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All along the watchtower / Princes kept the view

While all the women came and went / Barefoot servants, too
Outside in the cold distance / A wildcat did growl

Two riders were approaching /And the wind began to howl
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Agenda for today

Immune surveillance in cancer

Schreiber’s model of “immunoediting”

Human evidence for immunoediting
late stage cancers = immune escape
immunotherapy-treated cancers = editing / elimination

early stage cancers = immune equilibrium

Using this knowledge to predict immunotherapy response



First speculation of immune surveillance in cancer—70 years ago
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CANCER—A BIOLOGICAL APPROACH
L THE PROCESSES OF CONTROL

Sir MACFARLANE BURNET, M.D, FRS.
Walter and Eliza Hall Institute of Medical Research, Melbourne, Australic

The understanding and control of cancer is the most
urgeat problem of medicine to-day Thevoluneol
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influence on any attempts to gain a clear picture of the
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both in the application of knowledge to
and in the planning of future research. At the

facet of knowledge until the facts are incontrovertible
and are expressible in some general statement, prefer-
ably mathematical in form, that is acceptable to all com-
petent workers. Then we have available a defined unit
of knowledge which can be used refiably when the time
comes to apply the knowledge in any field where it is
required. The great majority of scientists take an inter-
mediate position. usually finding their immediate interest
nthedeuzkdnwyolachoua&ld.hxmmndn
Iamgoflhemrm of general pictures in the

The present approach to a discussion of the general

growth is growth of cells free from the normal control
exercised by the organism as a whole. Expericace of
tissue culture suggests that most or all mammalian cells
have a capacity for growth when provided with appro-
priate nutrients. The real problem of cancer is then
to understand the processes of coatrol by which normal
cells from the fertilized ovum 1o the end of life are
maintained in morphological and functional condition
appropriate 10 the needs of the organism at the time.
Perbaps it should be stressed how much more complex
and difficult to understand are the processes by which a
finger retains its character than what is happening in a
carcinoma of the lung. Cancer is a negative condition—
a manifestation of the breakdown in one or more
aspects of the positive control that welds the cells of the
body into a single functioning unit—the organism as a
whole

The failure in cancer is due not to eny weakness of
the organism but to @ change in the character of the
cells rendering them in one way or another insusceptible
to the mormal control.

This statement is self-evident when we coasider the
phenomena of metastasis and experimental transplanta-
tion. When cells from a gastric carcinoma produce
metastases in the liver there is nothing to suggest any
weakness in the cootrol of liver cells. The secoadary
nodules are clearly due to cells from the primary
tumour. This is even more clearly scen in the case of
experimental transplants to animals homozygous with
the original host of the tumour. The same two sets of
phenomena indicate also that the change in the ceils
is something handed on from one generation of cells
to the next. ln the broad sease of the term the change
is a genetic one. It is immaterial at the moment whether
mvestigation will in any given case eventually give 2
mpmcishhdlothmkehnq&-.h{hai

...the failure of such a mechanism might be one of the factors
permitting the emergence of clinical cancer. A decline in
immunological reactivity with age could therefore contribute
to the increased incidence of malignant disease in later life.

..small accumulations of tumour cells may develop and,
because of their possession of new antigenic characters, be
destroyed by immunological mechanisms before they become
clinically evident.

If this were so, the elimination of nascent tumour cells would
be a function of the immune response comparable to the
rejection of homografts. Such a mechanism might well
account for the failure of many potential neoplasms to
progress beyond the microscopic stage.
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Paper #1 Discussion —The 3 E's of Immunoediting

“Danger” Intrinsic tumor suppression
Transformed  signals  tymor NkR  (senescence, repair, Normal
cells *.. antigens ligands and/or apoptosis) tissue
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Tissue-resident memory CD8" T cells promote
melanoma-immune equilibrium in skin Nature 2019
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s there evidence of immunoediting in humans?

Equilibrium?
Elimination?
Escape?



