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METHODS AND COMPOSITIONS FOR IN SITU IMMUNE PROFILING OF HEART
TRANSPLANT BIOPSIES

Cross-reference to Related Application

This application claims priority to US Provisional Application No. 63/083,848 filed on
September 25, 2020, the entire disclosure being incorporated herein by reference as though set

forth in full.
Statement of Grant Support

This invention was made with government support under TRO01880 awarded by the

National Institutes of Health. The government has certain rights in the invention.
Field of the Invention

This invention relates to the fields of immune profiling and heart transplantation
rejection. More specifically, the invention provides improved methods for identifying those

subjects at increased risk of rejection and/or propensity for heart transplant complications.
Background of the Invention

Several publications and patent documents are cited throughout the specification in order
to describe the state of the art to which this invention pertains. Each of these citations is
incorporated herein by reference as though set forth in full.

Heart transplantation has been the treatment of choice for end-stage cardiomyopathy for
more than 30 years, with more than 4000 heart transplants performed worldwide each year.
Cardiac allograft rejection (CAR) is a serious concern in heart transplant medicine and requires
vigilance to identify and treat!. Post-transplant care is complex, requiring careful titration of
vital but potentially dangerous immunosuppressive drugs to mitigate the risk of CAR. The
importance of balancing the risk posed by rejection with the risk of the methods used to prevent
it is exemplified by the fact that CAR is the leading cause of death in the first year post-
transplant, with infectious complications related to immunosuppression representing the second
leading cause of death. Because CAR is quite common, occurring in 20-40% of transplant

patients in the first year and conferring a significant short and long term risk to allograft survival,
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frequent surveillance endomyocardial biopsy (EMB) with histologic assessment for rejection has
been recommended by heart transplantation guidelines since 19903,

Poor consistency and accuracy of conventional EMB tissue histologic assessment
increases patient risk and is a barrier to achieving precision diagnosis. The guideline-directed
histologic analysis of EMB samples for CAR using light microscopy with H&E staining, relies
on a qualitative examination for the presence of inflammatory cell infiltrates, estimates of
infiltrate extent (focal vs. diffuse), and for the appearance of myocyte damage. Unfortunately,
standard histologic grading suffers from poor reliability, with a kappa statistic of 0.39 and a
dismal inter-pathologist agreement of 28.4% agreement at the higher grades of rejection (2R and
higher) which typically result in major alterations of immunosuppression®. Beyond these issues
of reliability, the current approach also suffers from a lack of diagnostic accuracy, as defined by
the ability of histologic grades to correlate with the clinical trajectories of rejection events. As
evidence of the poor specificity of standard histologic analysis, Klingenberg et al withheld
treatment in a case series of 17 grade 3A rejections, all of whom experienced benign clinical
courses with resolution of histologic rejection on subsequent biopsies!?. Similar findings from
the multicenter IMAGE trial also highlight the poor sensitivity of the current standard'* ',
Conventional histologic grading fares no better with regards to sensitivity, as shown in a study
by Dandel et al in which nearly half (49%) of n=59 serious clinical rejection events occurred in
patients with histologic grade 1R or lower'?.

Post-heart transplant care is highly algorithmic, lacking precision and exposing patients
to potential harm. At most centers, it is standard for a heart transplant recipient to undergo 12 or
more scheduled surveillance EMBs and at least as many scheduled changes in
immunosuppressive regimens in their first year post-transplant alone’. Fundamentally, the
frequency of the EMB procedure, and indeed the existence of a heavily protocolized medical
approach to CAR management in general, results from an inability of providers to employ a
reliable, tailored diagnostic and therapeutic approach for each patient based on individual CAR
risk. As aresult, low CAR risk patients undergo more EMB procedures and more aggressive
immunosuppression than needed, while high CAR risk patients undergo less surveillance EMBs
and premature weaning of immunosuppression. Both of these scenarios represent opportunities

for patient harm through procedural complications, infections, and rejection events, and
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demonstrate the clear, unmet need for better precision medicine tools for heart transplantation

protocols.
Summary of the Invention

In accordance with the present invention, a method for detecting an increased propensity
for heart transplant rejection, graft dysfunction, or organ failure is disclosed. An exemplary
method comprises providing a sample from a subject who has received a transplant from a
donor; obtaining an immunophenotype to establish an immune cell infiltration and immune
effector profile correlated with risk of serious allograft injury and diagnosing, predicting, or
monitoring a transplant status or outcome of the subject who has received the transplant by
determining the proportional expression levels of immune cell and effector markers present in
said transplant, said markers being at least three of CD3, CDS, FoxP3, IL17, PDL1, Gal-9, CD4,
CD20, CD68, CD86, D2-40, and CD31. In certain embodiments, the immunophenotype is
determined using immunocytochemistry, immunoblotting, flow cytometry, or fluorescence-
activated cell sorting. The biological sample is preferably an endomyocardial biopsy (EMB)
sample. In some subjects, the heart transplant rejection is clinically silent rejection. In certain
aspects of the invention, the methods further comprise administering one or more
immunosuppressive drugs to impede or inhibit the rejection. In certain aspects, the diagnosing,
predicting, or monitoring transplant status or outcome comprises determining, modifying, or
maintaining an immunosuppressive regimen based on modulation therapeutic targets
differentially expressed in the EMB.

In another aspect of the invention, a method for identifying cardiac transplant tissue
rejection in a human subject is provided. An exemplary method comprises determining a first
immunophenotype profile in an EMB sample taken from said human subject, wherein said first
immunophenotype profile comprises the protein expression levels of CD3, CDS, FoxP3, IL17,
PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31; and comparing said first
immunophenotype profile to a second immunophenotype profile, wherein said second
immunophenotype profile comprises the protein expression levels of CD3, CDS, FoxP3, IL17,
PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31obtained from EMB samples
collected from a human cardiac transplant population that does not have cardiac transplant tissue

rejection, wherein a statistically significant alteration in proportional expression and intensity
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distribution patterns of CD3, CD8, FoxP3, IL17, PDL1, Gal-9, CD4, CD20, CD68, CD86, D2-
40, and CD31 in said first immunophenotype profile compared to said second immunophenotype
profile is indicative of cardiac transplant tissue rejection in said human subject.

The invention also provides a method for identifying a subject at risk for future cardiac
transplant tissue rejection, comprising: determining a first immunophenotype profile in an EMB
sample taken from said human subject, wherein said first immunophenotype profile comprises
the protein expression levels of CD3, CDS, FoxP3, IL17, PDL1, Gal-9, CD4, CD20, CD68,
CD86, D2-40, and CD31; and comparing said first immunophenotype profile to a second
immunophenotype profile, wherein said second immunophenotype profile comprises the protein
expression levels of CD3, CD8, FoxP3, IL17, PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40,
and CD31obtained from EMB samples collected from a human cardiac transplant population that
does not have cardiac transplant tissue rejection, wherein a statistically significant alteration in
proportional expression and intensity distribution patterns distributions of CD3, CD8, FoxP3,
IL17, PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31in said first immunophenotype
profile compared to said second immunophenotype profile is indicative of increased risk of
future cardiac transplant tissue rejection in said human subject.

In yet another embodiment of the invention, a computer-implemented method for
detection of an increased risk of cardiac transplant rejection in a subject in need thereof is
disclosed. An exemplary method entails executing on a processor the steps of: performing
quantitative pattern analysis of immunofluorescence data corresponding to an immunophenotype
in an EMB indicative of undesirable immune cell infiltration correlated with allograft rejection to
determine a level of spatial heterogeneity or similarity with an immunophenotype in standard
subject not experiencing allograft rejection; and assigning an allograft rejection risk based on the
level of spatial heterogeneity or similarity determined during said performing step. In certain
aspects of the method, the immunophenotype is assigned based on differential proportional
expression levels of immune cell markers in said EMB, indicative of future transplant rejection
risk. In preferred embodiments, the immune cell and effector markers comprise at least three of
CD3, CD8, FoxP3, IL17, PD-L1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31. Three
preferred markers are at least PD-L1, FoxP3 and CD68. In other embodiments, expression levels
of each of CD3, CDS, FoxP3, IL17, PD-L1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31

are determined. The method can further comprise mapping of cellular spatial and patterns,
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thereby characterizing in-situ interactions of immune cells and effectors. In another aspect, the
invention method comprises performance of spatial analysis of lymphocyte location based on

compartment segmentation, and assessment of interactions with myocytes via proximity graphs.

Brief Description of the Drawings

Figure 1: Flow Diagram of Study Cohort, With Subgroups. CAR= cardiac allograft rejection;
EMB = endomyocardial biopsy; ISHLT = International Society for Heart and Lung
Transplantation; QC = quality control.

Figures 2A -2B: Fig. 2A) QmlIF results for CD3+ and CD8+ cells, grouped by ISHLT grade and
sub-grouped based on concordance or discordance between ISHLT grade and clinical evidence
of rejection (see Table 1). Proportions of CD3+ and CD8+ cells correlate well with ISHLT
grade, and do not help discriminate between cases classified by clinical rejection trajectory. Fig.
2B) QmlIF results for CD68+, FoxP3+, and PD-L1+ cells, grouped by ISHLT grade and sub-
grouped based on concordance or discordance between ISHLT grade and clinical evidence of
rejection (Table 1). Within low ISHLT grades, there are significant differences between cases
with clinically silent vs. evident rejection (CD68+: 0.99% vs. 0.14% [p<0.001], FoxP3+: 3.68%
vs.1.60% [p<0.001], PD-L1+: 7.59 vs. 1.3 [p<0.001]). Within the high ISHLT grades, there are
also significant differences between silent and evident rejection (CD68+: 5.45% vs. 1.23%
[p<0.001], FoxP3+: 3.55% vs. 1.88% [p<0.001], PD-L1+: 8.85 vs. 1.64 [p<0.001]). Overall,
these QmIF markers correlate much better with clinical rejection severity then they do with
traditional ISHLT grade, and may provide additional diagnostic value for assessing rejection on

EMBSs. Error bars denote standard errors.

