow-up placebo medical images; obtaming a plurality of baseline treatment
medical images of a treatment group of subjects captured before the treatment is admimistered to
the treatment group of subjects and a plurality of follow-up treatment medical images of the
treatment group of subjects captured after the treatment 1s adnunistered to the treatment group of
subjects; obtaining a plurality of treatment progression embeddings based on the plurality of
baseline treatment medical images and the plurality of follow-up treatment medical images; and
generating a classification model for determining whether a patient has recetved the placebo or

the treatment based oun the phurality of treatment progression embeddings.

&0, The method of embodiment 79, wherein outputs of the classification model are indicative of

drug response phenotypes.

81, The method of embodiment 80, further comprising: determining, based on the classification

model, a correlation metric between the treatment and the progression of the disease of interest.
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82. The method of any one of embodiments 79-81, wherein the correlation metric is a P value.

%3. The method of any one of embodiments 79-82, further comprising: comparing the

correlation metric with a predefined threshold.

84. The method of embodiment 83, further comprising: identifying, based on the comparison, an

association between the treatment and progression of the disease of interest.

&5. The method of embodiment 84, further comprising: prescribing the treatment in a new

subject based on the association.

&6, The method of embodiment 84, further comprising: administering the treatment based on the

association.

&7. The method of embodiment 84, further comprising: adjusting the treatment based on the

association.

88, The method of embodiment 84, further comprising: providing a medical recommendation

based on the association.

89. The method of embodiment 84, further comprising: generating a report based on the

association.

90. The method of any of embodiments 79-89, wherein the disease of interest is non-alccholic

steatohepatitis (NASH).

91. The method of any of embodiments 79-90, wherein obtaining the plurality of placebo
progression embeddings comprises: mputting the plurality of baseline placebo medical images
mto a trained unsupervised machine-learning model to obiain a plurality of baseline placebo
embeddings i a latent space; inputting the plarality of follow-up placebo medical images mto
the trained unsupervised machine-learning model to obtain a plurality of follow-up placebo
embeddings in the latent space; inputting the plurality of baseline placebo embeddings 1nto one
or more machine learning models o obtain a plurality of predicted follow-up placebo
embeddings in the latent space; and determining the plurality of placebo progression embeddings
by calculating differences between the plurality of follow-up placebo embeddings and the

plurality of predicted follow-up placebo embeddings.
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92. The method of embodiment 91, wherein the one or more machine learning models comprise

a trained linear model.

93. The method of any of embodiments 91-92, wherein the one or more machine learning

models include the trained unsupervised machine-learning model.

94. The method of any of embodiments 91-93, wherein obtaining the plurality of treatment
progression embeddings comprises: inputting the plurality of baseline treatment medical images
mnto the trained unsupervised machine-learning model to obtain a plurality of baseline treatment
embeddings m a latent space; inputting the plurality of follow-up treatment medical images nto
the trained unsupervised machine-learning model to obtain a plurality of follow-up treatment
embeddings i the latent space; inputting the plurality of baseline treatment embeddings into the
trained Hinear model to obtain a plurality of predicted follow-up treatment embeddings in the
latent space; and determining the plurality of treatment progression embeddings by calculating
differences between the plurality of follow-up treatment embeddings and the plurality of

predicted follow-up treatment embeddings.

95. The method of any of embodiments 91-94, wherein the trained unsupervised machine-

learning model is a contrastive model.
96. The method of embodiment 95, wherein the contrastive model is a SimCLR model.

97. The method of any of embodiments 91-96, wherein the trained linear model 15 configured to

receive a baseline embedding and output a predicted follow-up embedding.
98. The method of embodiment 97, wherein the trained linear model is a linear mixed model.

99, The method of embodiment 97, wherein the placebo group of subjects is a first placebo
eroup, and wherein the trained hinear model 1s trained using embeddings obtained from medical

image data from a second placebo group different from the first placebo group.

100. The method of any of embodiments 79-99, wherein the classification model 15 configured
to receive an iput progression embedding and output a classification result indicating whether a

patient has received the placebo or the treatment.

101. The methad of any of embodiments 79-100, wherein the plurality of baseline placebo

medical images, the plurality of follow-up placebo medical images, the plurality of baseline
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treatment medical images, and the plurality of follow-up treatment medical images are biopsy

images.