Fatal Melanoma Transferred in a Donated Kidney
16 Years after Melanoma Surgery

1o THE epitor: We report a case of fatal melanoma
that had been transferred in a donated kidney and
that occurred 16 years after surgery for primary mel-
anoma in the donor. A woman with polycystic dis-
ease received a renal transplant in May 1998. The
graft functioned well. In November 1999, routine
mammography showed a nodule in the left breast,
and a biopsy specimen was obtained. Primary breast
cancer was diagnosed. Pain and swelling then de-
veloped over the renal transplant, and two subcuta-
neous nodules were found. Biopsy confirmed the
presence of secondary melanoma. No primary mel-
anoma was identified. The pathological features of
the breast specimen were reviewed, immunocyto-
chemistry was performed, and secondary mela-
noma was diagnosed. Immunosuppression was
stopped, the nodules were excised, and the patient
underwent a trial of interferon, which was stopped
because of toxicity. She died of metastatic melano-
ma in March 2000. In May 2000, a man presented
with a palpable lump over a kidney, also donated in
May 1998. The function of the graft had been good.
Renal biopsy showed secondary melanoma, and
again no primary tumor was identified.

The transplant registry showed that both of these
patients had received a kidney from the same donor,
who had died from a presumed subarachnoid hem-
orrhage. Autopsy had not been performed. The pa-

Figure 1. Affected Kidney from Patient 2.

The excised kidney is necrotic and contains a large, cen-
tral mass of melanoma tissue (Panel A). An S-100-
stained specimen of the kidney shows striking cytologic
atypia and strong S-100 positivity (Panel B).

NEJM, 2003
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Normal, sun-exposed skin: lots of mutations in cancer driver genes

High burden and pervasive positive
selection of somatic mutations in
normal human skin
e e e e v ™ Why do we not all develop skin SCC?

Jose M. Tubio," Lucy Stebbings," Andrew Menzies," Sara Widaa," Michael R. Stratton,’
Philip H. Jones,** Peter J. Campbell***

Hundreds of UV-related mutations per cell
.. some mutated cells (eg, TP53) grow exponentially in UV-exposed skin

Science 201 .
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Skin SCCs: many mutations (UV signature)
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Cutaneous SCC: high mutation load; highly immune-infiltrated

The NEW ENGLAND JOURNAL of MEDICINE
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Organ transplant recipients: diminished adaptive immune response
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A rare opportunity to observe immune equilibrium

“Danger” Intrinsic tumor suppression
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Genomic profiling of 1042 buccal swabs from healthy donors

nature

Somatic mutation and selection at
populationscale
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Increasing mutations in oral epithelial cells with age ...
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10-20% of buccal epithelial cells carry cancer driver mutations by age 65
1) Why don’t 10-20% of people get oral cavity squamous cell cancer?

2) If mutations provide a fitness advantage, why don’t tumors just keep mutating?



10-20% of buccal epithelial cells carry cancer driver mutations by age 65
1) Why don’t 10-20% of people get oral cavity squamous cell cancer?

2) If mutations provide a fitness advantage, why don’t tumors just keep mutating?

Constraints?
are more mutations immunogenic?
does immune surveillance keep these cells in check?
[other fitness tradeoffs from deleterious mutations?]




Hypothesis:
If some mutations generate immunogenic neoantigens ...

More highly-mutated tumors will be more poised to respond to immunotherapy



More mutations = more benefit from checkpoint inhibitors

1662 ICl-treated patients at MSK
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More mutations = only beneficial in immunotherapy context

Overall Survivalin 10,233 patients (2,022 ICl-treated)
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Is there direct evidence of immune editing in human tumors?

1.During immunotherapy (rejection vs escape)

2.During metastasis (escape)



Salivary gland cancers

~20 histologic subtypes
No consensus or FDA-approved treatment for recurrent/metastatic salivary cancer

Facial nerve

Parotid gland Sublingual gland

Submandibular gland

Head and Neck Service
MSKCC



Mutational contraction in responding tumors
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Metastasis is a bottle neck that requires tumor escape

Primary tumor —> Metastasis

Elimination Equilibrium
% Evolutionary
Evolutlonary bottleneck
bottleneck

@ Cancer cells sensitive to anti-tumor immunity

. Cancer cells resistant to anti-tumor immunity

i Immune cells



nature genetics
8171 samples from 3732 patients (targeted NGS)
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Cancer Type
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Copy number alteration (pan-cancer)

956 ICl-treated patients at MSK

Data from Van Allen ef a/., 2015 (n = 110 patients)
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Tumor aneuploidy correlates with markers of immune
evasion and with reduced response to immunotherapy
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Summary so far:

Normal tissues in the H&N develop mutations over time
However, mutations can be immunogenic

This tradeoff constrains mutagenesis

Immunogenic mutations are a vulnerability that we can target



Learning from exceptional ACC responders

Cohort 1 (ACC)
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Learning from exceptional ACC responders

Deconvolution of TMG hits with individual peptides

25-mer peptide screen CD8+ T-cells
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Understanding immune escape with the “"cancer immunogram”

Tumor foreignness
Mutational load
Tumor sensitivity ’
to immune effectors
MHC expression,

General immune status

IFN-ysensitivity | . Lymphocyte count

Absence of inhibitory

tumor metabolism Immune
LDH, glucose utilization - cellinfiltration
~Intratumoral T cells

Absence oIfL.f,g'ILcl:I,J?I; inhibitors - — KBesnee g:) (_:IL'Ileckpoints

Blank, Ribas and Schumacher, Science 2016






The fate of a nascent tumor under immune surveillance

Immune escape

Immune equilibrium



Trends in thyroid cancer incidence in the US

All histology

Papillary
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Data from NCI SEER registry, 2014



Trends in thyroid cancer incidence in the US

16 -

49% of increase: All histology incidence
87% of increase: / N PTC incidence
v

14

12

10

Incidence per 100,000

Mortality




Incidence per 100,000

Why is only one line going up?
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Thyroid cancer
incidence

Mortality



# of cancers

# of diagnoses

# of deaths



Not an epidemic of disease, but of diagnhosis
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The subclinical reservoir

Occult Papillary Carcinoma of the Thyroid

A "Normal’ Finding in Finland. A Systematic Autopsy Study

H. RUBEN HARACH, MD* KAARLE O. FRANSSILA, MD, AND VELI-MATTI WASENIUS, BA

101 thyroid glands
2-3mm sections 2 36% prevalence

(prostate cancer = 40-60%)

Cancer 1985



The prevalence is similarin men and women ...
But women are diagnosed with 3x as many thyroid cancers




The subclinical reservoir

1000 to 1

Ratio of sub-clinical cancers to detected cancers



50 - 100 million Americans

Occult papillary thyroid cancer



Not every cancer needs to be detected

SCREENING detects cancer

R
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cancer causes
slow death
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[ symptoms
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.
o ‘ very slow THIS IS WHEN
w : OVERDIAGNOSIS
m | OCCURS
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y %

| non-progressive

ABNORMAL CELL TIME DEATH FROM OTHER CAUSES

NCI Division of Cancer Prevention



Explaining survival measures to patients

Overall survival — probability of not dying (of anything)

Net cancer survival

Disease-specific survival — probability of not dying of this cancer

Relative survival — probability of not dying, compared to similar people without cancer*

*matched for age, sex, and race



Survival in patients with early stage* cancers

Relative Survival (RS)
------- Disease-Specific Survival (DSS)

|

Many overdiagnosed cases ... and

Percent Survival _
8
L

“The healthy user effect”

70°

b
o -
co =

T
0 2

o Not every cancer diagnosis portends an earlier death.
.Prostate: " . . _ -
W ocs: Your life prior to diagnosis probably means more for
I Melanoma: your survival than this cancer diagnosis itself.”
.Thyroid:
B Breast:

*Stage 1, Gleason 6, or DCIS
RS: survival compared to a non-cancer comparison cohort, matched for age, sex, race and time period Marcadis et al, JAMA Int Med 2019



Are indolent cancers good because they are small...

Adaptive immunity mai
equilibrium state

ine M. Koebel’, William Vermi
iﬂa::‘ke;m;my’ihl"* & Robert D. Schreiber'

i'2, Jeremy B. Swann™

or small because they are good?

ntains occult cancer in an
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€Dax o JFN-y IL-6, IL-10 =T~ TGF-B
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Tumor growth
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Robert Schreiber and Lloyd Old  Science 2011



Cancers in equilibrium are “overdiagnosed”

SIZE OF CANCER

SCREENING detects cancer

_____________ —e SIZE at which

cancer causes

death

________ —o SIZE at which
cancer causes
symptoms

THIS IS WHEN
OVERDIAGNOSIS
OCCURS

very slow

non-progressive

i
i y ¥
|

ABNORMAL CELL

4
DEATH FROM OTHER CAUSES
TIME

NCI Division of Cancer Prevention

Thyroid
Melanoma
Prostate

Breast
(ER+/Her2-)

NSCLC

% of cases overdiagnosed

& - - - -
—fsses ss ssa e - - =

VS.