Figures 3A — 3D: H&E stained (Figs. 3 Al, B1, C1, D1), 7-IF marker multiplex composite (Figs.
3 A2, B2, C2, D2), and selected single IF-marker (Figs. 3 A3-6, B3-6, C3-6, D3-6)
endomyocardial biopsy (EMB) slides. Panels in Fig. 3A are a representative ‘concordant low
ISHLT grade’ EMB with low ISHLT grade and no clinical evidence of allograft injury. Panels
in Fig. 3B are from a ‘discordant low ISHLT grade’ EMB, with low histologic grade but
clinically evident allograft injury. Panels in Fig. 3C are from a ‘disconcordant high ISHLT
grade’ EMB, and panels in Fig. 3D are from a ‘concordant high ISHLT grade’ EMB. While

rough estimates of basophilic cellular infiltrates due not appear markedly different within grade
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in H&E slides (Figs. 3 Al vs. B1, and C1 vs. D1), multiplex IF profiles within grade visibly
differ between cases with and without evident allograft injury. Note diffuse PD-L1 (green)
staining within myocardium of patients with clinically silent CAR (A5, C5), in comparison to
clinically evident CAR (BS5, DS). Also note profound PD-L1 and CD68 within cellular infiltrate
in discordant high grade EMB (C4), as well as the higher proportion (albeit overall low density)
of FoxP3 cells when compared to the concordant high grade EMB (C6 vs. D6).

Figure 4: QmlIF results for CD68+, FoxP3+, and PD-L1+ cells, grouped by future cardiac
allograft rejection (CAR) risk and temporal proximity to a high-grade, clinically evident
rejection event. Never-CAR cases have markedly higher proportions of immune-modulating
FoxP3 and PD-L1 than future-CAR cases [FoxP3: 10.82% vs. 1.32% (p<0.001), PD-L1: 10.7%
vs. 1.92% (p<0.001)]. Future-CAR cases when assessed by temporal proximity to a serious
rejection event demonstrate an almost complete loss of detectable IF signal for each of these
potentially allograft-protective markers by 3-6 weeks prior to serious rejection [FoxP3: 3.07%

vs. 0% (p<0.001), PD-L1: 3.19% vs. 0.67% (p<0.001)]. Error bars = standard error.

Figures SA -5B: Graphical representation of diagnostic and predictive potential. Fig. 5A: Biplot
of 18 features from pilot QmIF experiment on n=33 cases of either clinically silent (red) or
clinically evident (green) rejection events. Clear segregation between the groups is visible. Fig.
5B: biplot 8 features from the pilot QmIF experiment described in D.3, deployed on n=17 FR
and NR patients.

Figure 6: A summary slide showing that quantitative multiplexed immune-phenotyping of
cardiac allograft biopsies provides novel diagnostic and prognostic information about allograft
health. Reduced proportions of cells expressing PD-L1 and FoxP3 are associated with clinical
evidence of serious allograft injury even when conventional histologic analysis provides falsely
reassuring histologic rejection grades. The proportions of PD-L1- and FoxP3-expressing cells are

dynamic within cardiac allografts, and reduced levels often precede future rejection.
Detailed Description of the Invention

Deep-phenotyping of allo-immune responses in EMB tissue provides an opportunity for
more personalized diagnosis and risk stratification and a means of identifying the most

biologically important mechanisms for therapeutic targeting. The ISHLT has acknowledged the
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need for “further characterization of the nature of the inflammatory infiltrate” in order to extract
additional clinically relevant information from EMB samples 7, but despite this 15-year old call
to action, there has been very limited application of tissue-level immune phenotyping in human
heart transplant tissues.

Recognizing that guideline-directed histologic grading of endomyocardial biopsy tissue
samples for rejection surveillance has limited diagnostic accuracy, quantitative, in situ
characterization was performed of several important immune cell types in a retrospective cohort
of clinical endomyocardial tissue samples. Using a multiplexed immunofluorescence immune-
phenotyping panel along with computer image analysis techniques, we performed fully
quantitative in-situ characterization of several important immune cells and effectors (CD3, CDS,
CD68, FoxP3, and PD-L1) within formalin-fixed/paraffin embedded, clinical endomyocardial
tissue samples. A carefully constructed cohort permits assessments of immune phenotype
differences between tissues with low vs. high conventional histologic grades, between tissues
representing clinically silent vs. clinically evident rejection trajectories, and between tissues from
patients who will go on to experience serious rejection (future-rejectors) vs. those who will not
(never-rejectors).

The results show that biopsies with high histologic grades, regardless of clinical
trajectory, exhibited greater proportions of CD3+ and CD8+ cells than biopsies with low
histologic grades [CD3+: 12.5+0.1% vs. 3.3+0.04% (p<0.001), CD8+: 7.55+0.08% vs.
1.16+0.04% (p<0.001)]. Biopsies associated with clinically silent trajectories, regardless of
histologic grade, had greater proportions of CD68+, FoxP3+, and PD-L1+ cells than biopsies
associated with clinically evident allograft injury [CD68+: 1.91+0.04% vs. 1.05+0.03%
(p<0.001), FoxP3+: 3.61+0.26% vs. 1.86+0.83% (p<0.001), PD-L1+: 7.86+0.09% vs.
1.58+0.04% (p<0.001)]. PD-L1+ and FoxP3+ cell proportions were also greater in biopsies from
‘never-rejector’ patients as compared to ‘future-rejector’ patients [PD-L1: 10.7+0.1% vs.
1.92+0.04% (p<0.001), FoxP3+: 10.82+1.3% vs. 1.32+0.27% (p<0.001)], with ‘future-rejectors’
demonstrating a dramatic loss of PD-L1+ immunofluorescent signal in the 3-6 weeks preceding
serious rejection.

The findings demonstrated herein provide new avenues for patient-specific tailoring of
rejection surveillance and highlight the diagnostic, prognostic, and therapeutic roles played by

regulatory T cells and the checkpoint system in organ transplantation survival and rejection. The
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proportion of PD-L1+, FoxP3+, and CD68+ cells in cardiac allografts has been identified in an
immunophenotype which is predictive of immediate and future risk of serious allograft injury.

Definitions:

For convenience, certain terms employed herein, in the specification, examples and appended

claims are collected here.

The term "transplant rejection” encompasses both acute and chronic transplant rejection.
"Acute rejection or AR" is the rejection by the immune system of a tissue transplant recipient
when the transplanted tissue is immunologically foreign. Acute rejection is characterized by
infiltration of the transplanted tissue by immune cells of the recipient, which carry out their
effector function and destroy the transplanted tissue. The onset of acute rejection is rapid and
generally occurs in humans within a few weeks after transplant surgery. Generally, acute
rejection can be inhibited or suppressed with immunosuppressive drugs such as rapamycin,
cyclosporin A, anti-CD40L monoclonal antibody and the like.

"Chronic transplant rejection or CR" generally occurs in humans within several months to
years after engraftment, even in the presence of successful immunosuppression of acute
rejection. Fibrosis is a common factor in chronic rejection of all types of organ transplants.
Chronic rejection can typically be described by a range of specific disorders that are
characteristic of the particular organ. For example, in lung transplants, such disorders include
fibroproliferative destruction of the airway (bronchiolitis obliterans); in heart transplants or
transplants of cardiac tissue, such as valve replacements, such disorders include fibrotic
atherosclerosis; in kidney transplants, such disorders include, obstructive nephropathy,
nephrosclerorsis, tubulointerstitial nephropathy; and in liver transplants, such disorders include
disappearing bile duct syndrome. Chronic rejection can also be characterized by ischemic insult,
denervation of the transplanted tissue, hyperlipidemia and hypertension associated with
immunosuppressive drugs.

The phrase "expression profile" refers to the results obtained upon differentially
determining expression of at least 3, at least 4, or at least 5, at least 6, at least 7, at least 8, at least
9 or at least 10 genes or their encoded protein products, when compared to a standard. The
profile is assigned to a given subject, which reflects comparative results between his or her

expression of the at least 3, at least 4, or at least 5, at least 6, at least 7, at least 8, at least 9 or at
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least 10 genes or their products as compared to a standard. In one embodiment, the expression
profile further comprises a determination of relative expression of nucleic acids, which do not
code for a functional protein, as compared to the standard.

The term "differentially expressed" refers to a relative abundance or absence of
expression in a subject as compared to a standard. Differential expression refers to changed
expression, either higher or lower, in the subject, as compared to the standard.

Differential gene expression may include in one embodiment, a comparison of expression
between two or more genes or a comparison of two differently processed products of the same
gene, which differ between control subjects and subjects in which transplant was rejected, or in
another embodiment, in the same subject pre- and post transplantation. Differential expression
refers in one embodiment to quantitative, as well as in another embodiment, qualitative,
differences in the temporal or cellular expression pattern in a gene or its protein expression
products as described herein.

In certain embodiments, a gene expression profile is compiled using a tissue biopsy for
evaluation, or in another embodiment, the end-stage diseased organ, whose replacement is
desired is used as the source for gene expression profile. In other embodiments, a sample of
peripheral blood of a subject being evaluated.

A protein or gene expression profile compiled using the methods described herein will
comprise proteins differentially expressed in successful transplant recipients, as compared to
those prone to transplant rejection. The pattern of the differentially expressed proteins will
comprise increased expression of certain proteins simultaneous with diminished expression of at
other proteins, in subjects more likely to reject a transplant, whereas the reverse profile is more
predictive of success of a transplant in a given subject.

In another embodiment, the expression profile is a relative value as compared to a
standard. In one embodiment the term "standard” may refer to a pooled sample of successful
recipients for the same organ transplant. In another embodiment, standard may be ethnically- or
gender- or age-matched recipients. It is to be understood that the standard may be derived from
any subject, or pool of subjects, whose expression profile or profiles, once generated, is
sufficient to detect even minute relative differences in expression, when compared to a potential
transplant recipient, or in another embodiment, transplant recipient.

In one embodiment, "increased expression” refers to an increase in the level or in another
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embodiment, activity of target gene product relative to the level or activity of target gene product
in a standard. In another embodiment, increased expression refers to between a 10 to about a
250% increase in mRNA levels, or in another embodiment, in protein levels. In another
embodiment, increased expression refers to changes in gene expression at the mRNA or protein
level, in terms of its pattern of expression in particular examples, such as, for example, and in
one embodiment, increased expression in tissue, but not in the blood, for example, in damaged
tissue for which the transplant is required. In one embodiment, increased expression is
synonymous with overexpression, or stimulated expression. In another embodiment, increased
expression is a relative determination, wherein expression is greater than the standard, or in cases
where expression is absent in the standard, this despite expression being barely detectable in the
subject. It is to be understood that any such circumstance described hereinabove, represents
increased expression for the methods of this invention.

