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Cancer Immune Monitoring and Analysis Centers and
Cancer Immunologic Data Commons

The CIMAC-CIDC Network: A Cancer Moonshot Initiative (U24)

The CIMAC-CIDC network will provide a standing infrastructure of bioassays and data commons for correlative
studies in NCl-funded trials involving immunotherapy ($50M+)

4 CIMACs for scientific expertise and a wide range of highly specialized services using state-of-the-art equipment

One CIDC for centralized bicinformatics resources for data collection and integration across trials and clinical databases
Scope of work

Support correlative studies in early (phase 1/ 2) immunotherapy trials in the CTEP Trial Networks and Grant-supported trials

900 patients / multiple timepoints / year for comprehensive profiling
Many additional patients from industry and non-NClI trials through Partnership for Accelerating Clinical Trials (PACT, $220M)
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Assays and platforms for monitoring https://cimac-network.org

Tier 1: recommended for all trials and chosen for balance between reproducibility/feasibility and innovation
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Scope — Background, Methodologies, Applications

Applications:
» Analyze repertoire properties as potential biomarker:
number of different clones, T cell repertoire diversity, clonality/entropy
* Analyze repertoire dynamics as potential biomarker:
clonal expansion, changes with treatment
« Tracking T or B cell specificity at the gene level over treatment using receptor variable
sequences as barcode
» Characterize TCR alpha-beta sequences for adoptive transfer
» Characterize BCR sequences for heavy-light chains for mAb or CAR-T
« Minimal residual disease (BCR) tracking

Challenges:

* Using TCR information to predict antigen specificity

» Coverage / sensitivity / errors / PCR expansion bias

« Adapting tests to formalin-fixed tissues with degradation (DNA/RNA, short/long reads)
« “Public”, i.e., shared TCR sequences



TC R re p e rto I re ap p I I C at I O n S Transplant International 2019; 32: 1111-1123

(a) Diversity (©) o (d) ®
w Control
5 ofa ¢ I

®9@ S 9 @
95558 c90%e 222 19
P00 P ©9%0° “08e° : :

Clonality _ w w

(b) A CASSLGGVTYNEQFF (e)

> CASSLVGGVVYNEQFF CASSVGGVPYNEQFF CASSVGGYV YNEQFF
c G CASSLGGVVYNEQFF
o CASSVGGVPYNEQFF CASSLGGVTYNEQFF
3 © '
I_%) CASSPGGVSYNEQFF
CASSVGGVTYNEQFF
>

Time

Figure 2 Insights from immune repertoire analysis. Analysis of repertoire data can offer a variety of valuable immunological information,
including: (a) clone size distribution statistics such as diversity and clonality, (b) tracking of clones in time, (c) physical/phenotypic space, (d)

sharing between individuals and (e) clonal sequence features (motifs, VJ-usage biases etc.).



Somatic mutations generate neoantigens
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Peptide presentation

The recognition of a peptide-MHC complex by a T
cell antigen receptor.
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CDR3 region from TCR Vbeta as the
biggest contributor to antigen specificity
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T cell receptor diversity
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4528489/

Adaptive Biotech Immunoseq TCR Beta Sequencing
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Oncomine TCR Beta Sequencing
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RNA-based sequencing (Ken Livak, DFCI)

rhTCRseq on bulk RNA
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Single-cell TCR profiling — 96-well plate

Single-cell input
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- Single Cell Sequencing

scTCRseq — 10X
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Inferring TCR and BCR
Information from bulk seq data

Several algorithms exist,
including TRUST, validated
here with scRNAseq data

http://sitn.hms.harvard.edu/flash/2017/single-cell-
revolution-zooming-human-health-disease/

Genome Med. 2019 Nov 26;11(1):73
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https://www.ncbi.nlm.nih.gov/pubmed/31771646

Immune receptor repertoires in pediatric
and adult acute myeloid leukemia

Higher clonal expansion of both T cells and B cells

in the AML microenvironment.
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Convergence as new proposed metric

» Convergent TCRs are identical in amino acid space but different in nucleotide space

* Instances where T cells independently underwent VDJ recombination and proliferated

In response to a common antigen

* Proposed to serve as an indicator of the immunogenicity of tumor
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Front Immunol. 2020;10:2985
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Cloning and expressing TCR
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Custom cell line
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Useful for characterizing or confirming T cell specificity and for
generating TCR-transduced cells for adoptive transfer



Applications

Higher intra-tumoral TCR clonality has been
observed in responders to anti-PD-1 antibody
treatment at both pre-treatment and during-
treatment timepoints, whereas no such effect was
observed for CTLA-4 blockade therapy [64—67].

