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SUMMARY
Cancer immunotherapies provide survival benefits in responding patients, but many patients fail to respond.
Identifying the biology of treatment response and resistance are a priority to optimize drug selection and
improve patient outcomes. We performed transcriptomic and immune profiling on 158 tumor biopsies
from melanoma patients treated with anti-PD-1 monotherapy (n = 63) or combined anti-PD-1 and anti-
CTLA-4 (n = 57). These data identified activated T cell signatures and T cell populations in responders to
both treatments. Further mass cytometry analysis identified an EOMES+CD69+CD45RO+ effector memory
T cell phenotype that was significantly more abundant in responders to combined immunotherapy compared
with non-responders (n = 18). The gene expression profile of this population was associated with longer pro-
gression-free survival in patients treated with single agent and greater tumor shrinkage in both treatments.
INTRODUCTION

Immune checkpoint blockades of the cytotoxic T lymphocyte

antigen 4 (CTLA-4) and programmed cell death receptor 1

(PD-1) are therapeutic paradigms that have revolutionized the
Significance

Here, we identify specific T cell populations and their detai
response in patients withmetastatic melanoma treatedwith an
notherapy. The quantification of these immune cell populations
PD-1-based therapies, while identifying the group of patients
non-responders to monotherapy often express alternate immu
tion therapy non-responders rarely express these alternate dru
selection and future therapeutic strategies for cancer patients
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field of oncology in recent years as a consequence of their dura-

ble anti-tumor effects in patients with melanoma and other types

of cancer (Brahmer et al., 2015; Hodi et al., 2016; Motzer et al.,

2015; Schachter et al., 2016). In metastatic melanoma, anti-

PD-1 antibodies (nivolumab or pembrolizumab) have high
led receptor profiles in melanomas that are conducive to
ti-PD-1 alone or combined anti-PD-1 and anti-CTLA-4 immu-
can be used to predict patient response to the current anti-
in need of other therapeutic strategies. We also find that

ne checkpoints e.g., IDO1, ICOS, and TIGIT, while combina-
g targets. These data provide vital information for treatment
.
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efficacy and minimal toxicity, and have become standard care

(Carlino and Long, 2016). More recently, the combination of

the anti-CTLA-4 antibody ipilimumab with either nivolumab or

pembrolizumab has been shown to have higher response rates

than anti-PD-1 monotherapy, but at the cost of significant

toxicity (Larkin et al., 2015; Long et al., 2016). In light of the

myriad of therapeutic agents directed at additional targets now

being evaluated in clinical trials, including IDO, GITR, TIGIT,

LAG3, and adenosine, the optimal selection of these treatments,

or alternatives, is critical to ensure greatest efficacy with minimal

toxicity for individual patients.

At present, the biology that governs response to anti-PD-1

monotherapy compared with combined anti-CTLA-4 and anti-

PD-1 immunotherapy is largely unknown. The only Food and

Drug Administration-approved companion diagnostics are

PD-L1 immunohistochemical assays; however, this is only appli-

cable in the context of anti-PD-1 monotherapy and a negative

result does not preclude patient response. Data are emerging

that combination immunotherapy and anti-PD-1 monotherapy

act upon different populations of immune cells at different stages

of immune activation, with PD-1 inhibition promoting clonal

expansion of previously activated, functionally impaired cyto-

toxic T cells (Inozume et al., 2010; Wei et al., 2017). In contrast,

inhibition of CTLA-4 promotes T cell diversity through increased

T cell priming, and acts on both functionally impaired cytotoxic

T cells as well as helper T cells (Gajewski et al., 2001; Takahashi

et al., 2000; Walunas et al., 1994). Genomic and transcriptional

analyses indicate a correlation between increased mutational

load and neoantigen load with response to the aforementioned

monotherapy treatments (Roh et al., 2017; Snyder et al., 2014;