In one embodiment, "diminished expression” refers to a reduction in the level or in
another embodiment, activity of target gene product relative to the level or activity of the target
gene product in a standard. In one embodiment, diminished expression is synonymous with
decreased expression, or in another embodiment with under expression. In one embodiment, the
expression of the gene or product is absent in the subject, or slightly less than the standard. In
one embodiment, the expression of the gene product is diminished by at least 25%

In one embodiment, "compared to a standard", refers to relative changes in expression
where the standard is derived from a single individual, or is derived from pooled subjects who
have successfully undergone a transplant. In another embodiment, a standard can be derived
from a single subject following about 1 to about 5 years of having undergone successful
transplantion. In one embodiment, a standard can be derived from a subject who has undergone
transplant of the specific tissue for which the subject is being evaluated, such as, for example,
being obtained from a subject having undergone a successful cardiac transplant. In another
embodiment, the standard is derived from a subject who has undergone transplant of a different
tissue type than that sought by the recipient, however, the two individuals, or pool of individuals
are of a similar genetic background.

non

The terms "decrease”, "reduced”, "reduction”, or "inhibit" are all used herein to mean a

nn

decrease by a statistically significant amount. In some embodiments, "reduce," "reduction” or

"decrease” or "inhibit" typically means a decrease by at least 10% as compared to a reference

10
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level (e.g. the absence of a given treatment) and can include, for example, a decrease by at least
about 10%, at least about 20%, at least about 25%, at least about 30%, at least about 35%, at
least about 40%, at least about 45%, at least about 50%, at least about 55%, at least about 60%,
at least about 65%, at least about 70%, at least about 75%, at least about 80%, at least about
85%, at least about 90%, at least about 95%, at least about 98%, at least about 99%, or more. As
used herein, "reduction” or "inhibition" does not encompass a complete inhibition or reduction as
compared to a reference level. "Complete inhibition" is a 100% inhibition as compared to a
reference level. A decrease can be preferably down to a level accepted as within the range of
normal for an individual without a given disorder.

The terms "increased”, "increase”, "enhance", or "activate” are all used herein to mean an
increase by a statically significant amount. In some embodiments, the terms "increased",
"increase”, "enhance", or "activate” can mean an increase of at least 10% as compared to a
reference level, for example an increase of at least about 20%, or at least about 30%, or at least
about 40%, or at least about 50%, or at least about 60%, or at least about 70%, or at least about
80%, or at least about 90% or up to and including a 100% increase or any increase between 10-
100% as compared to a reference level, or at least about a 2-fold, or at least about a 3-fold, or at
least about a 4-fold, or at least about a 5-fold or at least about a 10-fold increase, or any increase
between 2-fold and 10-fold or greater as compared to a reference level. In the context of a
marker or symptom, an "increase" is a statistically significant increase in such level.

As used herein, a "subject” means a human or animal. Usually, the animal is a vertebrate
such as a primate, rodent, domestic animal or game animal. Primates include chimpanzees,
cynomologous monkeys, spider monkeys, and macaques, e.g., Rhesus. Rodents include mice,
rats, woodchucks, ferrets, rabbits and hamsters. Domestic and game animals include cows,
horses, pigs, deer, bison, buffalo, feline species, e.g., domestic cat, canine species, e.g., dog, fox,
wolf, avian species, e.g., chicken, emu, ostrich, and fish, e.g., trout, catfish and salmon. In some
embodiments, the subject is a mammal, e.g., a primate, e.g., a human. The terms, "individual,"
"patient” and "subject" are used interchangeably herein.

Preferably, the subject is a human. A subject can be male or female.

A subject can be one who has been previously diagnosed with or identified as suffering
from or having a condition in need of treatment (e.g. a subject undergoing an allograft or having

an autoimmune disease) or one or more complications related to such a condition, and optionally,
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have already undergone treatment for the condition or the one or more complications related to
the condition. Alternatively, a subject can also be one who has not been previously diagnosed as
having the condition or one or more complications related to the condition. For example, a
subject can be one who exhibits one or more risk factors for the condition or one or more
complications related to the condition or a subject who does not exhibit risk factors.

A "subject in need" of treatment for a particular condition can be a subject having that
condition, diagnosed as having that condition, or at risk of developing that condition.

As used herein, the terms "protein" and "polypeptide” are used interchangeably herein to
designate a series of amino acid residues, connected to each other by peptide bonds between the
alpha-amino and carboxy groups of adjacent residues. The terms "protein", and "polypeptide™
refer to a polymer of amino acids, including modified amino acids (e.g., phosphorylated,
glycated, glycosylated, etc.) and amino acid analogs, regardless of its size or function. "Protein"
and "polypeptide" are often used in reference to relatively large polypeptides, whereas the term
"peptide" is often used in reference to small polypeptides, but usage of these terms in the art
overlaps. The terms "protein” and "polypeptide” are used interchangeably herein when referring
to a gene product and fragments thereof. Thus, exemplary polypeptides or proteins include gene
products, naturally occurring proteins, homologs, orthologs, paralogs, fragments and other
equivalents, variants, fragments, and analogs of the foregoing.

As used herein, the term "nucleic acid" or "nucleic acid sequence” refers to any molecule,
preferably a polymeric molecule, incorporating units of ribonucleic acid, deoxyribonucleic acid
or an analog thereof. The nucleic acid can be either single-stranded or double-stranded. A single-
stranded nucleic acid can be one nucleic acid strand of a denatured double-stranded DNA.
Alternatively, it can be a single-stranded nucleic acid not derived from any double-stranded
DNA. In one aspect, the nucleic acid can be DNA. In another aspect, the nucleic acid can be
RNA. Suitable nucleic acid molecules are DNA, including genomic DNA or cDNA. Other

suitable nucleic acid molecules are RNA, including mRNA.

nn nn

As used herein, the terms "treat" "treatment” "treating," or "amelioration" refer to

therapeutic treatments, wherein the object is to reverse, alleviate, ameliorate, inhibit, slow down
or stop the progression or severity of a condition associated with a disease or disorder. The term
"treating" includes reducing or alleviating at least one adverse effect or symptom of a condition,

disease or disorder. Treatment is generally "effective” if one or more symptoms or clinical
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markers are reduced. Alternatively, treatment is "effective” if the progression of a disease is
reduced or halted. That is, "treatment” includes not just the improvement of symptoms or
markers, but also a cessation of, or at least slowing of, progress or worsening of symptoms
compared to what would be expected in the absence of treatment. Beneficial or desired clinical
results include, but are not limited to, alleviation of one or more symptom(s), diminishment of
extent of disease, stabilized (i.e., not worsening) state of disease, delay or slowing of disease
progression, amelioration or palliation of the disease state, remission (whether partial or total),
and/or decreased mortality, whether detectable or undetectable. The term "treatment” of a disease
also includes providing relief from the symptoms or side-effects of the disease (including
palliative treatment).

As used herein, the term "pharmaceutical composition" refers to the active agent in
combination with a pharmaceutically acceptable carrier e.g. a carrier commonly used in the
pharmaceutical industry. The phrase "pharmaceutically acceptable” is employed herein to refer
to those compounds, materials, compositions, and/or dosage forms which are, within the scope of
sound medical judgment, suitable for use in contact with the tissues of human beings and animals
without excessive toxicity, irritation, allergic response, or other problem or complication,
commensurate with a reasonable benefit/risk ratio.

As used herein, the term "administering,” refers to the placement of a compound as
disclosed herein into a subject by a method or route which results in at least partial delivery of
the agent at a desired site. Pharmaceutical compositions comprising the compounds disclosed
herein can be administered by any appropriate route which results in an effective treatment in the
subject.

The term "statistically significant" or "significantly" refers to statistical significance and

generally means a two standard deviation (2SD) or greater difference.
The following methods are provided to facilitate the practice of Example I.

Cohort Considerations. The study cohort was selected from the transplant records at the
Hospital of the University of Pennsylvania, and consisted of biopsy events that occurred between
2007 and 2013. Cases were manually selected to allow for exploration of the potential
diagnostic and prognostic implications of performing immune-phenotyping within EMB tissue.

Specifically, the cohort of N=46 transplant EMBs described in this manuscript was selected to
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permit assessments of how immune cell populations differ between tissues with low vs. high
ISHLT grades, between tissues corresponding to clinically silent vs. clinically evident rejection
trajectories, and between tissues from patients who will go on to experience serious rejection
(future-rejection) vs. those who will not (never-rejection). The retrospective chart review and
analysis of archived tissue specimens employed in this research were approved by the
Institutional Review Board at the University of Pennsylvania.

For these retrospective cases, the ISHLT histologic grade assigned by the attending
pathologist at the time of the EMB procedure was used as the reference standard for rejection
diagnosis. These grades were further simplified by assigning a binary histologic grade label:
“low grade” rejection was defined as ISHLT 2004 consensus criteria histologic grades OR or 1R
and “high grade” rejection was defined as ISHLT histologic grade 2R or 3R. This grouping
typically defines the distinction used to determine whether or not augmented immunosuppressive
therapy is prescribed.>

For the same 46 EMB events, the distinction between “clinically silent” and “clinically
evident” rejection was made based on a set of major and minor criteria to determine whether
allograft injury was present. Clinical metadata from within seven days of each EMB event were
collected to allow for determination of clinical trajectory. These data were derived from
electronic health record (EHR)-documented symptoms, physical exam findings, lab results,
echocardiographic parameters, EKG findings, and invasive hemodynamic data. The major
criteria in Table 1 for differentiating ‘clinically evident’ from ‘clinically silent’ rejection
trajectories are based on definitions of ‘hemodynamic compromise’ in previous prospective

investigations of allograft rejection®>’

, and provide high specificity for clinically significant
rejection. The minor criteria in Table 1A permit identification of clinically significant cases with
greater sensitivity. By design, a subset of each clinical trajectory category represented an EMB
with clinical-histologic discordance (low histologic grade meeting criteria for clinically evident

rejection, or high histologic grade with none of the criteria met for clinically evident rejection).

All determinations of clinically evident vs. clinically silent rejection were completed prior to the
performance of immunostaining.

Finally, the 19 low ISHLT grade, clinically silent EMBs in this cohort were further
classified by the patient-level incidence of future serious CAR events. These EMBs were

assigned a binary label as either ‘future-rejection’ or ‘never-rejection’, based on whether a

14



WO 2022/067009 PCT/US2021/051911

serious CAR event occurred within the first 3-years post-transplant. These cases allow for

assessment of whether meaningful differences occur in IF markers in advance of a serious CAR

event.

Table 1A: Criteria for determining ‘clinically evident’ rejection.