102. A method of identifying a covariant of interest with respect to drug response phenstype
{DRP)} of a treatment, comprising: receiving covariant information of a covariate class obtained
from a group of chinical subjects; receiving a plurality of baseline images and a plurality of
follow-up images from the group of clinical subjects; obtaining a plurality of progression
embeddings based on the plurality of baseline images and the plurality of follow-up 1mages;
mputting the plurality of progression embeddings into a trained classification model to obtaina
plurality of classification results indicative of DRP values of the group of clinical subjects; and
determining, based on the covariant information for the group of clinical subjects, the plurality of
classification results, and one or more machine learning models, an association between each
candidate covariant of a plurality of candidate covariants and the DRP values to identify the

covariant of interest.

103. The method of embodiment 102, wherein the one or more machine learning models
gl

comprise one or more linear regression models.

104. The method of any one of embodiments 102-103, wherein the plurality of candidate

covariants comprises a plurality of candidate missense variants.

105, The method of any one of embodiments 102-103, wherein the plurality of candidate

covariants comprises a plurality of candidate genes.

106. The method of any of embodiments 102-105, wherein the covariate class comprises

demographic information, clinical covariates, or genomic data.

107. The method of any of embodiments 102-106, further comprising: diagnosing a disease of

imferest in a new subiect based on the Wentified covanant of nterest.

108. The method of any of embodiments 102-107, further comprising: developing a treatment

based on the identified covariant of interest.

109. The methed of any of embodiments 102-108, further comprising: adminstering, adjusting,

or applying the treatment based on the identified covariant of nterest.

110. The method of any of embodiments 102-109, further comprising: providing a medical

recommendation based on the wdentified covariant of interest.
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111. The method of any of embodiments 102-1106, further comprising: identifying a biological

target based on the identified covariant of interest.

112. The method of any of embodiments 102-111, wherein the plurality of baseline medical

mmages and the plurality of follow-up medical images comprise biopsy images.

113. The method of any of embodiments 102-112, wherein obtaining the plurality of progression
embeddings based on the plurality of baseline medical images and the plurality of follow-up
medical images comprises: inputting the plurality of baseline medical images into a trained
unsupervised machine-learning model to obtain a plurality of baseline embeddings in a latent
space; inputting the plurality of follow-up medical images into the trained unsupervised
machine-learning model to obtain a plurality of follow-up embeddings in the latent space;
mputting the plurality of baseline embeddings into a trained linear model to obtain a plurality of
predicted follow-up embeddings in the latent space; and determining the plurality of progression
embeddings by calculating differences between the plurality of follow-up embeddings and the

plurality of predicted follow-up embeddings.

114. The method of embodiments 113, wherein the trained unsupervised machine-learning

model 15 a contrastive model.

[y
[y
£

5. The method of embodiment 114, wherein the contrastive model is a SimCLR model.

116. The method of embodiment 113, wherem the trained linear model is configured to receive a

baseline embedding and output a predicted follow-up embedding.
117, The method of embodiment 113, wherein the trained linear model s a linear mixed model.

118, The method of any of embediments 102-117, wherein the tramned classification model 1s
configured to receive an input progression embedding and determine whether a patient has

recetved a placebo or the treatment.

119. The method of any of embodiments 102-118, wherein identifving the covariant of interest
comprises: for a candidate covariant of the plurality of candidate covarianis: generating a model
based on the DRP values and the covariant information of the group of chinical subjects; and

determining a correlation metric based on the model.

120. The method of embodiment 119, wherein the correlation metric is a ¥ value.
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121. The method of embodiment 119, further comprising: comparing the correlation metric

against a predefined threshold to determing if the candidate covariant is the covariant of mterest.

122. A method of evaluating a treatment with respect to progression of a disease of interest,
comprising: obtaining medical images comprising: {(a) a plurality of baseline placebo medical
images of a placebo group of subjecis captured before a placebe 15 administered to the placebo
eroup of subjects, (b} a plurality of follow-up placebo medical images of the placebo group of
subjects captured after the placebo is administered to the placebo group of subjects, (¢} a
plurality of baseline treatment medical images of a treatment group of subjects capiured before
the treatment is administered to the treatment group of subjects, and (d) a plurality of follow-up
treatment medical images of the treatment group of subjects captured after the treatment is
administered to the treatment group of subjects; inputting the medical images mto a trained
unsupervised machine-learning model to obtain a plurality of embeddings, each embedding
corresponding to a phenotypic state relative to the disease of interest reflected in one or more of
the medical unages; 1oputting the pluraiity of embeddings jnto one or more machine learning
maodels to obtain a plurality of predicted continuous medical diagnosis scores, each predicted
continuous medical diagnosis score indicative of a state of the disease of interest; determining a
plurality of placebo progression scores and a plurality of treatraent progression scores based on
the plurality of predicted continuous medical diagnosis scores; associating the plurality of
placebo progression scores and the plurality of treatment progression scores with the ireatment;
and determimng, based on the association, a correlation metric between the plurality of placebo

progression scores and the plurality of treatment progression scores.