In contrast, higher TCR repertoire diversity in the
peripheral blood after CTLA-4 blockade was
correlated with drug-related toxicities in prostate
cancer [68,69] and metastatic melanoma [70].

It was recently shown that both PD1+CD8+ [79]
and CD4+ Treg clonotypes [80] from peripheral
blood match corresponding tumor-resident clones
and appear to be tumor-reactive.

Transplant International 2019; 32: 1111-1123
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Clonally expanded intratumoral cytotoxic CD4 T cells in bladder cancer

Larry
Fong

Single-cell RNA and paired T cell receptor (TCR) sequencing of 30,604 T cells from 7 patients. We find that the states and
repertoires of CD8+ T cells are not distinct in tumors compared with non-malignant tissues. In contrast, single-cell analysis of
CD4+ T cells demonstrates several tumor-specific states, including multiple distinct states of regulatory T cells. Surprisingly,
we also find multiple cytotoxic CD4+ T cell states that are clonally expanded. These CD4+ T cells can kill autologous tumors in
an MHC class lI-dependent fashion and are suppressed by regulatory T cells.
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Regulatory CD4" T cell Cytotoxic CD4" T cell

Bladder tumor

Cell. 2020 Jun 25;181(7):1612-1625.e13
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Tracking clonally expanded T cells and their transitional states in early NSCLC

Two precursor populations converge through a unique transitional state into terminally differentiated dysfunctional or exhausted
cells, along with TCR expansion, and transition from precursor to late-differentiated states correlates with intratumor T cell cycling.
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DeepCAT: a deep learning tool for de novo prediction of cancer-associated TCRs

Blindly apply DeepCAT to distinguish over 250 patients with cancer from over 600 healthy individuals using blood TCR sequences:
high prediction accuracy (AUC = 0.95) for multiple early-stage cancers for using peripheral blood TCR repertoire as
noninvasive cancer detection.
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Serial biopsies in 25 melanoma patients

Comparing T cell repertoire clonality
and abundance with anti-PD-1
therapy in advanced melanoma

Biopsy - gDNA - immunoSEQ" (TCRB)
Anti-PD-1 therapy
Biopsy - gDNA - immunoSEQ (TCRB)

Tumeh PC, et al. (2014) Nature 515(7528):568—71 (Adaptive Biotech.com)

Quantitative sequencing of T-cell receptor
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29 patients with urothelial carcinoma in a single arm, phase Il clinical trial were evaluated.

Pre-treatment tumor =+ whole exome sequencing, RNA-seg and immunoSEQ
hsTCRB Assay

Pre-treatment and serially collected post-treatment blood = immunoSEQ hsTCRB A

RESULTS

* Increased pre-treatment TIL density corresponded to DCB, but not continuous
progression free survival (PFS).

* High diversity in pre-treatment blood is associated with improved PFS and overall
survival (OS).

* Expansion of TIL clones (at 3 weeks after initiation of treatment) was pronounced in the
post-treatment blood of patients with DCB.

« All patients with high diversity blood repertoires and increased TIL clonality survived
over 1 year following treatment.

* No significant association between mutation burden or predicted neoantigen load with
DCB or OS.

Figure 1. Tumor Figure 2. BIOOd
ns * *
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TIL Measurement Response

Contribution of
systemic and somatic
factors to clinical
response and
resistance to PD-L1
blockade in urothelial
cancer: An exploratory
multi-omic analysis

Snyder A, et al. PLOS Medicine. 2017; 14(5): €1002309.