Admission to hospital for rejection treatment, along with 1 major OR 2 minor criteria:

MAJOR CRITERIA:

o Cardiac index (CI) <2.0 and use of inotropes

o Absolute decrease in left ventricular ejection fraction (LVEF) of >20%

MINOR CRITERIA:

o CI<2.3, provided this represents a >20% decrease in CI from baseline

o Right atrial pressure > 10 mmHg OR pulmonary capillary wedge pressure > 18 mmHg

provided this represents a >40% increase from baseline

o Absolute decrease in LVEF of >10% AND to a level of <50%

o NEW arrhythmia — atrial fibrillation, flutter, or ventricular arrhythmia

o NEW low voltage EKG not due to pericardial effusion or pulmonary disease

o Cardiac troponin elevated >3x the upper limit of normal and >3x the patients baseline,

NOT due to coronary artery disease/graft vasculopathy

o DOCUMENTED diagnosis of increased left ventricular wall thickness AND an LV wall

thickness increase of >2mm from baseline value

o DOCUMENTED new or worsened right ventricular dysfunction by echo

o DOCUMENTED clinical signs or symptoms of rejection or heart failure:
Signs = NEW gallop, NEW low pulse volumes, NEW Rales.
Symptoms = NEW or worsened dyspnea, orthopnea, exercise intolerance documented by

provider as likely due to cardiac cause.

Retrospective Sample Acquisition and Preparation.

All EMB tissues analyzed for this study had been sampled using a standard percutaneous

method, fixed in 4% paraformaldehyde, and embedded in paraffin wax as per usual post-
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transplant clinical care and pathology laboratory workflows at the Hospital of the University of
Pennsylvania. Five, 4um thick serial sections were cut from formalin-fixed paraffin embedded
(FFPE) blocks and mounted onto positively-charged glass microscope slides (48382-119, VWR,
Radnor, PA) used for immunohistochemistry, with one section per slide. All cut, unstained tissue
sections were stored in a nitrogen chamber to minimize oxidation and degradation of tissue
epitopes. In addition to EMB slides, two slides from native (non-transplant) heart tissue obtained
from cadaveric organ donors and one slide from human lymph node tissue were used as

‘negative’ and ‘positive’ staining controls, respectively.
Target Selection for Multiplex Immunofluorescence.

The cytotoxic T cell marker CD8 was selected due to recognition that this cell population
is a primary effector of myocyte injury during cellular rejection!®?°. Regulatory T cell
transcription factor FoxP3 was selected due to the immune-modulatory, anti-inflammatory
effects these IL-10 and TGF-P secreting cells are thought to exert in renal allografts*'~* and
animal models of heart transplantation®* >3, Monocyte lineage marker CD68 is used in the
diagnosis of antibody mediated rejection, but also has also been implicated in cellular rejection,
albeit with conflicting results on the effects they exert?>*’. Finally, PD-L1 (programmed death
ligand) is one component of the PD-L1/PD1 immune “checkpoint’ molecules that interact to
suppress cytotoxic actions of activated T-cells. Though checkpoint inhibitors used in cancer
immunotherapy have been implicated in myocarditis, a role for checkpoint molecules in human
heart transplantation has included only case reports of severe rejection following oncologic
PD1/PD-L1 inhibitor treatment®®*3°. However, the checkpoint pathway has been recognized for
its role in abrogating T-cell responses and promoting tolerance in animal models of organ

transplantation3!33,

Quantitative Multiplex Immunofluorescence Methods:

All study tissue samples were assigned de-identified study IDs and sent to Akoya
Biosciences (Hopkinton, MA) for multiplex staining, slide digitization, and per-slide image
quantification. The scientific team performing staining and image quantification was blinded to
patient outcomes. Details of deparaffinization, reagent preparation, and automated staining
workflows are described below. Details on antibodies utilized for multiplex staining are

summarized in Table 1B.
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Table 1B: Antibodies used for QmIF

Marker Reference ID Company Species
CD3 ab16669 Abcam, Cambridge, MA Rabbit
CD8 PAO0183 Leica Mouse
CD68 MO0O87629-2 Agilent, Santa Clara, CA Mouse
FoxP3 ab20034 Abcam, Cambridge, MA Mouse
PD-L1 13684 Cell Signaling Technologies, Rabbit
Danvers, MA
Membrane marker ab76020 Abcam Rabbit
g;gl;?ﬂc%;;fz) API3116 AA Biocare Medical Mouse
M070101-2 Agilent Mouse

Whole Slide Multispectral Image Acquisition: High-throughput whole slide multispectral
(MOTIF) image scans were acquired on the Vectra Polaris (Akoya Biosciences) at 20x using

narrow, multiband filters. Exposure times were set to avoid saturation.
Image Quality Control and Annotation Selection:

Following image acquisition, scans were imported into Phenochart (Akoya Biosciences)
to assess the image quality. Up to five 1x1 regions of interest (ROI) were annotated for each
sample to conduct quantitative image analysis. Some samples were unable to yield five ROI due
to confounding factors, such as tissue folds, small tissue biopsy size, or large areas without

myocardium (e.g. vessels, fibrosis, fat).
Quantitative Multispectral Image Analysis:

A spectral library was created from the stained library slides, and the autofluorescence
spectrum was isolated using the autofluorescence slide. All annotated ROIs were imported into a
new project in inForm Tissue Finder (Akoya Biosciences) and were spectrally unmixed using the
generated spectral library. Of note, the image analyst was blinded to the slide cohort categories

to avoid bias into the analysis.
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Staining Quality Control:

Individual fluorophore signal intensities, in normalized counts, were assessed on the
multiplex imagery following spectral unmixing to confirm proper staining intensity levels and

absence of residual cross talk.
InForm Analysis Workflow:

The Trainable Tissue Segmentation module was used to automatically segment all
samples into total cardiac tissue and background based on hand drawn training regions. Cell
segmentation was conducted using the Adaptive Cell Segmentation, which uses algorithms to
account for variations in staining and background levels within and across images to identify
cellular compartments from multiple image planes. The algorithm first identifies the cell nuclei
(via DAPI staining), followed by the cell membrane and cytoplasm for each, and has further
settings for cell splitting and staining quality. The Phenotyping module, which utilizes a user-
trainable random forest classifier, learned and phenotyped all markers, except for PD-L1, in
which the staining intensity was scored per-cell on a 0-3+ scale using thresholding to enable H-
score calculations (see statistical methods below). All cell segmentation and scoring data and

imagery were exported for further analysis.

Statistical Methods.

Raw cell count (and PD-L1 intensity) data generated by inForm quantitative image
analysis were sent to the University of Pennsylvania for further analysis. Cases were analyzed
by pre-specified groups as described in ‘Cohort Considerations.” For CD3+, CD8+, and CD68+,
and PD-L1 cell count data, values were normalized by total cell counts to account for differences
in tissue size and myocardial area. FoxP3* cells were normalized by the total T-cell (CD3+) cell
count. Group-wise chi-squared testing was performed on the normalized cell count data.
Comparisons included cases grouped by high vs low ISHLT histologic grade, by ‘clinically
evident’ vs ‘clinically silent’ rejection determination, and by patient-level ‘future-rejection’ vs.
‘never-rejection’ label. Cases were also analyzed by contingency table designation, as it pertains
to the concordance between high/low ISHLT grade and the presence or absence of clinically
evident allograft injury (eg. ‘concordant-positive’ = high ISHLT grade/clinically evident CAR,
‘concordant-negative’ = low ISHLT grade/clinically silent CAR, ‘discordant-positive’” = high
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ISHLT grade/clinically silent CAR, and ‘discordant-negative’ = low ISHLT grade/clinically
evident CAR).

Semi-quantitative analysis of PD-L1 staining intensity was also performed, with PD-L1+
status placed into one of four categories based on intensity (level 0 =no PD-L1, level 1 =low
intensity, level 2 = moderate intensity, level 3 = high intensity. PD-L1 Histology scores (H-
Scores) based on a method described previously®. Briefly, the total number of cells and the
percent of cells in each PD-L1 staining level were counted in three randomly selected fields
under high magnification. PD-L1 H score was then calculated for each case according to the
following formula: H score =0*% of level O cells + 1*% of level 1 intensity cells + 2*% of level
2 intensity cells + 3*% of level 3 intensity cells. Because H-Scores were tabulated on a per-
patient basis rather than a per-cell basis, a per-patient analysis of this metric was performed using
a Wilcoxian Rank-Sum test to assess differences between pre-specified study groups.

All statistical analysis was performed in Stata 15 (StataCorp, 2015), and p-values <0.05 were

considered significant for all analyses.

The following examples are provided to illustrate certain embodiments of the invention.

They are not intended to limit the invention in any way.
Example 1

A total of 46 EMB episodes plus three additional control tissues were selected for this
analysis, and their characteristics are detailed in Table 1C. In total, 36/49 (74%) of the formalin-
fixed paraffin-embedded tissue slides (including the n=3 non-EMB controls) submitted for QmIF
underwent successful staining, quality control assessment, and comprehensive quantitative
analysis. Of the 33 transplant EMB cases that completed study staining and analysis (see Figure
1), 22 had low ISHLT grades (1R and OR) and 11 had high ISHLT grades (2R and 3R). Of the
cases with low ISHLT grades, 19 had clinically silent rejection and three had clinically evident
rejection. Of the cases with high ISHLT grades, seven had clinically evident rejection and four
had clinically silent rejection. None of the instances of clinically evident rejections
corresponding to low ISHLT grades met ISHLT criteria for antibody mediated rejection.*
Specifically, none had new donor specific antibodies or significant C4d deposition by clinical

immunofluorescence staining. Of the 19 cases with low ISHLT grades and clinically silent

rejection, 6 would go on to have a future rejection within ~1 year and 13 would never reject over
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the next three years. Of the four discordant high ISHLT grade EMBs associated with a clinically

silent course, none manifested evidence of clinically evident allograft rejection in the subsequent

three months.

Table 1C

Experimental cohort by pre-specified subgroup and QmlIF quality control (QC) result.