123. The method of embodiment 122, wheremn mputting the medical images into a trained
unsupervised machine-learning model to obtain the plurality of embeddings comprises: inputting
{(a) into the trained unsupervised machine-learmng model to obtain a plurality of baseline
placebo embeddings; mputting (b} 1o the trained unsupervised machine-learning model to
obtain a plurality of follow-up placebo embeddings; inputiing (¢} into a trained unsupervised
machine-fearning model 1o obtain a plurality of baseline treatment embeddings; and nputting (d}
into the trained unsupervised machine-learning model to obtain a plurality of follow-up treatment

embeddings.
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124. The method of any of embodiments 122-123, wherein the one or more machine learning

models comprise a trained linear regression model.

5. The method of any one of embodiments 122-124, wherein the one or more machine
125 11 thod of an; fembod ts 122-124, wh ik t

{earning models include the trained unsupervised machine learning model.

126. The method of embodiment any one of embodiments 124-125, wherein inputting the
plurality of embeddings into the one or more machine learning models comprises: inputting the
plurality of baseline placebo embeddings mto the trained linear regression model to obtain a
plurality of baseline placebo scores; mputting the plurality of follow-up placebs embeddings mto
the trained linear regression model to obtain a plurality of follow-up placebo scores; inputting the
plurality of baseline treatment embeddings into the trained linear regression model to obtain a
plurality of baseline treatment scores; and inputting the plurality of follow-up treatment
embeddings into the trained linear regression model to obtain a plurality of follow-up treatment

SCOTES.

127. The method of embodiment 126, wherein determining the plurality of placebo progression
scores and the plurality of treatment progression scores comprises: determining differences
between the plurality of baseline placebo scores and the plurality of follow-up placebo scores to
determine the plurality of placebo progression scores; and determining differences between the
plurality of baseline treatment scores and the pluraluty of follow-up treatment scores to determine

the plurality of treatment progression scores.

128, The method of embodiment 126, wheren determuning the plurality of placebo progression
scores and the plurality of treatment progression scores comprises: determining, for each subject
in the placebo group of subjects, a slope of a linear model fitted at Jeast based on a baseline
placebo score and a follow-up placebo score of the subject m the placebo group of subjects; and
deterraining, for each subject in the treatment group of subjects, a slope of a hinear model fitted
at least based on a baseline placebo score and a follow~up placebo score of the subject i the
treatment group of subjects.

129. The method of any one of embodiments 122-128, wherein the plurality of predicted
medical diagnosis scores comprise disease progression scores calculated as a difference between
a predicted follow-up score and an observed follow-up score controlling for a corresponding

baseline score.
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130. The method of any of embodiments 122-129, wherein associating the plurality of placebo
progression scores and the plurality of treatment progression scores with the treatment comprises
generating a model configured to receive an indication of whether a patient recetved the

treatment and output a predicted disease progression score.
131. The method of embodiment 130, wherein the correlation metric i1s P value of the model.

132. The method of any of embodiments 122-130, further comprising: comparing the correlation

metric with a predefined threshold.

133. The method of embodiment 132, further comprising: identifying, based on the comparison,

an association between the treatment and the disease of interest.

134. The method of embodiment 133, further comprising: administering, adjusting, or applving

the treatment based on the association.

135, The method of embodiment 133, further comprising: providing a medical recommendation

based on the association.

136, The method of any of embodiments 122-135, wherein the disease of interest is non-

alcoholic steatohepatitis (NASH).

137. The method of any of embodiments 122-136, wherein the trained vnsupervised machine-

learning model is a contrastive model.
138, The method of embodiment 137, wheremn the contrastive model is a SimCLR model

139. The method of any of embodiments 124-138, wherein the trained linear regression model is

a linear mixed model.

140. The method of any of embodiments 124-139, wherein the trained linear regression model is

fitted based on a plurality of assigned medical diagnosis scores.

141. The method of embodiment 140, wherein the plurality of assigned medical diagnosis scores

are provided by one or more medical practitioners.

142. The method of embodiment 141, wherein each assigned medical diagnosis score of the

plurality of assigned medical diagnosis scores is selected from a set of predefined values.