Van Allen et al., 2015). In addition, transcriptional signatures

that relate to mesenchymal transition and angiogenesis have

been associated with drug resistance, while a pre-existing inter-

feron g (IFN-g) signature has been associated with better re-

sponses to immunotherapies (Ayers et al., 2017; Hugo et al.,

2016). However, cohort sample sizes are often small and no

prior study has compared the transcriptomic profiles of single-

agent anti-PD-1 therapy to combined immunotherapy in a large

cohort of melanoma patients. Therefore, many questions remain

regarding the different signaling pathways each drug/combina-

tion acts upon, what cells are enabling the response, the

mechanisms preventing an effective immune response in non-

responders, and whether this information can be used to better

personalize immunotherapies.

Here, we sought to identify the biology of response and resis-

tance to single-agent anti-PD-1 and combined anti-CTLA-4 and

anti-PD-1 immunotherapy to better select patients for such

treatments, and to identify alternative pathways for therapeutic

manipulation in those who are resistant.

RESULTS

Patients Were Strictly Stratified by RECIST Response
and Progression-free Survival
The study identified 120 patients (number of biopsies per assay

detailed in Figure S1A) treated with anti-PD-1 monotherapy

(nivolumab or pembrolizumab; n = 63 patients) or combined

anti-CTLA-4 and anti-PD-1 therapy (nivolumab or pembrolizu-

mab combined with ipilimumab; n = 57 patients). Patients were
treated with standard-of-care single-agent nivolumab or pem-

brolizumab or combination anti-PD-1 + anti-CTLA-4, and a sub-

set were treated as part of clinical trials (Table 1; Tables S1 and

S2). Responders were defined as patients with a RECIST

response of complete response (CR), partial response (PR), or

stable disease (SD) of greater than 6 months with no progres-

sion, and non-responders as progressive disease (PD) or SD

for less than or equal to 6 months before disease progression.

The median age of the total cohort was 62 years, 34% had an

elevated baseline lactate dehydrogenase, and 34% had tumors

that were BRAF-mutation positive (Table 1). The progression-

free survival (PFS) and overall survival of the anti-PD-1

monotherapy and the combined anti-CTLA-4 and anti-PD-1

immunotherapy cohorts are illustrated in Figures S1B and S1C,

respectively.

Differential Gene Signatures Define Response and
Resistance to Anti-PD-1-Based Immunotherapies
To better understand the biology of response to anti-PD-1

monotherapy, we performed a multi-factor design analysis to

first identify genes that were differentially expressed between

responders and non-responders at baseline (pre-treatment

[PRE]; n = 22 biopsies from 22 responders, n = 19 biopsies

from 19 non-responders with expression data), and subse-

quently to investigate the expression of these differentially

expressed genes (DEGs) at early during therapy (EDT) (n = 5

biopsies from 5 responders; n = 4 biopsies from 4 non-

responders). This analysis identified 310 DEGs (adjusted

p < 0.05), showing two distinct gene clusters associated with

immune signaling and cellular signal transduction (Figure 1A;

Table S3). High expression of IFN-related genes, including

TBX21, encoding the T-box transcriptional regulator (TBET),

STAT1, IRF1, TNF, and IFNG, and tumor-infiltrating T cell genes

(CD8A, CD8B, ITGAE [CD103], PDCD1 [PD-1], CCL5, CXCL13,

and IL2), were associated with better outcomes to anti-PD-1

monotherapy (Table S3). Responding patients also expressed

higher levels of other immunosuppressive checkpoints and pro-

teins in their tumors, including TIGIT, TNFRSF9 (CD137), IDO,

and LAG3. The collective gene sets (Tables S3 and S4) were en-

riched in immune (T cell, natural killer [NK] cell, neutrophil)

signaling, intracellular signaling (JAK/STAT), and cytokine and

chemokine signaling pathways (nominal p < 0.05 and q < 0.3;

Figure 1B). Furthermore, a subset of the DEGs identified in our

study were in concordance with the previously published anti-

PD-1 gene signatures (Ayers et al., 2017; Hugo et al., 2016)

identified in tumors from patients treated with anti-PD-1 thera-

pies, including CD8 T cell markers, IFN-g signaling genes, and

effector and cytolytic immune cells (Figure S2A). The immune-

related gene signatures from our study highlighted that patients

who respond to anti-PD-1 monotherapy exhibit a tumor micro-

environment that is enriched for IFN- and T cell-mediated immu-

nity compared with non-responders.