Patient | Biopsy | Histologic | Clinical Future CAR Time point QC
Event | Grade Trajectory Risk
1 A High Evident Rejection Fail
B Low Silent Rejection | Future-CAR <6 wks before 1A | Pass
C Low Silent Rejection | Future-CAR >6 mo before 1A | Fail
2 A High Evident Rejection Pass
B Low Silent Rejection | Future-CAR <6 wks before 2A | Pass
C Low Silent Rejection | Future-CAR >6 mo before 2A | Pass
3 A High Evident Rejection Pass
B Low Silent Rejection | Future-CAR <6 wks before 3A | Fail
C Low Silent Rejection | Future-CAR >6 mo before 3A | Fail
4 A High Evident Rejection Pass
B Low Silent Rejection | Future-CAR <6 wks before 4A | Pass
C Low Silent Rejection | Future-CAR >6 mo before 4A | Pass
5 A High Evident Rejection Pass
B Low Silent Rejection | Future-CAR <6 wks before SA | Fail
C Low Silent Rejection | Future-CAR >6 mo before SA | Pass
6 A Low Silent Rejection | Never-CAR Fail
B Low Silent Rejection | Never-CAR >6 mo before 6A | Pass
7 A Low Silent Rejection | Never-CAR Pass
B Low Silent Rejection | Never-CAR >6 mo before 7A | Fail
8 A Low Silent Rejection | Never-CAR Pass
B Low Silent Rejection | Never-CAR >6 mo before 8A | Fail
9 A Low Silent Rejection | Never-CAR Pass
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B Low Silent Rejection | Never-CAR >6 mo before 9A | Pass
10 A Low Silent Rejection | Never-CAR Pass
11 A Low Silent Rejection | Never-CAR Pass
12 A Low Silent Rejection | Never-CAR Pass
13 A Low Silent Rejection | Never-CAR Pass
14 A Low Silent Rejection | Never-CAR Pass
15 A Low Silent Rejection | Never-CAR Pass
16 A High Evident Rejection Pass
17 A High Evident Rejection Fail
18 A High Evident Rejection Pass
19 A High Evident Rejection Pass
20 A High Evident Rejection Fail
21 A Low Evident Rejection Pass
22 A Low Evident Rejection Pass
23 A Low Evident Rejection Pass
24 A Low Evident Rejection Fail
25 A Low Evident Rejection Fail
26 A High Silent Rejection Pass
27 A High Silent Rejection Fail
28 A High Silent Rejection Pass
29 A High Silent Rejection Pass
30 A High Silent Rejection Pass
31 A Low Silent Rejection | Never-CAR Pass
32 A Low Silent Rejection | Never-CAR Pass
Heart Control 1 Pass
Heart control 2 Pass
Lymph Node Pass

Tissue immunophenotyping results.
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For the 33 EMB cases that completed QmlIF staining, there were a total of 191,331 cells
in the regions that underwent quantitative analysis, with CD3+ cells representing the most

common immune cell type, as summarized in Table 2A.

Table 2A
5 QmlF total cell count results
Cell type Cell % of Total
count
CD8+ 8646 4.52%
CD3+ 15571 8.14%
CD68+ 2814 1.47%
10 FoxP3+ 382 0.20%
PDL1+ 8932 4.67%
DAPI (Total
Cells) 191331 100.00%

Table 2B shows the study results grouped by ISHLT grade (high vs. low) and by clinical
15  rejection syndrome (clinically silent vs. clinically evident). High grade EMBs have significantly
higher proportions of CD3+ and CD8+ cells than low grade EMBs (p<0.001). Grade-agnostic
grouping by rejection syndrome severity demonstrates analogous results, with serious, clinically
evident rejection events having higher proportions of CD3+ and CD8+ cells than clinically silent

rejection events (p<0.001).

20 Table 2B

QmlF results by immune cell type. Cases grouped by clinical rejection trajectory and
conventional histologic grade.

Marker Low Grade High Grade p- Clinically Clinically p-
value | Silent Evident value
CD8+ (% of total 1.16 £ .04 2.93+ .05 6.06 + .07
cells + SE) (1049 / 7.55+.08 (2754 /1 (5892/
90731) (7597 / 100600) | <0.001 | 94098) 97233) <0.001
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CD3+ (% of total 3.3+.06 125+ .1 5.6 £.07 10.6 £ .09
cells £+ SE) (2995 / (12576 / (5266 / (10305 /

90731) 100600) <0.001 | 94098) 97233) <0.001
CD68+ (% of total 1.91 .04 1.05 £ .03
cells £+ SE) 0.83+.03 2.04 £ .04 1797/ 1017/

(757 790731) | (2057 / 100600) | <0.001 | 94098) 97233) <0.001
FoxP3+ (% of CD3+ | 3.21 + .32 227+ .13 3.61+.26 1.86 + .13
cells £+ SE) (96 /2995) (286 / 12576) 0.039 | (190/5266) | (192/10305) | <0.001
PD-L1+ (% of total | 6.48 +.08 7.86 £.09 1.58 +.04
cells £+ SE) (5876 / 3.04 £.05 (7392 / (1540/

90731) (3056 / 100600) | <0.001 | 94098) 97233) <0.001
PD-L1 H-Score
(per-EMB median,
[IQR]) 3 (1-16) 4 (1-11) 0.88 5(2-16) 1(0-2) 0.018

Figure 2A provides a compelling visual demonstration of how these conventional T-cell

markers correlate predominantly with grade classification, and fail to discriminate between cases

with vs. without serious clinical rejection syndromes.

5 High grade EMBs also have significantly higher proportions of macrophage marker

CD68 when compared to low grade EMBs (p<0.001), but unlike the traditional T-cell markers
CD3 and CDS, the opposite relationship is seen when cases are grouped by the severity of the

clinical rejection syndrome. Clinically silent rejection events have a significantly higher

proportion of CD68+ cells than clinically evident rejection events (p<0.001). An examination of

10  the results from EMBs with clinical-histologic discordance provides the explanation for these

opposing results (Table 2C, Figure 2B), with discordant high-grade cases manifesting by far the

highest proportion of CD68+ cells (5.45%, p<0.001) while discordant low-grade cases manifest
by far the lowest (0.14%, p<0.001).

15

23




WO 2022/067009 PCT/US2021/051911

Table 2C
QmlIF results by immune cell type, with cases grouped by contingency table designation based
on concordance vs. discordance of clinical rejection severity

and ISHLT histologic grade.

Cantingeney Table Groups P-walues for hyer-Group Comparisons

PMarker Concord, Eisrorg, Discord, Concord, C-iow | Tdow | Clow | Dlow | B-low

tosw Grade | Bigh Grade | Low Grade | High Grade | ws & Vs Vs ¥S

§C-Low} §E-High) i Dtow | C-High | B-High | CHigh | D-High
CDE+ N of 137+ .04 ;
total calls 0.5 SOOGE | DD | <0ont | wonet
SE}
CD3+ {7 of
total calls 2 RO | OOOL | oD | <Q0Bt | <0no
SE}
CDBE+ (% of
total calls 2 CHO0L | <00E | <RODT | <001 | 0001
&E}
FoxPa+{% 3. B8
of Cha+ § 15 RORL | 0E OR BRE =001
celis + 8B} SE1}
PEO-Li+ % 8.8 154 .08
of total calls { {1331 00T | SDERE | RODT | Q0GR | AL
* 8B} : B111R)
PE-L1 H-
g;?éeﬁfgzgn 3 {218} 3 {5-18) 102 14023 oo | oa3 | o4 | oss | 034
HaRi

Cells expressing the regulatory T cell marker FoxP3 are twice as abundant in clinically
silent rejection events, as compared to clinically evident rejection both within the low histologic
grade and the high histologic grade cohort (p<0.001 for both). Even more striking, PD-L1+ cells
were more than four-fold more abundant in clinically silent cases compared with clinically
evident cases, regardless of ISHLT grade. Table 2C and Figure 2B highlight the strong, grade-
independent correlation of FoxP3 and PD-L1, with similarly high proportions found either in
low- or high-grade clinically silent EMBs and similarly low proportions found in either low- or
high-grade clinically evident EMBs.

The per-patient PD-L1 H-score, a composite measure incorporating both PD-L1 staining
prevalence and signal intensity, is strongly associated with clinical rejection syndrome but not

with histologic grade (Table 2B, 2C, and Figure 3B). Patients with clinically silent rejection
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syndromes, whether the EMB received a high or low grade, manifest PD-L1 H-scores that are at
least 4-times higher than those seen for clinically evident rejection events of either grade class.
Mlustrative H&E and QmIF stained digital slides for high and low ISHLT grades with both

concordant and discordant clinical rejection syndromes are shown in Figure 3.
Immunophenotyping ‘future-rejection’ cases and ‘never-rejection’ cases.

To assess whether immune phenotypes differ between patients who will suffer important
rejection events in the future and those who will not, we analyzed the subset of cases in which
serial, concordant, low-grade EMBs were available for individual patients. These patients were
assigned a binary label as either ‘future-rejection’ or ‘never-rejection.” For the pre-specified
‘future-rejection’ sub-group, six EMBs preceding a high-grade, clinically-evident rejection event
successfully completed the QmlIF analysis. This included three EMBs obtained >6 months prior
to a rejection and three EMBs obtained 3-6 weeks prior to a rejection. For the ‘never-rejection’
group, there were 13 EMBs, but in only one instance was the same patient sampled twice (due to
a high — and likely by-chance — rate of staining/image quality issues with the serial never-
rejection subgroup). From the six ‘future-rejection” EMB samples, a total of 26,371 cells were

analyzed, while the 13 EMBs from the ‘never-rejection’ provided 48,245 cells for analysis.

Despite relatively few cases, every QmIF marker displayed statistically significant
differences between ‘future-rejection’ cases and ‘never-rejection’ cases, as shown in Table 3.
Though these analyses were performed on biopsies that were uniformly of low histologic grade
at a time when there was no evidence of allograft dysfunction or injury, the ‘future-rejection’
group more closely resembles the clinically-evident and high-grade rejection groups than it does
the clinically silent or low-grade groups. When the ‘future-rejection’ group is analyzed by
temporal proximity to the incident severe rejection event, an apparent progression emerges:
compared to never-rejection cases, future-rejection cases at >6 months prior to rejection have a
moderately reduced proportion of FoxP3+ cells, and PD-L1+ cells. By 3-6 weeks before
clinically evident rejection, there is a dramatic and statistically significant drop-off to extremely

low levels for FoxP3+, CD68+ and the PD-L1+ cells (Table 3 & Figure 4).
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Table 3
QmlF results for cases associated with future serious rejection and those who

never experience serious rejection.