109



WO 2023/023507 PCT/US2022/075006

143, The method of any of embodiments 122-142, wherein the plurality of predicted continuous
medical diagnosis scores comprise a plurality of predicted fibrosis scores, a plurality of predicted

lobular inflammation scores, or a plurality of predicted steatosis scores.

144 A method of identifying a patient subgroup of interest, comprising: inputting a plurality of
medical images obtained from a group of chinical subjects into a trained unsupervised machine-
learning model to obtain a plurality of embeddings in a latent space; clustering the plurality of
embeddings to generate one or more clusters of embeddings; identifying one or more patient
subgroups corresponding to the one or more clusters of embeddings; and associating each patient
subgroup of the one or more patient subgroups with a covariant to identify the patient subgroup

of interest.

143 The method of embodiment 144, wherein the trained unsupervised machine-learning model

is a contrastive model.
146. The method of embodiment 145, wherein the contrastive model is a SimCLR model.

147. The method of any of embodiments 144-146, wherein the covariant is a treatment of
mterest and wherein the patient subgroup of interest is a subgroup that the treatment of interest

has a significant impact on.

148, The method of embodiment 147, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises: generating, for a patient subgroup, a model
configured to receive an indication of whether a patient in the patient subgroup received the
treatment of interest and output a predicied disease progression; and evaluating the model to

determine if the patient subgroup 15 the patient subgroup of interest.

149. The method of embodiment 148, wherem evaluating the model comprises determining a
correlation metric of the model and comparing the correlation metric against a predefined

threshold.

130, The method of any one of embodiments 148-149, wherein the correlation metricisa P

value.

131, The method of any of embodiments 148-150, wherein the generated model s trained by

disease progression values of subjects in the patient subgroup.
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152. The method of embodiment 151, wheremn the disease progression values comprise medical

diagnosis scores of the subjects in the patient subgroup.

153, The method of embodiment 151, wheremn the disease progression values comprise

progression scores of the subjects in the patient subgroup.

154, The method of embodiment 151, wherein the disease progression values comprise DRP

values of the subjecis in the patient subgroup.

155. The method of any of embodiments 144-146, wherein the covariant is a progression of a
disease of interest and wherein the patient subgroup of interest is a subgroup that has a

significant association with the progression of the disease of interest.

156. The method of embodiment 151, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises: generating, for a patient subgroup, a model
configured to receive an mndication of whether a patient belongs to the patient subgroup and
output a predicted disease progression; and evaluating the model to determine if the patient

subgroup is the patient subgroup of interest.

157 The method of embodiment 152, wherein evaluating the model comprises determining a
correlation metric of the model and comparing the correlation metric against a predefined

threshold.
158. The method of embodiment 157, wherein the correlation metric is a P value.

159 The method of any of embodiments 156-158, wherein the generated model is trained by

disease progression values of the group of clinical subjects.

160. The method of embodiment 159, wherein the disease progression values comprise medical
diagnosis scores of clinical subjects in the patient subgroup, progression scores of clinical

subjects in the patient subgroup, or DR¥ values of clinical subjects in the patient subgroup.

161. The method of any of embodiments 144-146, wherein the covariant 1s an adverse side
effect and wherein the patient subgroup of interest is a subgroup that has a significant association

with the adverse side effect.

162. The method of embodiment 161, wherein associating each patient subgroup of the one or

more patient subgroups with the covariant comprises: generating, for a patient subgroup, a model
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configured to receive an indication of whether a patient in the patient subgroup belongs to the
patient subgroup and predict if the patient has the adverse side effect; and evaluaiing the model

to determine if the patient subgroup is the patient subgroup of interest.

163. The method of embodiment 162, wherein evaluating the model comprises determining a
correlation metrie of the model and comparing the correlation metric against a predefined

threshold.
164. The method of embodiment 163, wherein the correlation metric is a P value.

165, The method of any of embodiments 144-146, wherein the covariant is an adverse side
effect and wherein the patient subgroup of mnterest is a subgroup that has a significant association

with experiencing the adverse side effect after a treatment.

166. The method of embodiment 165, wherem associating each patient subgroup of the one or
more patient subgroups with the covariant comprises: generating, for a patient subgroup, a model
configured to recetve an indication of whether a patient in the patient subgroup has received the
treatment and predict if the patient has the adverse side effect; and evaluating the model to

determine if the patient subgroup s the patient subgroup of mterest.

167. A system, COMPIISING: ONe OF MOTS Processors; a memory; and one or more programs,
wherein the one or more programs are stored in the memory and configured to be executed by
the one or more processors, the one or more programs ncluding instructions for performing the

method of any of embodiments 1-166.