A similar analysis on the combined anti-CTLA-4 and anti-PD-1

immunotherapy cohort identified 328 DEGs (adjusted p < 0.05)

between responders (n = 24 PRE; n = 6 EDT) and non-re-

sponders (n = 8 PRE, n = 3 EDT; Figure 1C; Table S5). Similar

to the DEGs and pathway analysis in the anti-PD-1 monotherapy

cohort, T cell-related genes (CD8A, CD247, CD5, CD6, and

CD69), and genes associated with NK cell-mediated cytotoxicity
Cancer Cell 35, 238–255, February 11, 2019 239



Table 1. Clinicopathologic Characteristics of Anti-PD-1 Monotherapy and Combined Anti-PD-1 with Anti-CTLA-4 Immunotherapy

Cohorts

Patient Characteristics

Anti-PD-1 Monotherapy

Combined Anti-PD-1 + Anti-CTLA-4

Therapy

All Patients

(n = 105)Responders (n = 33)

Non-responders

(n = 21) Responders (n = 38)

Non-responders

(n = 13)

Age (years), median 69 64 57 55 62

Sex, n (%)

Male 18 (55) 14 (67) 25 (66) 8 (62) 65 (62)

Female 15 (45) 7 (33) 13 (34) 5 (38) 40 (38)

Elevated LDH, n (%) 13 (39) 9 (43) 7 (18) 7 (54) 36 (34)

BRAF V600, n (%) 7 (21) 7 (33) 16 (42) 6 (46) 36 (34)

Treatment, n (%)

Nivolumab 7 (21) 5 (24) 6 (16) 5 (38) 23 (22)

Pembrolizumab 26 (79) 16 (76) 32 (84) 8 (62) 82 (78)

Prior BRAFi, n (%) 6 (18) 7 (33) 2 (5) 3 (23) 18 (17)

M stage (AJCC 8th edition), n (%)

M0 1 (3) 1 (5) 1 (3) 1 (8) 4 (4)

M1a 7 (21) 2 (10) 1 (3) 0 (0) 10 (10)

M1b 9 (27) 2 (10) 18 (47) 3 (23) 32 (30)

M1c 11 (33) 11 (52) 14 (37) 6 (46) 42 (40)

M1d 5 (15) 5 (24) 4 (10) 3 (23) 17 (16)

Responsea, n (%)

CR 10 (30) 0 (0) 15 (39) 0 (0) 25 (24)

PR 18 (55) 0 (0) 20 (53) 0 (0) 38 (36)

SD 5 (15) 4 (19) 3 (8) 2 (15) 14 (13)

PD 0 (0) 17 (81) 0 (0) 11 (85) 28 (27)

Median PFS (months) not yet reached 2.6 not yet reached 2.7 21.3

12 month PFS (%) 80.8 0 89.3 0 57.8

Median OS (months) not yet reached 5.5 not yet reached 21.7 not yet reached

12 month OS (%) 97.0 23.8 97.1 67.7 78.5

Anti-PD-1, anti-programmed death-1; anti-CTLA-4, anti-cytotoxic T lymphocyte antigen-4; LDH, lactate dehydrogenase; AJCC, American Joint

Committee on Cancer; CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease; PFS, progression-free survival;

OS, overall survival.

See also Figure S1 and Tables S1 and S2.
aPatients were stratified into response groups based on RECIST 1.1 criteria. Patients with CR, PR, and SD > 6 months were classified as responders,

while patients with SD % 6 months and PD were classified as non-responders.
(CD96), T cell cytotoxicity (GZMK, CD274 [PD-L1], CD2, and

ITGAL), cytokine signaling (CXCL13, CCL4, CCR5, CCL5, and

CXCL9) and the TIGIT/CD226 axis were upregulated in re-

sponders compared with non-responders to combined immuno-

therapy (Figure 1D; Tables S5 and S6).