Marker Never-Rejection Future-Rejection p-value

CD8+ (% of total cells + SE) 0.48 +.02 (230/48245) | 2.43+.05 (641/26371) | <0.001

CD3+ (% of total cells + SE) 1.19+.04 (573 /48245) | 6.58 +.08 (1736 /26371) | <0.001
CD68+ (% of total cells + SE) 1.01+.03 (488 /48245) | 0.94+ .03 (247 / 26371) 0.32
FoxP3+ (% of CD3+ cells + SE) 10.82+ 1.3 (62/573) 1.32 £ .27 (23/1736) <0.001
PD-L1+ (% of total cells + SE) 10.7 +.1 (5160 /48245) | 1.92+.04 (507 /26371) | <0.001
PD-L1 H-Score (per-EMB median, [IQR]) 5 (3-16) 1.5 (0-3) 0.034

Discussion

Applying QmIF technology within the cardiac transplant population provides compelling
evidence for the feasibility and utility of immune phenotyping for improving the diagnostic and
prognostic value of allograft EMB specimens. First, using archived formalin-fixed, paraffin-
embedded tissue blocks — some more than 10 years old — successful application of Opal
multiplex IF staining technology sufficient for advanced quantitative analysis was achieved in a
majority of cases. In designing this experiment, we incorporated a “grade-agnostic” framework
using the ‘clinically evident’ and ‘clinically silent’ labels to classify EMBs by the contemporary
clinical status of the patient. We hypothesized that QmIF results might suggest mechanisms
underlying the frequent discordance between patients’ clinical status and the ISHLT grade given
to EMB samples. For conventional T-cell markers CD3 and CD8, the QmlIF results largely
conformed to prior evidence and accepted pathophysiology, and do not significantly facilitate
discrimination between patients with and without serious rejection syndromes. High ISHLT
grades had markedly higher proportions of CD3+ and CD8+ cells, consistent with the higher
overall quantity of basophilic lymphocytes seen in standard H&E slides with high ISHLT
histologic grades. Cases grouped a by clinical rejection severity followed a similar pattern, with
clinically evident rejection having a higher proportion of these T-cell markers. Since ISHLT

grading is primarily predicated on rough quantification of lymphocyte foci (within which CD3+
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and CD8+ cells predominate), these findings suggest that misgrading is not the primary reason
for clinical-histologic disagreement in our discordant case sub-groups.

The proportion of CD68+ cells was also significantly higher in high ISHLT grade
rejection, consistent with several prior reports in renal transplantation which have suggested that
macrophages represent a major (and occasionally predominant) cell-line in some cases of cellular
rejection®®?’. In contrast, when cases are grouped by clinical status, the proportion of CD68+
cells are significantly lower in EMBs associated with more serious, clinically evident rejection
syndromes. This finding is driven almost entirely by the cases with clinical-histologic
discordance — clinically silent/high-grade EMBs have by far the highest proportion of CD68+
cells with a prevalence that is ~40x higher than that seen in clinically evident/low-grade cases
(which had by far the lowest proportion). In these clinically silent/high ISHLT grade cases,
inspection of the QmlIF slide (Figure 3C4) reveals robust CD68+ staining within the dense
cellular infiltrates, which stands in stark contrast to the modest CD68 staining within the cellular
infiltrate of the concordant high ISHLT grade case (Figure 3D4). Since discordant high ISHLT
grade cases have comparable (or greater) numbers of CD3+ and CD8+ cells, this visual
observation indicates that CD68+ cells are involved in an important ‘late’ protective response,
mitigating serious injury to an allograft after lymphocytic infiltration occurs.

The proportion of FoxP3+ cells and cells staining strongly for PD-L1 also differ
significantly when cases are grouped by clinical trajectory. Clinically silent rejection events,
regardless of ISHLT grade, have significantly higher proportions of both of these anti-
inflammatory markers than clinically evident rejection events. These results suggest that the
interactions of immune-modulating cell subtypes and pathways play a role in determining
whether an initial allo-immune response becomes a clinically serious one. It is worthwhile to
highlight that the discordant cases manifest the most extreme proportions of these potentially
allograft-protective markers, with the discordant high grade cases containing the highest
proportions and the discordant low grade cases containing the lowest. In the case of PD-LI in
particular, this finding appears to be related to the serious myocarditis seen in some cancer
patients treated with immune checkpoint inhibitors, as it appears that even low numbers of T-
cells (as found in normal myocardium or low ISHLT grades) can induce serious myocardial
injury when left unchecked by PD-L1. Visual inspection of QmlIF slides further highlights the
potential importance of PD-L1, with a diffuse PD-L1+ (green) staining pattern seen throughout
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the myocardium in clinically silent biopsies (Figure 3; AS and CS5) which is conspicuously absent
in clinically evident rejection cases (Figure 3; BS and D5). It is also worth highlighting the
particularly dense PD-L1 staining seen within the cellular infiltrate of the discordant high ISHLT
grade slide (Figure 3; C5), which may suggest an active and dynamic PD-L1 presence at the site
of an acute immune response.

Overall, the QmlIF results of EMB cases grouped by clinical trajectory provide an
improved approach for accurately assessing the threat to allograft function. Clearly,
consideration of more than just a rough count of basophilic immune cells as performed in
conventional ISHLT grading is required. This need is reinforced when the concordant low
ISHLT grade EMBs are differentiated from one another as ‘future-rejection’ cases vs. ‘never-
rejection’ cases, based on whether the patient experiences a serious rejection event in the first
three-years post-transplant. The immune profiles of ‘never-rejection’ EMBs are defined by
particularly high proportions of PD-L1+ and FoxP3+ cells. In contrast, ‘future-rejection” EMBs
as a whole exhibit lower levels of these allo-protective markers, with striking reductions
observed by 3-6 weeks prior to an upcoming clinically-evident rejection. The nearly complete
loss of FoxP3+ and PD-L1+ cells in the weeks preceding clinically-evident rejection supports
both their utility as biomarkers for identifying patients at high risk for significant rejection
events, and the allo-protective role of these markers in heart transplantation.

Mechanistically, the interplay between monocyte lineage cells (CD68+), regulatory T
cells (FoxP3+), and PD-L1 expressing cells suggested by our results has been the focus of
significant biomedical research, though rarely in the context of organ transplantation***’. The
binding of PD-L1 to PD1 on helper T cells, beyond simple ‘inactivation” with consequent
decreases in inflammatory cytokine production, has been shown to stimulate FoxP3+ expression
and effector T cell differentiation into regulatory T cells*!#>%* 45 Macrophages and regulatory
T cells can interact in a synergistic fashion, with cytokines produced by regulatory T cells
encouraging macrophages to differentiate into M2 anti-inflammatory macrophages. In turn, M2
macrophages secrete specific cytokines and express PD-L1, both of which can facilitate further
helper T cell differentiation into regulatory T cells. These established mechanisms support the

immunologic basis of our findings.

The present research represents provides the means for precision diagnosis and risk

stratification in cardiac transplantation. Our results demonstrate the feasibility and translational
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potential of the QmIF methodology, while identifying several key — and therapeutically
targetable — mechanisms involved in determining the severity of undesirable an allo-immune

responses.
Example 2
Computational Histologic Analysis for the Diagnosis of Heart Transplant Rejection

The results provided in Example 1 suggest that the interaction of immune-modulating cell
subtypes and receptors plays a critical role in determining whether an initial allo-immune
response becomes a clinically serious one. Put differently, in order to properly assess the threat
to overall allograft function, consideration of more than just the raw number of immune cells as
seen in traditional H&E slides is required.

Our data demonstrate that the true-negative EMBs (low histologic grade with no evidence
of clinical rejection) can be differentiated from one another as ‘future-CAR’ cases vs. ‘never-
CAR’ cases, based on whether the patient experiences a serious rejection event within 3-years of
transplant. The immune profiles of ‘never-CAR’ patients are defined by particularly high
proportions of PD-L1+ and FoxP3+ cells. In contrast, ‘future-CAR’ patients as a whole exhibit
lower levels of these allo-protective markers (p<0.01), with a striking decrease when ‘future-
CAR’ true-negative EMBs occurring >6 months prior to a serious rejection event are compared
to those occurring within 3-6 weeks of serious rejection. The nearly complete loss of FoxP3+
and PD-L1+ cells in the weeks preceding rejection events not only highlights the role of these
markers in patient risk-stratification, but also suggests the types of dynamic immuno-biologic
processes that are candidates for therapeutic targeting.

Expanding on the above results, we have performed novel supplementary QmIF image
analysis and feature extraction to quantify PD-L1 fluorescence texture, granularity, and
pattern/distribution. Combining this novel workflow with custom-built composite statistics
generated from the raw cell count data described above, we have conclusively demonstrated the
diagnostic and prognostic potential of the QmIF method when paired with appropriate analytical
techniques. The biplots in Figures SA and 5B demonstrate the clear segregation on a per-
patient/EMB level of applying principal component analysis using the custom-designed
composite scores and clusters derived from our statistical and image analysis approaches. Fig.

5A demonstrates diagnostic accuracy, with excellent segregation between clinically silent
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rejection events and clinically evident rejection events occurring in a manner that is independent
of conventional histologic rejection grade. In fact, a single median-linkage cluster analysis
utilizing 18 variables segregates clinically evident vs. clinically silent rejection with 100%
accuracy. Fig. 5B demonstrates predictive accuracy, with clear segregation of the low-grade,
clinically silent EMBs obtained from future-rejector (FR) vs never-rejection (NR) patients. For
predicting future rejection, a single score relating PD-L1 to the total population of CD3+ and
CD8+ cells accurately segregates 89% (17/19) of cases (‘CompScore2’, with cutoff <1.0 for NR,
>1.0 for FR). The results of these subsequent analyses provide strong evidence of the clinical

utility of the described approach as a novel diagnostic and prognostic precision-medicine tool.

Use of quantitative multiplex immunofluorescence (QmIF) on archived EMB tissue blocks
to identify in-situ immune-phenotypes that are predictive of future CAR events

Beyond the significant limitations in CAR diagnostic performance described above, it is
important to highlight that neither the established ISHLT histologic grading criteria nor the more
recently introduced Omics approaches are designed for predicting future rejection events.
Reliable predictions are the basis for prospective risk stratification, which in turn is the basis for
establishing personalized approaches to immunosuppression weaning and surveillance EMB
schedules. Risk prediction tools have been utilized in clinical medicine for decades to improve
the quality of physician decisions when presented with complex, competing-risk scenarios.
Within oncology, quantitative morphologic analysis systems and in-situ immune phenotyping
have emerged as promising methods for predicting patient outcomes and tailoring therapeutic
approaches. In kidney transplant medicine, a clinical EHR prediction algorithm has recently been
developed which demonstrated rejection prediction capability in a large validation cohort™.
None of these approaches have been utilized to date in cardiac transplant to aid in the prediction
of important outcomes. The present example provides compelling evidence from multiple first-

in-heart investigations that suggest risk prediction for CAR is achievable.

The International Society for Heart and Lung Transplantation (ISHLT) has recognized
the need for “further characterization of the nature of the inflammatory infiltrates” in EMBs, and
results from our first-in-heart deployment of QmIF indicate that in-situ immune profiling can
identify in-situ processes predictive of future CAR. Accordingly, QmIF will be deployed on the

cohort of FR and NR patients previously tested. Quantification of the number, proportion,
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intensity, and spatial distribution/interactions of different IF markers will be performed. A
predictive model consisting of the best quantitative metrics for discriminating between FR and

NR can then be developed.