Immune checkpoint blockade in melanoma leads to more clonal
and diverse T cell infiltrate in responders

Pre-CTLA-4 Blockade Pre-PD-1 Blockade On-CTLA-4 Blockade On-PD-1 Blockade
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a more clonal T cell repertoire was predictive of response to
PD-1 but not CTLA-4 blockade, already from baseline

Clonality was measured as 1-(entropy)/log2(# of productive unique
Roh et al., Sci. Transl. Med. 9, eaah3560 (2017) sequences), with entropy taking into account clone frequency



Neoadjuvant immune checkpoint blockade in melanoma (nivo or nivo+ipi)
leads to more clonal and diverse T cell infiltrate (along with higher
lymphoid infiltrate) in responders, but not in blood
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https://www.ncbi.nlm.nih.gov/pubmed/30361510

Clonotypes through neoadjuvant PD-1 blockade in resectable lung cancer
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Example of NSCLC study combining radiotherapy and ipilimumab

Collaboration with C.Lhuillierand S. Demaria

3 mglkg, every 3wks, 4 cycles Patients: Chemotherapy refractory metastatic NSCLC (n=39)

A .
Blood sampling Treatment: Radiotherapy and concurrent anti-CTLA-4 Ab

PET/CT imaging Ipilimumab PET/CT imaging
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More recent evidence of clinical association with TCRseq

Characterization of ascites- and High TCR clonality (and % CD8* T cells) Pretreatment TCR diversity (and
tumor-infiltrating yd T cells reveals as predictors of efficacy of neoadjuvant CD4* T,,,) in circulation is associated
distinct repertoires and a beneficial chemotherapy in breast cancer with severe immune-related adverse
role in ovarian cancer Front Immunol. 2021;12:689091. events after immune checkpoints
Sci Transl I\/I.eB(:I. §021;13:eabb0192. T cell diversity D50 8 P=0.0004 Nat Med. 2022.
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Recent technical advances (fixed cells, integration with GEX, Al)

Droplet-based mRNA sequencing of fixed and permeabilized cells by CLInt-seq

allows for antigen-specific TCR cloning with intracellular cytokine information
Proc Natl Acad Sci U S A. 2021;118(3):2021190118

Fix via DSP Droplet-based cell barcoding . . .
Permeabilize via Triton X-100 via 10X Genomics microfluidics DeepTCR- a deep Iearmng framework for reveallng Sequence
RNase free conditions

concepts within T-cell repertoires (convolutional neural networks)
Nat Commun. 2021;12:1605.
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Integrating T cell receptor sequences and transcriptional

profiles by clonotype neighbor graph analysis (CoNGA)
Nat Biotechnol. 2022;40:54-63
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CoNGA identifies statistically significant overlap between a GEX similarity graph and a TCR sequence similarity graph
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Gene usage

2D projections
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Combine tetramer sorting
with single-cell TCRseq to
find clusters of related
TCRs and metrics that can
predict similar specificity
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Based on homology models Front Physiol. 2021;12:73090¢

Predicting antigen specificity — E—

Linking TCR sequence to antigen specificity using tetramers Testing
RAT-PCR and well barcoding TCRpMHCmodels
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BCR sequencing as biomarker of cancer outcome still underexplored
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B cells associated with
overall survival benefit in
HPV+ squamous cell
carcinomas and are
activated by radiation
and PD-1 blockade

BCR-sequencing found that
radiotherapy enhances B cell
clonality, decreases CDR3
length, and induces B-cell
somatic hypermutation.

Clin Cancer Res. 2020;26:3345-3359.



Take home message

TCR and BCR sequencing provide important metrics of clonality/diversity
of the adaptive immune repertoire of lymphocytes in cancer patients

Many papers showing predictive biomarker value for TCR repertoire in |-O trials

Flexibility of methods (bulk, single cell, survey, deep) from different materials
(FFPE, blood, RNA, gDNA) allow for a wide variety of tissue sources

Choosing the approach depends on downstream need and tissue availability

TCR/BCR sequencing is a useful tool in the arsenal of immune monitoring technologies
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