We next assessed the transcriptomic profiles of non-re-

sponders at baseline in order to identify potential mechanisms

of resistance to anti-PD-1 monotherapy and combined immuno-

therapy. From the above differential expression analysis, non-

responders to anti-PD-1 monotherapy showed upregulation of

the hypoxic marker carbonic anhydrase IX (CA9) (log2 fold

change = 1.21, adjusted p = 0.0026; Table S3). CA9 protein

expression was observed in the membrane of tumor cells

in two of nine non-responding cases via immunohistochem-

istry (Figure S2B). Notably, perturbed genes in the known

immunosuppressive WNT- and mammalian target of rapamy-

cin-signaling pathway (WNT3; adjusted p = 0.015), and cell
240 Cancer Cell 35, 238–255, February 11, 2019
adhesion and extracellular matrix organization (LAMB4;

adjusted p = 0.044), were also upregulated in non-responders

compared with responders to monotherapy. In addition, non-re-

sponders had altered expression of the tumor suppressor ITIH5

(adjusted p = 0.027) and glutamate receptors GRIA2 (adjusted

p = 0.0062), GRIA4 (adjusted p = 0.029), and GRIK3 (adjusted

p = 0.043).

In the combined immunotherapy cohort, the subset of genes

detected in non-responders were related to three prominent

signaling pathways including WNT, melanogenesis, and oxida-

tive phosphorylation (Table S6). However, these enrichment

analyses did not reach statistical significance. While non-re-

sponding patient numbers in the combined immunotherapy

cohort are small, other published studies (Ho et al., 2012; Roh

et al., 2017) have demonstrated that oxidative phosphorylation

resulting in resistance to T cell-mediated killing is a central point

for tumor progression and melanogenesis.



Figure 1. Immunotranscriptomic Gene Signatures in Responders and Non-responders to Anti-PD-1 Monotherapy and Combined Anti-PD-1

and Anti-CTLA-4 Therapy

(A and B) Unsupervised hierarchical clustering of gene expression at pre-treatment (PRE) and early during treatment (EDT) in anti-PD-1 monotherapy (A) and the

associated enriched KEGG signaling pathways (nominal p < 0.05) (B).

(C and D) Unsupervised hierarchical clustering of gene expression at PRE and EDT in combined therapy (C) and the enriched KEGG signaling pathways (nominal

p < 0.05) (D).

(E and F) Non-responding patients (Px) to anti-PD-1monotherapy (E) and combined immunotherapy (F) were categorized by their baseline tumor CD8 and PD-L1

expression levels using multiplex immunofluorescence (high density [H], low density [L], or undetermined [NA]), and were then examined for differentially ex-

pressed immune checkpoint markers by RNA expression. See also Figure S2 and Tables S3, S4, S5, and S6.

Cancer Cell 35, 238–255, February 11, 2019 241



Non-responders with TIL-High Tumors Express
Alternative Immune Drug Targets
By assessing the non-responding patients (primary resistance),

several potential therapeutic targets were identified that may

facilitate the development of individualized immunotherapy for

selected patients (Table 2; Figures 1E and 1F). A subset of pa-

tients that failed to respond to monotherapy or combined immu-

notherapy expressed unique patterns of genes at baseline that

may be targeted to induce a response on a personalized basis,

including immune stimulatory (toll-like receptors, TNF, and

ICOS) or inhibitory targets (LAG3, IDO, TIGIT, and adenosine)