OmlF Methods: QmIF will be performed using the Akoya Biosciences Phenoptics™

commercial platform. This workflow enables multiplex IF of FFPE tissue use of standard,
unlabeled primary antibodies via tyramide signal amplification, with subsequent multi-spectral
scanning for reliable co-registration of each spectral channel. This method has been used in
multiple publications, including our recent first-in-transplant work as described in D.4%.
Automated staining and multispectral slide scanning will be performed by Akoya Biosciences with
whom we have collaborated on several projects, with digitized slides returned to our team for

quantitative image analysis.

Table 4: QmIF markers to assess acute and chronic and pro- and anti-

inflammatory mechanisms

Marker | Pro(+) or | Comment [reference]

Anti(-) 15
Inflammatory

CD3 +/- Pan-T-cell marker, effects depend on subtype®

CDS8 + Cytotoxic T-cell marker, pro-inflammatory > 7072

FoxP3 |- Transcription factor of Regulatory T-cell (Treg), allo-
protective 3 377

1L17 + Marker of pro-inflammatory Th17 cells 7

PDL1 |- Ligand for T-cell ‘checkpoint’ PD1, found on multipfe
cell types > 8187

Gal-9 +/- Ligand for ‘checkpoint’” TIM-3, found on multiple cell
types®!3

C4d + Marker of complement activation, associated with AMR
35,94

CD20 + Pan-B-cell marker, presence may suggest chronic
inflammation - **

CD68 +/- Pan-macrophage marker, variable implications 3% %*

CD86 + Marker of differentiation for proinflammatory Nk
macrophages 3 %+%

D2-40 +/- Lymphatic marker, implications vary based on time and
context™ !9

CD31 +/- Endothelial cell marker, proliferation in chronic
inflammation - **
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OmlF Antibody Panels: Two custom-designed seven-antibody panels will be used to investigate

potentially important immunologic cell types and immune effectors. The first panel will focus
predominantly on cell-mediated rejection and checkpoint-system markers, and will include CD3,
CD8, FoxP3, IL17, PDL1, and Galectin-9 along with a counter-stain. The second panel will
focus on chronic and humoral allo-immune markers, and will include CD4, CD20, CD68, CD86,
CD31, and D2-40. Together, these panels will enable a comprehensive evaluation of the pro/anti
& acute/chronic inflammatory pathways relevant to allograft immune responses in heart tissue,
and are informed by strong preliminary data. Table 4 provides further descriptions of the study

IF markers, with annotations on marker target, target function, and relevant citations.

Quantitative Image Analysis: QmIF images present novel opportunities and challenges from an

image analysis perspective. Comprehensive marker quantitation will be performed as in
preliminary work, as well as novel spatial and pattern assessments to fully characterize in-situ

interactions of important immune cells and effectors:

Marker Quantitation: The initial step in QmIF workflow is to quantify each individual marker.

Mutli-spectral images obtained for this study exist as a compressed stack of single-
marker/nuclear counterstain images. This enables easy single-marker cell-count quantitation via
color-deconvolution and k-means clustering, similar to the method described above. For PD-L1
and Galectin-9, quantitation will also involve intensity measures for generating intensity
quartiles. These quartiles will be used to calculate Histology-Scores (H-Scores), which have been
used in many prior studies on immune checkpoints and which were predictive in our published
QmIF preliminary research® ', For vascular and lymphatic markers CD31 and D2-40,
quantitation will also involve measures of the extent of each marker using a hierarchical

normalized cuts method pioneered by Dr. Madabhushi’s lab for similar tasks in tumor tissue!%,

Marker Co-staining, Co-localization, and Spatial Arrangement: Using the marker-labeled single-

cells identified via the above workflow as vertices, graph-based approaches will be employed to
provide measures of the spatial relationships between each cell with the same cell (co-staining)

and other cells (co-localization) expressing the various IF markers*®. Because of the variety of
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scales and patterns these spatial relationships may take, several graphing methods will be

employed for this (e.g. Voronoi diagrams, Delaunay drawings).

Texture/Distribution Quantitation: For each marker, the texture and homogeneity of distribution

105, 106 107, 108

will be assessed via measurements of granularity spectrum and Haralick features
From preliminary research, there appears to be significant implications for the pattern of PD-L1
distribution, and we expect that to see additional predictive signals based on the diffuseness vs.

focality of marker distributions in this cohort.
Data Analysis and Statistical Considerations

The image set generated as described above can be split into a training set (n=45 FR
patients/n=~120 slides, n=45 NR patients/n=90 slides) and a held-out validation set (n=15 FR
patients/n=~40 slides and n=15 NR patients/n=30 slides). While the training set of 210 total
slides is smaller than that used previously, our preliminary research utilizing QmIF in n=33
slides demonstrated multiple statistically significant univariate predictors of FR vs. NR, and a
single composite statistic correlating several cell count/intensity metrics was able to segregate
89% of cases into the appropriate group. Statistically, for the primary analysis, with n=210 QmIF
slides in the training set including n=120 (57.1%) associated with FR, this sample size provides
the ability to detect an 18% absolute improvement in binary classification over the null
hypothesis with 80% power at an alpha of 0.05. Prediction model generation will occur in a
similar fashion to the approach described previously, utilizing both extreme gradient boosting
and minimum-redundancy/maximum relevancy followed by a mixed-effects model®® 5!-2, Sub-

group analyses will be also be performed.

The aforementioned analyses provide a novel CAR risk prediction tool based on a deep
characterization of the in-situ immune-biology of allograft tissues. In addition to personalized risk
stratification, this model highlights the novel and therapeutically targetable immune processes

underlying allograft health and disease.

Method Details for Example 11
Below is a description of additional statistical and image analysis methods used to
generate some of the findings described. Additional methods describing the basics of QmIF and

the basic primary analyses on cell-count data are described in Example 1.
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Custom Variables:

From raw cells counts and percentages, multiple additional variables were generated. These

represented a variety of normalized ratios and inferred cell counts.

PDL1-to-CD8 cell ratio,

CD68-to-CD3 cell ratio

Percent of CD3+ cells that are CD8+

Defined immune cells (sum of CD3+, CD68+, CD8+, FoxP3+ cels),
Non-immune cells (total cells minus defined immune cells),
Percent of Non-immune-cells that are PD-L1+

Percent of Total cell count that are co-stained CD3+/CD8+ cell count

Novel Quantitative Image Analysis Metrics for PD-L1:

Additional image analysis was performed in CellProfiler 3.1 on raw QmlIF slide images

corresponding to regions of interest from the primary analysis. These included:

Granularity metrics: This was assessed via measurements of granularity spectrum®® 7,

generating 9 novel granularity features for each slide.

Texture/Distribution Metrics: These were assessed via Haralick features” >,
generating 39 novel texture features related to PD-L1 for each slide (texture angular
second moment, texture contrast, texture correlation, texture entropy difference, texture
variance difference, texture entropy, texture information measure, texture inverse
moment difference, texture entropy, and summary summations of these measures,
occuring at three different pixel scales — 15 pixels, 75 pixels, and 200 pixels).

Simple Intensity Metrics: Average, median, standard deviation, median aboslute
deviation, and total (summation of all pixel intensities), and integrated intensity (area
covered by PD-L1 stain * total intensity) for PD-L1 staining across all regions of interest
for each case.

Co-localization/Nearest Neighbor Metrics: Co-localization was performed via stacked
overlay of PD-L1 single marker images with different single marker images from other
QmlIF markers. Disc dilation at multiple scales was performed to stratify co-localization

(5 pixels, 15 pixels, 50 pixels).
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Composite Scores:

Multiple composite scores were generated capturing different relationships between key study

markers. These scores have discriminating value alone and in combination with other variables

and analytical methods. In particular, CompScore2 alone has excellent discriminating value for

assigning FR and NR labels to enable accurate future rejection event prediction.

CompScore 1: [(CD3 cells + CD8 cells)*100] / Total cells

CompScore 2: (CD3 cells + CDS cells) / (PDL1 cells * (1 PDL1-H-Score))
CompScore 3: (PDL1 cells + H-Score + CD68 cells) / (CD3 cells + CD8+/CD3- cells)
CompScore 4: 10,000*[(FoxP3 cells + H-score + CD68 cells) / (CD3 cells + CD8
cells)[/[(PDLI1 cells/total immune cells) + total non-immune cells]

CompScore 5: (FoxP3 cells + PDLI cells + CD68 cells) / (total immune cells)

Median-Linkage Cluster Analysis:

Analysis was performed in Stata 15.0 on the following list of 18 variables from the primary

analyses and the additional analyses described above:

1.

A A A

e e e e e e T
AN R W NN = O

granularity_1_pdl1,

CompScorel,

CompScore2,
texture_contrast_pdl1_200_00_avg,
cd3 perc_cells_pdll,
granularity_3_pdl1t
exture_contrast_pdl1_15_00_avg,
Defined_Immune_Cells,

perc_cd3_that_are_foxp3,

. CompScore3,

. CompScore4,

. perc_cd3_that_are_cds8,

. pdl1_to_cd8_ratio,

.PDL1 _H_score,

. Integrated_PDL1_intensity_divided_by_total_cells,

. CompScoreS5,
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17. perc_cd8+cd3+_of _total,
18. ¢d68_to_cd3 _ratio,

perc_pdll_of_total_non_immune

Computational Image Analysis: Digitized pathology slides containing stacks for each
fluorescent channel and the brightfield H&E image will be analyzed. For the analysis of the QIF

data we will consider several approaches.

Quantification of Relative Expression of Biomarkers: The HNcut algorithm is an integration
of mean shift and normalized cuts within a hierarchical framework developed by our group for
accurate and efficient biomarker localization and quantification. The approach can be employed
for localizing and quantifying biomarker expression for the individual markers (see Table 5) in

the QIF images.

Spatial Architecture of Biomarkers: Using the location of the biomarkers identified by
HNCuts, graph based approaches will be employed for characterization of the relative
arrangement of different biomarkers. The HNCut identified locations will form the vertices of a
graph. Subsequently for each biomarker, a graph will be constructed with edges connected the
spatial location of the biomarker. Depending on the type of edge connection employed, different
graph algorithms will then be constructed (e.g. Minimum Spanning Tree, Delaunnay
Triangulation, Voronoi). Graph based metrics as described in above will be employed for

quantitative description of spatial arrangement of each biomarker.