168. A non-transitory computer-readable storage medium storing one or more programs, the one
OF MOTe programs comprising instructions, which when executed by one or more processors of
an electronic device, cause the electronic device to perform the method of any of embodiments

1-166.
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CLAIMS
What is claimed is:

I. A method of evaluating a treatment with respect to progression of a disease of
mierest, comprising:

obtaining a plurabity of basehine placebo medical images of a placebo group of subjects
captured before a placebo 15 administered to the placebo group of subjects and a plurality of
follow-up placebo medical images of the placebo group of subjects captured after the placebo is
administered to the placebo group of subjects;

obtaining a plurality of placebo progression embeddings based on the plurality of
baseline placebo medical images and the plurality of follow-up placebo medical images;

obtaining a plurality of baseling treatment medical images of a treatment group of
subjects captured before the treatment is admimistered to the treatment group of subjects and a
plurality of follow-up treatment medical images of the treatment group of subjects captured after
the treatment is administered to the treatment group of subjects;

obtaining a plurality of treatment progression embeddings based on the plurality of
baseline treatment medical images and the plurality of follow-up treatment medical images; and

generating a classification model for determining whether a patient has received the

placebo or the treatment based on the plurality of treatment progression embeddings.

2 The method of claim 1, wherein outputs of the classification model are indicative

of drug response phenotype.

3 The method of any one of claums 1-2, further comprising:
determining, based on the classification model, a correlation metric between the

treatment and the progression of the disease of interest.
4 The method of claim 3, wherein the correlation metric is 3 P value.

5. The method of any one of claims 3-4, further comprising:

comparing the correlation metric with a predefined threshold.
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6. The method of claim 5, further comprising:
identifying, based on the comparison, an association between the treatment and

progression of the disease of interest.

7. The method of claim 6, further comprising:

prescribing the treatment in a new subject based on the association.

8. The method of any one of claims 6-7, further comprising;

administering the treatment based on the association.

S. The method of any one of claims 6-8, further comprising:

adjusting the treatment based on the association.

10 The method of any one of claims 6-9, further comprising:

providing a medical recommendation based on the association.

11 The method of any one of claims 6-10, further comprising:

generating a report based on the association,

12 The method of any of claims 1-11, wherein the disease of interest 1s non-alcoholic

steatohepatitis (NASH).

13 The method of any of claims 1-12, wherein obtaining the plurality of placebo
progression embeddings comprises:

mputting the plurality of baseline placebo medical images into a tratned unsupervised
maching-learning model {o obtain a plurality of baseline placebo embeddings m a latent space;

mputting the plurality of follow-up placebo medical ruages mto the trained unsupervised
maching-learning model {o obtain a plurality of follow-up placebo embeddings in the latent
space;

mputting the plorality of baseline placebo embeddings 1uto one or more machine learning
models to obtain a plurality of predicted follow-up placebo embeddings in the latent space; and

determimng the plurality of placebo progression embeddings by calcnlating differences
between the plurality of follow-up placebo embeddings and the plurality of predicted follow-up

<

placebo embeddings.
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14. The method of claim 13, wherein the one or more machine learning models

comprise a trained linear model.

5. The method of any of claims 13-14, wherein the one or more machine learning

models include the traimed unsupervised machine-learning model.

13 The method of any of claims 13-15, wherein obtamning the plurality of treatment
progression embeddings comprises:

inputting the plurality of baseline treatment medical images into the trained unsupervised
machine-learning mode! to obtain a plurality of baseline treatment embeddings 1 a latent space;

imputting the plurality of follow-up treatment medical images into the trained
unsupervised machine-learning model to obtain a plurality of follow-up treatment embeddings in
the latent space;

mpuiting the plurality of baseline treatment embeddings into the trained linear model to
obtain a plurality of predicted follow-up treatment embeddings in the latent space; and

determining the plurality of treatment progression embeddings by calculating differences
between the plurality of follow-up treatment embeddings and the plurality of predicted follow-up

treatment embeddings.

17 The method of any of claims 13-16, wherein the trained unsupervised machine-

learning model is a contrastive model.
i8. The method of claim 17, wherein the contrastive model is a StimCLR model.

19 The method of any of claims 13-18, wherein the trained linear model is

configured to receive a baseline embedding and output a predicted follow-up embedding,

20. The method of claim 19, wherein the trained linear model s a linear mixed model
21 The method of claim 19, wherein the placebo group of subjects 15 a first placebo

group, and wherem the trained huoear model 13 trained using medical image data from a second

placebo group different from the first placebo group.
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22, The method of any of claims 1-21, wherein the classification model is configured
{0 receive an input progression embedding and cutpui a classification result indicating whether a

patient has received the placebo or the ireatment.