(Figures 1E and 1F). In the anti-PD-1 monotherapy cohort,

42% of patients had low CD8+ and PDL1+ counts, and this cor-

responded to the expression of fewer immune checkpoint recep-

tors (TNFAIP3 and TLR3), indicating an overall dampened

immune response (Figure 1E). In contrast, the group of high

CD8+- and PDL1+-expressing tumors displayed a range of im-

mune augmenting targets, including IDO1 (expressed by 37%

of non-responders), ICOS (37%), TNFRSF9 (26%), LAG3

(16%), TIGIT (16%), and ADORA2A (16%) (Figure 1E). Interest-

ingly, Px_4 and Px_17 expressed various immune checkpoint

markers despite having a poor response to monotherapy, high-

lighting these markers as potential drug combination targets to

overcome resistance. Of note, from the combined immuno-

therapy cohort, only one non-responding patient (Px_12) had

high tumor-infiltrating lymphocytes (TILs) and PD-L1 expression,

with concurrent expression of all of the immune checkpoint

markers (Figure 1F). Similar to the monotherapy cohort, the re-

maining non-responding patients expressed low levels of check-

point markers and TILs. However, gene set enrichment analysis

of these patients suggests that therapeutic strategies that

address the hypoxic and metabolic tumor microenvironment

are necessary to ensure the activity and efficacy of the immune

response.

Key T Cell-Specific Genes Remain Elevated Early during
Treatment
We next assessed whether key genes related to other check-

point inhibitors (TIGIT and LAG3) and T cell biology (CD8,

EOMES, IFNG, and TBX21) remained upregulated in responding

patients at EDT. A distinct separation in the expression profiles of

CD8 and EOMES was specifically observed between re-

sponders and non-responders early during treatment in the

combined immunotherapy cohort (Figure 2A), revealing the po-

tential threshold for CD8 (log2 expression >3) and EOMES

(log2 expression >2) in patients who have clinical efficacy with

this combination.

Using paired PRE and EDT biopsies, we then examined the

changes in expression of the above-mentioned specific immune

gene markers (CD8, TBX21, IFNG, EOMES, LAG3, and TIGIT) in

responders and non-responders to anti-PD-1-based therapies.

Single- and combination-treated patient data were combined

in this analysis due to limited number of patient-paired PRE

and EDT samples. Responders displayed a significant increase

in expression from PRE to EDT for all immune genes (Figure 2B).

In contrast, no significant differences were observed in the

changes in expression from PRE to EDT of any of the immune

genes in non-responders. Notably, there was no significant dif-

ference in the change in expression level from PRE to EDT of
242 Cancer Cell 35, 238–255, February 11, 2019
either CA9 or WNT3, both of which were downregulated in re-

sponders to immunotherapy at baseline.

We then queried whether the anti-PD-1 transcriptomic profiles

were different from the combined immunotherapy cohort. We

used the DEGs identified between responders and non-re-

sponders to anti-PD-1 monotherapy (310 DEGs; Table S3) and

combined immunotherapy (328 DEGs; Table S5) to highlight

genes of interest at PRE and EDT. The small sample size limited

this analysis in an unbiased manner. Therefore, we performed

further targeted analysis of the predefined DEGs (Tables S3

and S5) using DESeq2 with a design including interaction terms

as outlined in the methods. Focusing on the responders at PRE,

18 shared DEGs were detected between both treatments, with

78 DEGs (adjusted p < 0.05) unique to combined immuno-

therapy, and 22 (adjusted p < 0.05) unique to anti-PD-1 mono-

therapy (Figure 2C; Table S7). Due to the unique drug cohorts

and collection time points in this study, we were also able to

compare the DEGs at EDT between anti-PD-1 monotherapy

and combined immunotherapy. Upon treatment (at EDT), 97

DEGs (adjusted p < 0.05) were unique to combined immuno-

therapy, while 41 DEGs were common to both mono- and com-

bined therapy (Figure 2D; Table S8).