Less prone to
overdiagnosis

Esophageal
Head & Neck SCC
Pancreas
Gastric

Breast
(TNBCQ)

Compare large vs small

Immune microenvironment

(RNA-sequencing)
Antigen presentation

(HLA LOH/expression)
T cell clonality

(TCR repertoire)



Lymphocyte Infiltration Signature Score
Tumor Infiltrating Lymphocyte Fraction
Leukocyte Fraction

Equilibrium
o oll-12
. .
CD4s  * IFN-y IL6, IL-10 =T TGF-B
- PD-L1 Galecm-lT DO

Tumor dormancy
and editing

Cancer Associated Fibroblasts A
HLA-1 Expression 1 o
HLA-2 Expression A
HLA Loss of Heterozygosity - (&)
Qv

OV: thyroid, ER+/Her2- breast, lung squamous, lung adeno, melanoma, prostate
nOV: pancreatic, esophageal, gastric, head & neck S5CC, triple negative breast

Overdiagnosis-prone cancers (QV)

Larger tumors have:
Much less immune infiltration
Much less anti-tumor immunity
More immunosuppressive cells
More clonal T cell repertoire
Loss of HLA

All signs of immune escape

Non-overdiagnosed cancers (nOV)

No differences
No signs of immune escape

7N . '
Abhi David Joris
Pandey  Kuo Vos
Cancer Cell 2023



Primum non nocere

400 - Active surveillance in thyroid cancer @ MSK, 2024
Decreased >50%
300+
s B stable at +50%
>
Increased >50%

£ 200- n
S | Increased 23 mm
S
£ 100-
]
—
= n=660
& 0—?—-
-
mn
-
-

-100+

| )
|
500 81% at 10 years

Tuttle ... Morris, Thyroid 2022
Tuttle ... Morris, JAMA Oto-HNS 2017



How do we avoid low-value & harmful interventions?

Prostate cancer
Papillary thyroid cancer
DCIS?

Don’t just do something ...
Stand there!




Part ||

Can this knowledge help us
predict immunotherapy response?



|II

"All models are wrong, but some are usefu

George Box, FRS

English statistician



Why do we need predictive biomarkers for 10 drugs?

Most patients do not experience tumor response

Unselected or indiscriminate use of IO drugs is:
Expensive (>$100,000 per QALY)
Toxicity without benefit

Current biomarkers Potential biomarkers

PD-L1e ' ‘ %ﬂ . T cells

Deficiency in IFN signaling  Tumor-infiltrated T cells PD-1/PD-L1 interaction
or antigen presentaiton Peripheral T cells PD-L1 de-glycosylation
TTTTIITTTT "4
FEENEENNNES %0 :' e Co-inhibitory receptors
Deficiency in other DNA :

dMMR/MSI-H




our first clues: mutational load

Objective Response Rate (%)
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LETTERS

https://doi.org/10.1038/541588-018-0312-8

Tumor mutational load predicts survival after
immunotherapy across multiple cancer types

Robert M.Samstein®'2", Chung-HanLee**", Alexander N.Shoushtari ©3*™, Matthew D.Hellmann®3*™,
RonglaiShen?, YelenaY.Janjigian®4, David A.Barron'?, Ahmet Zehir ©¢, Emmet J. Jordan?,

Antonio Omuro’, Thomas J.Kaley’, Sviatoslav M. Kendall?®, Robert J. Motzer 34, A. AriHakimi®,
Martin H. Voss?4, Paul Russo®, Jonathan Rosenberg?#, Gopalyer®3#, Bernard H.Bochner?,
DeanF.Bajorin®*, Hikmat A. Al-Ahmadie®, JamieE.Chaft**, Charles M.Rudin®3#, Gregory J.Riely**,
Shrujal Baxi*#, AlanL.Ho*#, Richard J. Wong®, David G.Pfister*, Jedd D. Wolchok3?,

Christopher A. Barket', Philip H. Gutin®, Cameron W.Brennan®, Viviane Tabar®, Ingo K. Mellinghoff®,
LisaM.DeAngelis®, Charlotte E. Ariyan®, Nancy Lee', William D. Tap#, Mrinal M. Gounder®*,