Spatial Interplay of Morphologic and QmIF biomarkers: Since the QmIF and H&E images
will be co-registered with each other, we will also use the graph based approaches described
above to evaluate the interplay between immune cells, myocytes and other cell families on the
H&E images with the corresponding biomarkers on the QmIF images. We will employ
intersection based graph approaches,% to describe the interplay between morphologic biomarkers
and specific molecular phenotypes observed in infiltrating immune cells (T-cells, B-cells,
macrophages) and endothelial cells (analogous to the application in prostate cancer in previous

studies).
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Image analysis workflow:

We have developed a framework for extracting an array of morphologic features which
describe rejection histology and intend to expand our analysis to include additional targets and
workflows. Histologic CAR grading has codified criteria upon which to base the feature
extraction approach (eg. quantitation of lymphocyte foci and their spatial relationship to
myocytes). There is no such pre-defined ruleset for predicting future CAR, so in addition to re-
purposing components of the existing CACHE-Grader pipeline, a broader approach to feature
extraction has been developed. This approach will identify novel morphologic elements that
were not relevant or necessary for reproducing ISHLT grades. Specifically, we will perform a
broader characterization of myocyte size, shape and orientation, myocyte nuclei size, shape, and
texture, interstitial/stromal metrics, and characterization of micro-vasculature via the following

methods:

Tissue compartment segmentation into myocytes, lymphocytes, stroma, and vasculature.
After applying color deconvolution algorithm® to separate different stain-pigments, K-
means clustering*! can be used to assign three classes (myocytes, interstitium, and non-myocyte
nuclei) to each pixel as described in our previous work. Following segmentation into these three
classes, the interstitial compartment will undergo further segmentation to identify small vessels
using a neural network approach*?. This sequential approach is favored based on prior efforts in

which unstained areas around myocyte nuclei have impacted vascular segmentation.

Isolating lymphocyte clusters. Since biologically relevant lymphocyte populations typically
exist as colonies rather than lone cells, and because single nuclei in isolation can represent
several cell types (some leukocytes, some non-leukocytes), identification and isolation of
lymphocyte clusters is a necessary process. We have achieved this as we have in prior work by
performing disc-dilation, area thresholding, and proximity graphs. Variables based on identifying

these clusters were the strongest predictors of rejection grade in our early analyses.

Myocyte and myocyte nuclei shape, pattern, and density metrics: Morphologic patterns

4347 44,4853 48, 54-57

derived from the shape orientation , and density of cells and their nuclei can be

extracted from H&E slides using established methods. Quantitative variables based on these

37



10

15

20

25

30

WO 2022/067009 PCT/US2021/051911

patterns have prognostic and predictive value in oncology, and should be informative on the

health and fate of allograft myocardium.

Identifying Foci Neighborhoods. The local neighborhood of a lymphocyte informs histologic
grading, with lymphocytes in the endocardium vs. constrained to the interstitium vs. encroaching
upon myocyte borders being explicitly described in formal ISHLT grading criteria. Spatial
analysis of the lymphocyte location will be based on compartment segmentation, and interactions

with myocytes can be assessed via proximity graphs.

Sample Size, Data Analysis and Statistical Considerations: For predictive model
development, the image set can be split into a training set (n=169 FR patients/n=~460 slides,
n=336 NR patients/n=672 slides) and a held-out validation set (n=56 FR patients/n=~140 slides
and n=114 NR patients/n=228 slides).

The primary model can incorporate all EMBs, and is designed to predict the likelihood of
the FR vs. NR class. Predictive model generation can be conducted in both an unsupervised
fashion and a supervised fashion, with the approaches compared to select the best final model.
For unsupervised model generation, extreme gradient boosting®® will be employed on the entire
H&E morphologic feature set generated via the image analysis workflow. Extreme gradient
boosting is designed to handle large array data, and performed well in feasibility testing on 154
quantitative features generated by the CACHE-Grader pipeline (refer to D.4). For added
granularity, we will also employ a minimum redundancy maximum relevance method>- ®
followed by forward-selection within a multivariate mixed effects model®! % to generate a
parsimonious and fully transparent prediction model. It should be noted that a mixed effects
model has been chosen to take into account potential temporal and spatial correlations resulting
from repeated measures of the same individual patient (eg. more than 1 slide per patient). The
predictive performance of the supervised and unsupervised models will be compared in the held-
out set.

Important sub-analyses will also be performed. Specifically, EMB slides will be sub-
analyzed by acquisition date relative to the date of transplant and, for FR patients, the date of
incident CAR. Modeling of quantitative morphologic features extracted from EMBs obtained 1-

month and 3-months after transplant for FR and NR patients will be performed to assess whether
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CAR risk assessments (and thus, post-transplant management decisions) can be made during the
early post-transplant period. Additionally, for the FR group, modeling of morphologic features
from the EMB events in the weeks preceding incident CAR will be performed, and compared
with EMBs from earlier time points to understand dynamic elements suggestive of impending

CAR.

The aforementioned analyses provide a novel CAR risk prediction tool based on a deep
characterization of the in-situ immune-biology of allograft tissues. In addition to personalized risk
stratification, this model highlights the novel and therapeutically targetable immune processes

underlying allograft health and disease.
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What is claimed is:

1. A method for detecting an increased propensity for heart transplant rejection, graft

dysfunction, or organ failure, the method comprising:
(a) providing a sample from a subject who has received a transplant from a donor;

(b) obtaining an immunophenotype to establish an immune cell infiltration and immune

effector profile for detecting risk of serious allograft injury and

(c) diagnosing, predicting, or monitoring a transplant status or outcome of the subject
who has received the transplant by determining the proportional expression levels of immune
cell markers present in said transplant, said markers being at least five of CD3, CDS, FoxP3,
CD68, PDL1, IL17, Gal-9, CD4, CD20, CD86, D2-40, and CD31 and indicating increase risk of

transplant rejection, graft dysfunction or organ failure.

2. The method according to claim 1, wherein immunophenotype is examined using

immunocytochemistry, immunoblotting, flow cytometry, or fluorescence-activated cell sorting.

3. The method of claim 1 or 2, wherein the biological sample is endomyocardial biopsy (EMB).

4. The method of any of claims 1 - 3, wherein said rejection is clinically silent rejection.

5. The method of any of claims 1 - 4 further comprising administering one or more

immunosuppressive drug.

6. The method of any of claims 1 - 4, wherein the diagnosing, predicting, or monitoring

transplant status or outcome comprises treating a transplant rejection in a subject in need thereof.

7. The method of any of claims 1 - 5, wherein the diagnosing, predicting, or monitoring
transplant status or outcome comprises determining, modifying, or maintaining an
immunosuppressive regimen based on modulation therapeutic targets differentially expressed in

said EMB.

54



10

15

20

25

30

WO 2022/067009 PCT/US2021/051911

8. A method for identifying cardiac transplant tissue rejection in a human subject, said method
comprising: determining a first immunophenotype profile in an EMB sample taken from said
human subject, wherein said first immunophenotype profile comprises the protein expression
levels of CD3, CD8, FoxP3, IL17, PDL1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31;
and comparing said first immunophenotype profile to a second immunophenotype profile,
wherein said second immunophenotype profile comprises the protein expression levels of CD3,
CDS8, FoxP3,IL17, PDL1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31 obtained from
EMB samples collected from a human cardiac transplant population that does not have cardiac
transplant tissue rejection, wherein a statistically significant alteration in proportional expression
and intensity distribution patterns distributions of CD3, CDS, FoxP3, IL17, PDL1, Gal-9, CD4,
CD20, CD68, CD86, D2-40, and CD31in said first immunophenotype profile compared to said
second immunophenotype profile is indicative of cardiac transplant tissue rejection in said

human subject.

9. The method according to claim 8, wherein immunophenotype is examined using

immunocytochemistry, immunoblotting, flow cytometry, or fluorescence-activated cell sorting.
10. The method of any of claim 8 or 9, wherein said rejection is clinically silent rejection.

11. The method of any of claims 8-10 further comprising administering one or more

immunosuppressive drug.

12. A method for identifying a subject at risk for future cardiac transplant tissue rejection, said
method comprising: determining a first immunophenotype profile in an EMB sample taken from
said human subject, wherein said first immunophenotype profile comprises the protein
expression levels of CD3, CD8, FoxP3, IL17, PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40,
and CD31; and comparing said first immunophenotype profile to a second immunophenotype
profile, wherein said second immunophenotype profile comprises the protein expression levels of
CD3, CDS8, FoxP3, IL17, PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31obtained
from EMB samples collected from a human cardiac transplant population that does not

have cardiac transplant tissue rejection, wherein a statistically significant alteration in
proportional expression and intensity distribution patterns distributions of CD3, CD8, FoxP3,

IL17, PDLI1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31in said first immunophenotype
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profile compared to said second immunophenotype profile is indicative of increased risk of

cardiac transplant tissue rejection in said human subject.

13. The method according to claim 12, wherein immunophenotype is examined using

immunocytochemistry, immunoblotting, flow cytometry, or fluorescence-activated cell sorting.
14. The method of any of claim 12 or 13, wherein said rejection is clinically silent rejection.

15. The method of any of claims 12-14 further comprising administering one or more

immunosuppressive drug.

16. A computer-implemented method for detection of an increased risk of cardiac transplant
rejection in a subject in need thereof, comprising executing on a processor the steps of:
performing quantitative pattern analysis of immunofluorescence data corresponding to an
immunophenotype in an EMB indicative of undesirable immune cell infiltration correlated with
allograft rejection to determine a level of spatial heterogeneity or similarity with an
immunophenotype in standard subject not experiencing allograft rejection; and assigning an
allograft rejection risk based on the level of spatial heterogeneity or similarity determined during

said performing step.

17. The method of claim 16, wherein that immunophenotype is assigned based on differential
proportional expression levels of immune cell markers in said EMB, indicative of future

transplant rejection risk.

18. The method of claim 16 or claim 17 wherein said immune cell markers comprise at least

three of CD3, CDS8, FoxP3, IL17, PD-L1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31.

19. The method of any of claims 16 - 18, wherein said markers are at least CD3, CDS8, CD68,
PD-L1, and FoxP3.

21. The method of claims 16-19, wherein expression levels of each of CD3, CDS, FoxP3, IL17,
PD-L1, Gal-9, CD4, CD20, CD68, CD86, D2-40, and CD31 are determined.

22. The method of any of claims 16-21, wherein cellular spatial and patterns are mapped, thereby

characterizing in-situ interactions of immune cells and effectors.
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23. The method of any of claims 16-22, further comprising spatial analysis of lymphocyte
location based on compartment segmentation, and assessment of interactions with myocytes via

proximity graphs.
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