Multiplex Immunofluorescence Reaffirms the Key
Immune Parameters Differentially Expressed between
Responders and Non-responders
We then sought to quantify the densities and spatial locations of

T cells and known predictive markers (PD-L1) in formalin-fixed

paraffin-embedded melanoma biopsies with multiplex immuno-

fluorescence staining (Figures 3A and 3B). Patients who re-

sponded to monotherapy and combined immunotherapy had

higher infiltrates of immune cells before and during treatment

(Figure 3A), consistent with prior studies and the aforementioned

transcriptome data. Intratumoral densities of CD8 and PD-L1

were significantly higher in PRE samples of responders

compared with non-responders in bothmonotherapy (Figure 3C)

and combined immunotherapy-treated patients (Figure 3D).

Increased expression of peritumoral PD-1 and PD-L1 were

also observed in PRE samples of responders to monotherapy

(Figure 3C). In EDT biopsies, intratumoral PD-1 and PD-L1 den-

sities were significantly higher in responders to both monother-

apy and combined immunotherapy. In contrast, intratumoral

CD8 was only significantly associated with response at EDT in

combined immunotherapy (Figure 3D). Furthermore, peritumoral

CD8 and PD-1 densities were significantly higher in responders

to both forms of therapy, highlighting the association between

increased T cell trafficking to the tumor and response to check-

point inhibition. The intratumoral and peritumoral FOXP3 den-

sities were higher in responders compared with non-responders

at EDT in combined immunotherapy (Figure 3D), reflecting the

overall increase in TILs.

Following confirmation of increased immune cytolytic activity

in responders to immunotherapy, T cells were characterized us-

ing a T cell phenotyping panel including a cytotoxic T cell marker

(CD8), a T cell activation marker (Granzyme B, GZMB), and

memory T cell marker (CD45RO), along with critical T cell

differentiation genes identified in the transcriptomes of respond-

ing patients (TBET/TBX21 and EOMES), as shown in Figure 3B.

Intratumoral CD45RO, EOMES, and TBET densities were



Table 2. List of Therapeutic Targets and Their Expression in Non-responding Patients

Gene/Drug

Target

Responders vs

Non-responders

(Adjusted

p Value)

Proportion

of Non-

responders

with

Expression

(%) Fraction Description

Therapy

Class Mechanism of Action Technique Source References

Anti-PD-1 Monotherapy

TLR3 0.029047871 95 18 out of 19 Toll-like

receptor 3

immune

adjuvants/

agonist

TLR3 is involved in the

innate immune system

and regulates the

production of cytokines,

and type I interferons

to increase the immune

response.

in vivo mouse

cytokine assay,

intracellular

cytokine staining,

RNA sequencing

LB15.13 (H-2bxH-

2d) and EL4 (H-2b)

cells EG7 cells

mouse

Bullock and

Yagita (2005)

Takeda et al.

(2017)

LAG3 0.000105168 16 3 out of 19 lymphocyte-

activation

gene 3

immune

inhibitory

mAbs

LAG3 binds to its ligand,

the MHC class II molecule

to negatively regulate

T cell activation and

proliferation.

flow cytometry and

intracellular cytokine

staining, in vivo

antibody blockade

mouse model Blackburn

et al. (2009)

Liang et al.

(2008)

IDO1 0.002505309 37 7 out of 19 indoleamine 2,3-

dioxygenase 1

other

immune

inhibitors

IDO1 is the rate-limiting

enzyme in the kynurenine

pathway.

degradation and depletion

of tryptophan by IDO1

results in the suppression

of T cell function.

in vivo proliferation

assays

mouse model Pallotta et al.

(2011)

TIGIT 0.000829979 16 3 out of 19 T cell

immunoreceptor

with Ig and ITIM

domains

immune

inhibitory

mAbs

TIGIT is expressed on a

subset of activated T cells

and NK cells, and works

with PD-1/PD-L1 to inhibit

effector CD8+ T cell function.

RT-PCR, flow

cytometry,

suppression assay

mammalian cell

lines, mouse model

Yu et al. (2009)

Kurtulus et al.