Sandra P.D'Angelo®*, Leonard Saltz*#, Zsofia K. Stadler**, Howardl.Scher**, Jose Baselga®*,
PedramRazavi*4, Christopher A.Klebanoff34, Rona Yaeger>4, NeilH.Segal*4, Geoffrey Y. Ku3*,
Ronald P.DeMatteo®, MarcLadanyi?¢, Naiyer A. Rizvi'®, Michael F.Berger3¢, Nadeem Riaz'28%,
David B.Solit ®23%*, Timothy A. Chan®'2872* and Luc G.T.Morris &28912*

Yarchoan, Hopkins, and Jaffee, NEJM 2017

Immune checkpoint inhibitor (ICI) treatments benefit some
patients with metastatic cancers, but predictive biomarkers
are needed. Findings in selected cancer types suggest that
tumor mutational burden (TMB) may predict clinical response
to ICl. To examine this association more broadly, we ana-
lyzed the clinical and genomic data of 1,662 advanced cancer
patients treated with ICl, and 5,371 non-ICl-treated patients,
whose tumors underwent targeted next-generation sequenc-
ing (MSK-IMPACT). Among all patients, higher somatic TMB
(highest 20% in each histology) was associated with better

clonality, gene expression signatures and peripheral blood markers
may correlate with clinical response®. Additionally, an association
between high mutational load and clinical benefit was observed
in small cohorts of patients with melanoma treated with CTLA-4
blockade*, and non-small cell lung cancer (NSCLC), patients with
melanoma and bladder cancer treated with PD-1/PD-L1 inhibi-
tors™"". However, it is unclear whether TMB is robustly predictive
of clinical benefit across diverse human cancers, or outside of these
specific clinical trial populations.

In previous studies, mutation load was determined by using

overall survival. For most cancer hi an
between higher TMB and improved survival was observed.
The TMB cutpoi iated with impi d survival varied

markedly between cancer types. These dataindicate that TMB
is iated with impi d survival in patients receiving ICI
across a wide variety of cancer types, but that there may not
be one universal definition of high TMB.

In recent years, ICI therapy has revolutionized the treatment of
patients with advanced-stage cancers. These agents include antibod-
ies that target CTLA-4 or PD-1/PD-L1". Durable benefit, however,
is limited to a minority of patients. Recently, several large phase
3 trials have reported negative results in both unselected patients
and selected groups, highlighting the clinical need to identify better
predictive biomarkers”. Early reports have suggested that PD-L1
immunohistochemistry, T-cell infiltration levels, T-cell receptor

whol sequencing, which is not widely utilized in routine
clinical care. Currently, the majority of precision oncology plat-
forms use next-generation sequencing of targeted gene panels. At
Memorial Sloan Kettering Cancer Center (MSK), as part of clini-
cal care, patients undergo genomic profiling with the Food & Drug
Administration (FDA)-authorized Integrated Mutation Profiling
of Actionable Cancer Targets (MSK-IMPACT) assay™. This test is
performed in a Clinical Laboratory Improvement Amendments
(CLIA)-certified laboratory environment and identifies somatic
exonic mutations in a predefined subset of 468 cancer-related genes
(earlier versions included 341 or 410 genes), by using both tumor-
derived and matched germline normal DNA.

We examined the association between nonsynonymous somatic
TMB, as measured by MSK-IMPACT, and overall survival after
treatment with ICL. The cohort included 1,662 patients whose

Samstein et al, Nature Genetics 2019



Hazam ratio

1.0 -

i
i
I

Tumor mutational load across cancer types

]
F.E

I
uw
-

1662 |Cl-treated patients at MSK

\—'bv—./vw""’

0.0

0 20

TMEB cutoff

40

60

Overall survival (%)

Survival from start of immunotherapy

100 -

50 -

= TOp 10% TMB within histology
=i Top10-20% TMB within histology
4 Bottom 80% TMB within histology

P=17x10°

12

Time (m)

Robbie Samstein, Nature Genetics 2019



Prognostic impact of TMB depends on context

Overall Survival in 10,233 patients (2,022 ICl-treated)

Before ICI / no ICI After ICI

TU g_ \ g_
>
S, o High TMB
a High TMB
3 3 3
()]
> N o~
O o o

"5 : A " =l "3 : ;A 5

Time (Months) Time (Months)