23 The method of any of claims 1-21, wherein the plurality of baseline placebo
medical images, the plurality of follow-up placebo medical images, the plurality of baseline
treatment medical images, and the plurality of follow-up treatment images are biopsy medical

HNages.

24. A method of identifying a covariant of interest with respect to drug response
phenotype {DRFP) of a treatment, comprising:

receiving covariant information of a covariate class obtained from a group of clinical
subjects;

recetving a plurality of baseline medical images and a plurality of follow-up medical
images from the group of chinical subjects;

obtaining a plurality of progression embeddings based on the plurality of baseline
medical images and the plurality of follow-up medical images;

inputting the plurality of progression embeddings into a trained classification model to
obtain a plurality of classification results indicative of DRP values of the group of clinical
subjects; and

determinung, based on the covariant information for the group of clincal subjects, the
plurality of classification results, and one or more machine learning models, an association
between each candidate covariant of a plurality of candidate covarants and the DRP values to

identity the covariant of 1nterest.

25, The method of claim 24, wherein the one or more machine learning models

comprise one or more linear regression models.

26. The method of claim 24, wherein the plurality of candidate covariants comprises a

plurality of candidate missense variants.

27 The method of claim 24, wherein the plurality of candidate covariants comprises a

plurality of candidate genes.
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28. The method of any of claims 24-27, wherein the covanate class comprises

demographic information, clinical covariates, or genomic data.

29 The method of any of claims 24-28, further comprising:
diagnosing a disease of interest in a new subject based on the identified covariant of

interest.

30, The method of any of claims 24-29, further comprising:

developing a treatment based on the identified covaniant of interest.

3L The method of any of claims 24-30, further comprising:
administering, adjusting, or applying the treatment based on the identified covariant of

mierest.

32, The method of any of claims 24-31, further comprising:

providing a medical recommendation based on the identified covariant of interest.

33. The method of any of claims 24-32, further comprising;

wdentifying a biclogical target based on the identified covanant of interest.

34, The method of any of claims 24-33, wherein the plurality of baseline ioages and

the plurality of follow-up tmages comprise biopsy 1mages.

35. The method of any of clavms 24-34, wherein obtatning the plurahty of progression
erabeddings based ou the plurality of baseline medical images and the plurality of follow-up
medical images comprises:

mputting the phurality of baseline medical images into a trained ansupervised machine-
{earning model to obtain a plurality of baseline embeddings in a latent space;

mputting the plurality of follow-up medical images into the trained unsupervised
machine-learning wodel to obtain a plurality of follow-up embeddings 1 the latent space;

mputting the phurality of baseline ernbeddings 1nto a tramned linear model to obtain a
plurality of predicted follow-up embeddings 1n the latent space; and

determining the plurality of progression embeddings by caleulating differences between

the plurality of follow-up embeddings and the plurality of predicted follow-up embeddings.
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36. The method of claims 35, wherein the trained unsupervised machine-learning

model is a contrastive model.
37. The method of claim 36, wherein the contrastive model 1s a SimCLR model.

38 The method of claim 35, wherein the trained linear model 1s configured to receive

a baseline embeddmg and output a predicted follow-up embedding.
39 The method of claim 35, wherein the trained linear model 1s a linear mixed model

40. The method of any of claims 24-39, wherein the trained classification model 1s
configured {0 receive an imnput progression embedding and determine whether a patient has

received a placebo or the treatment.

41 The method of any of claims 24-40, wherein wdentifying the covariant of interest
comprises: for a candidate covanant of the plurality of candidate covariants:

generating a model based on the DRP values and the covariant mformation of the group
of chnical subjects; and

determining a correlation metric based on the model.
42. The method of claum 41, wherein the correlation metric s a P value.

43 The method of claim 41, further coroprising:
comparing the correlation metric agamst a predefined threshold to determune i¥ the

candidate covanant 15 the covariant of mierest.