(2015)

TNFAIP3 0.025412334 100 19 out of 19 tumor necrosis

factor alpha

(TNF-a)- induced

protein 3

immune

stimulatory

mAbs

TNFAIP3 is induced by

TNF and is involved in the

innate immune and

inflammatory pathways.

RT-PCR, flow

cytometry,

suppression assay

mammalian cell

lines, mouse model

Giordano et al.

(2014)

Shao et al.

(2015)

(Continued on next page)
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Table 2. Continued

Gene/Drug

Target

Responders vs

Non-responders

(Adjusted

p Value)

Proportion

of Non-

responders

with

Expression

(%) Fraction Description

Therapy

Class Mechanism of Action Technique Source References

ADORA2A 0.033764847 16 3 out of 19 adenosine A2a

receptor

receptor

agonist

the A2A receptor binds to

extracellular adenosine

resulting in the upregulation

of intracellular cAMP, as

well as inhibitory cytokines

and receptors, including

PD-1.

tetramer staining

and flow cytometry

mouse model Waickman

et al. (2012)

ICOS 0.021786593 37 7 out of 19 inducible T cell

co-stimulator

immune

stimulatory

mAbs

ICOS is expressed on

activated T cells and binds

to its ligand ICOSL on

dendritic cells, to regulate

T cell effector function.

flow cytometry mammalian cell

lines, mouse model

Fan et al. (2014)

TNFRSF9 0.023290569 26 5 out of 19 TNF receptor

superfamily,

member 9

immune

stimulatory

mAbs

TNFRSF9 signaling

increases T cell proliferation

and prevents CD8+ T cell

death.

immunohistochemistry

(IHC), flow cytometry,

RT- PCR, chemotaxis

and transmigration

assays

mammalian cell

lines, human FFPE

Anderson et al.

(2012)

Teijeira et al.

(2012)

Combined Anti-CTLA-4 and Anti-PD-1 Immunotherapy

TNFRSF9 0.02291105 13 1 out of 8 TNF receptor

superfamily,

member 9

immune

stimulatory

mAbs

TNFRSF9 signaling

increases T cell proliferation

and prevents CD8+ T cell

death.

immunofluorescence,

flow cytometry

mammalian cell

lines, mouse model

Kocak et al.

(2006)

Bartkowiak and

Curran (2015)

Cooper et al.

(2002)

CD52 0.009571429 25 2 out of 8 CD52 molecule immune

stimulatory

mAbs

CD52 is expressed on the

surface on mature

lymphocytes, including

CD4+ T cells. CD52 released

by CD4+ T cells bind to its

ligand, Siglec-10, to inhibit the

activation of effector T cells.

WGS and WTS mouse model,

human biopsies

Morrissey et al.

(2016)

Forbes et al.

(2015)

(Continued on next page)

2
4
4

C
a
n
c
e
r
C
e
ll3

5
,
2
3
8
–
2
5
5
,
F
e
b
ru
a
ry

1
1
,
2
0
1
9



Table 2. Continued

Gene/Drug

Target

Responders vs

Non-responders

(Adjusted

p Value)

Proportion

of Non-

responders

with

Expression

(%) Fraction Description

Therapy

Class Mechanism of Action Technique Source References

BTLA 0.016538082 13 1 out of 8 B and T

lymphocyte

associated

immune

inhibitory

mAbs

BTLA binds to its ligand

B7H4, and negatively

regulates T cell activity via

its interaction with the TNF

receptors.

intracellular cytokine

staining assays and

CFSE proliferation

assays

human peripheral

blood mononuclear

cell (PBMC)

samples

Fourcade et al.

(2012)

TIGIT 0.03380434 13 1 out of 8 T cell

immunoreceptor

with Ig and ITIM

domains

immune

inhibitory

mAbs

TIGIT is expressed on a

subset of activated T cells

and NK cells, and works with

PD-1/PD-L1 to inhibit effector

CD8+ T cell function.

flow cytometry,

and suppression

assay

mammalian cell

lines, mouse model,

human tumor and

PBMC samples

Johnston et al.

(2014)

Kurtulus et al.