TMB Bottom 80% before/without ICI

TMB Top 20% before/without ICI

TMB Bottom 80% after ICI

TMB Top 20% after ICI

ICI: immune (T cell) checkpoint inhibitor
Note: ICI(t) was modeled with a time-dependent covariate

Cristina Valero (Nature Genetics 2021)



Tumor mutational load across cancer types

Immune checkpoint patients treated at MSK

Pan Cancer

Cancer Type
Bladder Cancer
Breast Cancer
Colorectal Cancer
Esophagogastric Cancer
Glioma
Head and Neck Cancer
Melanoma
Non-Small Cell Lung Cancer
Renal Cell Carcinoma

Drug Class
Combination
CTLA4
PD-1/PDL-1

No. of Patients

1725

127
46
63
53

117

I
Ha—]
H—
H—
HE—
78 H—
L 3
H—
H—
o=
H—
L

323
472
155

288
140
1297

0O 056 1 15 2 25 3 35
<——— Improved Survival for Greater Mutations

Cutoff P Value

17.55

16.73
3.51
13.17
10.82
4.46
7.87
11.15
18.96
1.76

17.55
17.55
17.55

4.52e-08

0.038
0.025
0.081
0.065
0.043
0.028
1.11e-05
3.56e-03
0.038

0.205
3.04e-03
4.26e-05

Caveat: The optimal predictive cutoff varies by cancer type

Samstein et al, Nature Genetics 2019



TMB has modest predictive capacity across MSS cancers

Response Rates to Anti-PD-1Immunotherapy in Microsatellite-Stable Solid
Tumors With 10 or More Mutations per Megabase

Cristina Valero, MD, PhD; Marl Lee, BS; Douglas Hoen, PhD; Ahmet Zehir, PhD; Michael F. Berger, PhD;
Venkatraman E. Seshan, PhD; Timothy A. Chan, MD, PhD; Luc G. T. Morris, MD, MSc
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Valero et al, JAMA Oncology 2021



Cheap biomarkers: almost as good as TMB

Pretreatment neutrophil-to-lymphocyte ratio and

o
- - D i
mutational burden as biomarkers of tumor 2
response to immune checkpoint inhibitors
Cristina Valero® 123 Mark Lee?3, Douglas Hoen?3, Kate Weiss23, Daniel W. Kelly4, Prasad 5. Adusumilli® 1 £
Paul K. Paik®, George Plitas', Marc Ladanyi®, Michael A. Postow®, Charlotte E. Ariyan’, o T
Alexander N. Shoushtari® >, Vinod P. Balachandran® ', A. Ari Hakimi® 27, Aimee M. Cragc:',
Kara C. Long Rochel, J. Joshua Smith(® T lan Ganlyuj, Richard J. Wong', Snehal G. Patell Jatin P. Shah(® 1 ‘a\
MNancy Y. Lee’, Nadeem Riaz(® 237, Jingming Wangzﬁ, Ahmet Zehir® & Michael F. BergerE‘, S
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Valero et al, Nat Comms 2021




Can we do better with more genomic/transcriptomic data? A little

Final trained model (n=1008 samples),

CPI1000 training datasets: top 5 importance scores:

Snyder et al.

ano-CTLA-4

al. Urothelial
anti-PD-L1

ant-PD-L1

Signat.
obacco|

Machine learning tree based ensemble model (XGBoost) to
predict CPI response (pan-cancer), trained with n=1008 samples T T T T T T 1

000 005 010 015 020 025 0.30

Feature Importance Score

Testing of TMB versus multivariable CPI stratifier performance in three independent test cohorts (total n=341):

Test cohort 1: KEYNOTE-028 study

Test cohort 2: University Hospital Essen study
(other tumor types, Cristescu et al. 2018, n=76)

Test cohort 3: Samsung MC study
(melanoma, Liu et al. 2019, n=121)

(NSCLC, Shim et al. 2020, n=144)
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XGBoost decision tree model

11 features (from WES+RNAseq)
Average AUC of 0.72

(weighted mean, 3 test sets)

Litchfield ... Swanton et al. Cell 2021



Summary so far:
TMB alone
Genomic models (WES and/or RNAseq)
Multi-modal models (radiology + pathology + genomics)

What can we get from just clinical tumor sequencing?