44. A method of evaluating a treatment with respect to progression of a disease of
mterest, comprising:

obtaining medical images comprising: {a) a plurality of baseline placebo medical tmages
of a placebo group of subjects captured before a placebo 1s admimstered to the placebo group of
subjects, (b) a plurality of follow-up placebo medical images of the placebo group of subjects
captured after the placebo is administered to the placebo group of subjects, {(¢) a plurality of
baseline treatment medical images of a treatment group of subjects captured before the ireatment
15 admimistered to the freatment group of subjects, and (d) a plurality of follow-up treatment

medical images of the treatment group of subjects captured after the treatment 18 adnunistered to
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the treatment group of subjects;

mputting the medical images into a trained unsupervised machine-learning model to
obtain a plurality of embeddings, each embedding corresponding to a phenotypic state relative to
the disease of interest reflected in one or more of the medical images;

mputting the plurality of embeddings into one or more machine learning models to obtain
a plurality of predicted continuous medical diagnosis scores, each predicted continuous medical
diagnosis score indicative of a state of the disease of interest;

determining a plurality of placebo progression scores and a plurality of treatment
progression scores based on the plurality of predicted continuous medical diagnosis scores;

associating the plurality of placebo progression scores and the plurality of treatment
progression scores with the treatment; and

deternuning, based on the association, a correlation metric between the plurality of

placebo progression scores and the plurality of treatment progression scores.

45, The method of claim 44, wherein inputting the medical images mto a trained
unsupervised machine-learning model to obtain the plurality of embeddings comprises:

fputting {a} wnto the trained unsupervised machine-learning model to obtain a plurality of
baseline placebo embeddings;

fnputting {b) into the tramned unsupervised roachine-learning model to obtain a plurality
of follow-up placebo embeddings;

fputting {¢} into a trained unsupervised roachine-learning model to obtain a plurality of
baseline treatment embeddings; and

mputting {d} into the trained unsupervised machine-learning model to obtain a phurality

of follow-up treatment embeddings.

46, The method of any of claims 44-45, wherein the one or more machine learning

models comprise a trained linear regression model,

47 The method of any one of embodiraents 44-46, wherein the one ot more machine

learning models mclude the trained unsupervised machine learning model.

48, The method of any one of claims 46-47, wherein inputting the plurality of

embeddings into the one or more machine learning models comprises:
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inputting the plurality of baseline placebo embeddings into the trained linear regression
model to obtain a plurality of baseline placebo scores;

inputting the plurality of follow-up placebo embeddings into the trained hinear regression
model to obtain a plurality of follow-up placebo scores;

mputting the plurality of baseline treatment embeddings into the trained linear regression
model to obtain a plurality of baseline treatment scores; and

mputting the plurality of follow-up treatment embeddings into the trained linear

regression model to obtain a plurality of follow-up treatment scores.

49 The method of claim 48, wherein determining the plurality of placebo progression
scores and the plurality of treatment progression scores comprises:

determining differences between the plurality of baseline placebo scores and the plurality
of follow-up placebo scores to determine the plurality of placebo progression scores; and

determining differences between the plurality of baseline treatment scores and the

plurality of follow-up treatment scores to determine the plurality of treatment progression scores.

50. The method of claim 48, wherein determining the plurality of placebo progression
scores and the plurality of treatment progression scores comprises:

determining, for each subject in the placebo group of subjects, a slope of a linear model
fitted at least based on a baseline placebo score and a follow-up placebo score of the subject in
the placebo group of subjects; and

deternunng, for each subject in the treatment group of subjects, a slope of a linear model
fitted at least based on a baseline placebo score and a follow-up placebo score of the subject in

the treatment group of subjects.

3L The method of any one of embodiments 44-30, wherein the plurality of predicted
medical diagnosis scores comprise disease progression scores calculated as a difference between
a predicted follow~up score and an observed follow-up score controlling for a corresponding

baseline score.

52. The method of any of claims 44-51, wherein associating the plurality of placebo

progression scores and the plurality of treatment progression scores with the treatment comprises
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generating a model configured to receive an indication of whether a patient recetved the

reatment and output a predicted disease progression score.
53. The method of claim 52, wherein the correlation metric 1s P value of the model.

54 The method of any of claims 44-52, further comprising:

comparing the correlation metric with a predefined threshold.

55. The method of claim 54, further comprising:
wdentifying, based on the comparison, an association between the treatment and the

disease of interest.

56. The method of claim 35, further comprising;

administering, adjusting, or applying the treatment based on the association.

57 The method of claim 35, further comprising:

providing a medical recommendation based on the association.

S8. The method of any of claims 44-57, wherein the disease of interest is non-

alcoholic steatohepatitis (NASH).

59. The method of any of claims 44-58, wherein the trained unsupervised machine-

fearning model 15 a contrastive model,

&0 The method of claim 59, wherein the contrastive model is a SimCLR model.
61 The method of any of claims 46-60, wherein the trained linear regression model 15

a linear mixed model.