What is the best we can do with clinical-level tumor sequencing?

Training features

Genomic features Training target
(TMB, FCNA, HED..)

Immune che: i
Clinical and blockade (ICH) response >
demographic features (RECIST V=
(Age, stage, BML..)

\ )
Y

MSK-IMPACT ICB cohort
(n = 1,479)

80% 20%

Stratified by
Training set cancer type Test set
(n=1,184) (n = 295)
Select the best model Model
P performance
evaluation

5-fold cross-validation

Patient survival after
ICB response administration of ICB
(RECIST v1.1) (OS, PFS)

ARTICLES

Mitpe et g/ W0 SN 0N TO-4

L e

Actual response
_|
z
Survival probability

TP }
. . Improved prediction of immune checkpoint
Predicted response blockade efficacy across multiple cancer types

Time

Chowell et al, Nature Biotechnology 2021



A random-forest approach to improve predictive value

NSCLC (393/145'

Melanoma
Renal

Bladder

Head and Neck
Sarcoma
Endometrial
Gastric
Hepatobiliary
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Performance of the RF model — predicting response

Training set
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Performance of the RF model: predicting response

Non-melanoma/non-NSCLC cancer types

Pan-cancer model

Cancer
type Training set Test set

AUC AUC
Bladder 0.85 0.70
Breast 0.98 0.25
Colorectal 0.92 1.00
Endometrial 0.86 0.86
Esophageal 0.88 0.95
Gastric 0.92 0.68
Head & Neck 0.91 0.45
Hepatobiliary 0.92 0.94
Mesothelioma 0.84 0.83
Ovarian 0.95 1.00
Pancreatic 0.95 1.00
Renal 0.86 0.81
Sarcoma 0.88 0.83

SCLC 0.92 0.78




Performance of the RF model — predicting survival

Overall Survival
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Do we need to take a Cybertruck to go grocery shopping?
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Paper #2 —We need tools using commonplace data features

2,881 patients across 18 cancer types

Features

® Chowell et al

(NSCLC, n=198)
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® Vanguri et al.
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(pan-cancer, n = 35)

® Raviet al.
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(pan-cancer, n =57)

>
.
D

g ® TMB
(pan-cancer, n =1,479) ® PD-L1TPS
® Systemic therapy
® Shim et al. Cancer Type i

] Pancreatic
H NSCLC
]

B Esophageal

history
Slollgrectal @ Blood albumin level
elanoma
Hepatobiliary L4 Bl09d NLR
Gastric o Patient age

® Patient sex
® |CBdrug class
® Cancer type

SCLC

Machine
learning

Endometrial B
H';aﬂﬂengik Patient outcomes

Cwvarian
Breast ® ICB objective

Mesothel\oma response (training

Unknown primary target)
CNS

o Overall survival

® Progression-free
survival

20

Machine
learning
models

!

Hyperparameter tuning
with 5-fold cross-validation

— Model evaluation with 10k replicate—
random data splitting

8% 100
_:CJ

5 &
>0
z®
Em?ﬁ
a2
26
=

=)

&g o

Patient score

Eytan Ruppin
Pl, NCI

Patient Ml High

g’g 100 score I

§ g Low ‘-
2

g8

S E

®E o

Time

Tiangen Chang

nature cancer

Article Mg

G 0rg/ Y0 M0I8A43010 024 00T

LORIS robustly predicts patient outcomes
withimmune checkpoint blockade therapy
using common clinical, pathologicand
genomicfeatures

Model test on
unseen datasets

- s m—
=1
0k CC———— T
— :
[ | ]
A Performance
Evaluation [l .
Training [] '

Performance of model m ™~

Chang et al, Nature Cancer 2024



Immune surveillance: relevant in early & late-stage cancers

Normal tissues are probably replete with mutations
Especially as we age
Oral epithelial cells
Skin cells

We can find evidence of immunoediting in patients
Immune escape in tumors that do not respond to immunotherapy
Immunoediting in tumors that do respond

Healthy persons probably have small microcancers under immune surveillance
Some are in equilibrium and may not ever require treatment

Understanding these mechanisms is key to developing new strategies
Active surveillance has great promise for indolent tumors
We can predict immunotherapv response using related clinical & senomic data
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