62 The method of any of claims 46-61, wherein the trained linear regression model 15

fitted based on a plurality of assigned medical diagnosis scores.

63. The method of claim 62, wherein the plurality of assigned medical diagnosis

scores are provided by one or more medical practitioners.
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64. The method of claim 63, wherein gach assigned medical diagnosis score of the

plurality of assigned medical diagnosis scores 13 selected from a set of predefined values.

65. The method of any of claims 44-64, wherein the plurality of predicted continuous
medical diagnosis scores comprise a plurality of predicted fibrosis scores, a plurality of predicted

lobular inflammation scores, or a plurality of predicted steatosis scores.

66. A method of identifying a patient subgroup of interest, comprising:

mputting a plurality of medical images obtained from a group of chinical subjects nto a
trained unsupervised machine-learning model to obtain a plurality of embeddings in a latent
space;

chustering the plurality of embeddings to generate one or more clusters of embeddings;

identifying one or more patient subgroups corresponding to the one or more clusters of
embeddings; and

associating each patient subgroup of the one or more patient subgroups with a covariant

to identify the patient subgroup of interest.

&7 The method of claim 66, wherein the trained unsupervised machine-learning

model is a contrastive model.
68. The method of claim 67, wherein the contrastive model is 2 SimCLR model.

69. The method of any of claims 66-08, wherein the covariant is a treatment of
mnterest and wherein the patient subgroup of interest is a subgroup that the treatment of interest

has a significant impact on.

70. The method of claim 69, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises:

generating, for a patient subgroup, a model configured to receive an indication of whether
a patient in the patient subgroup received the treatment of interest and output a predicted disease
progression; and

evaluating the model to determine if the patient subgroup is the patient subgroup of

interest.
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71 The method of claim 70, wherein evaluating the model comprises determining a
correlation metric of the model and comparing the correlation metric against a predefined

threshold.
72. The method of claim 71, wherein the correlation metric 1s a P value,

73. The method of any of claims 70-72, wherein the generated model is trained by

disease progression values of subjects in the patient subgroup.

74, The method of claim 73, wherein the disease progression values comprise medical

diagnosis scores of the subjects in the patient subgroup.

7. The method of claim 73, wherein the disease progression values comprise

progression scores of the subjects in the patient subgroup.

76, The method of claim 73, wherein the disease progression values comprise DRP

values of the subjects in the patient subgroup.

77 The method of any of claims 66-68, wherein the covariant is a progression of g
disease of interest and wheremn the patient subgroup of interest is a subgroup that has a

significant association with the progression of the disease of interest.

78, The method of claim 77, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises:

generating, for a patient subgroup, a model configured to receive an indication of whether
a patient belongs fo the patient subgroup and output a predicted disease progression; and

evaluating the model 1o determine if the patient subgroup 15 the patient subgroup of

interest,

79, The method of claim 78, wherein evaluating the model comprises determining a
correlation metric of the model and comparing the correlation metric against a predefined

threshold.

]G, The method of claim 79, wherein the correlation metric 15 a P value.
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81. The method of any of claims 78-80, wherein the generated model is trained by

disease progression values of the group of clinical subjects.

82. The method of claim 81, wherein the disease progression values comprise medical
diagnosis scores of clinical subjects in the patient subgroup, progression scores of chimcal

subjects in the patient subgroup, or DRP values of clinical subjects in the patient subgroup.

83. The method of any of claims 66-08, wherein the covariant is an adverse side
effect and wherem the patient subgroup of mterest 1s a subgroup that has a significant association

with the adverse side effect.

84. The method of claim 83, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises:

generating, for a patient subgroup, a model configured o receive an indication of whether
a patient 1 the patient subgroup belongs {o the patient subgroup and predict if the patient has the
adverse side effect; and

evaluating the model to determine if the patient subgroup is the patient subgroup of

interest.

85. The method of claim 84, wherein evaluating the model comprises determining a
correlation metrie of the model and comparing the correlation metric against a predefined

threshold.
86. The method of claim 85, wherein the correlation metric 1s a P value,

87. The method of any of claims 66-68, wherein the covariant is an adverse side
effect and wherein the patient subgroup of mterest 1s a subgroup that has a significant association

with experiencing the adverse side effect after a treatment.

88. The method of claim 87, wherein associating each patient subgroup of the one or
more patient subgroups with the covariant comprises:

generating, for a patient subgroup, a model configured to receive an indication of whether
a patient in the patient subgroup has received the treatment and predict if the patient has the

adverse side effect; and
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evaluating the model o determine if the patient subgroup is the patient subgroup of

interest.
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