(2015)

IDO1 0.013039684 38 3 out of 8 indoleamine 2,3-

dioxygenase 1

other

immune

inhibitors

IDO1 is the rate-limiting

enzyme in the kynurenine

pathway.

degradation and depletion of

tryptophan by IDO1 results

in the suppression of T cell

function.

IHC, RT-PCR,

flow cytometry,

proliferation assay

human FFPE and

fresh tissue,

mouse models

Theate et al.

(2015) Pilotte

et al. (2012)

TLR8 0.013039684 63 5 out of 8 Toll-like

receptor 8

immune

adjuvants/

agonist

TLR8 is involved in the innate

and adaptive immunity

pathways and is expressed

on myeloid dendritic cells and

monocytes. TLR8 recognizes

ssRNA, ultimately activating

NF-kB and mediating cytokine

secretion, resulting in an

effective immune response.

flow cytometry,

RT-PCR

cell lines Gorski et al.

(2006)
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Figure 2. Changes in Gene Expression of Key Immune Markers from PRE to EDT in Responders and Non-responders

(A) Violin plots comparing the expression level of genes associated with T cell response including CD8, EOMES, IFNG, TBX21, TIGIT, and LAG3 between re-

sponders and non-responders to anti-PD-1 monotherapy and combined immunotherapy pre-treatment and during treatment.

(B) Changes in expression of immune markers from PRE to EDT in responders (R) and non-responders (NR) to anti-PD-1-based therapies. Each line represents

paired PRE-EDT samples from the same patient. Lines at the top and bottom of the boxes depict the maximum andminimum values, respectively, with the line in

the middle indicating the median.

(C and D) Venn diagrams illustrating unique and shared genes between mono- and combined therapy at PRE (C) and EDT (D).

See also Tables S7 and S8.
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Figure 3. Cytotoxic and Memory CD8+ T Cell Infiltrates in Melanoma Biopsies from Patients Treated with Single and Combined

Immunotherapy

(A and B) Multiplex immunofluorescent images illustrate responders expressing high expression levels of immune panel 1 that includes CD8, PD-1, PD-L1,

FOXP3, and SOX10 (A) and immune panel 2 that includes CD8, CD45RO, EOMES, TBET, and GZMB (B) in formalin-fixed paraffin-embedded samples taken

before and early during treatment for both therapy cohorts. Scale bars, 100 mm.

(C–F) Quantitative analysis of the densities of immunemarkers between responders (R) and non-responders (NR) in intratumoral and peritumoral regions for panel

1 (C and D) and panel 2 (E and F) in the anti-PD-1 cohort (C and E) and the combined immunotherapy cohort (D and F). Error bars represent mean with SD.

*p < 0.05, **p < 0.01, ***p < 0.001.
significantly higher in PRE samples of responders to anti-PD-1

monotherapy, compared with non-responders (Figure 3E).

Responders displayed significantly higher levels of activated

T cells in EDT samples in comparison with the non-responders

in both anti-PD-1 monotherapy (Figure 3E) and combined immu-

notherapy (Figure 3F), as seen by the increased expression of

intratumoral Granzyme B. These immunohistochemistry data

corresponded with the transcriptomic data, showing signifi-

cantly higher levels of T cell markers in responders to anti-PD-

1-based therapies at both PRE and EDT.

Differentially Expressed Immune Parameters
Correspond to Tumor-Resident T Cells
From the above transcriptomic and immunophenotypic data, we

identified increased expression of immune markers important for

T cell differentiation and memory in responders to immuno-

therapy. Therefore, we next sought to identify subpopulations of

T cells associated with response, by performing mass cytometry
(CyTOF) on baseline (PRE) melanoma tissue dissociates from

patients treated with anti-PD-1 monotherapy (n = 11) or com-

bined immunotherapy (n = 7), using a customized panel of 43

markers to not only identify major immune cell subtypes but

also focusing on the important T cell differentiation and tran-

scription factors. Via t-SNE analysis, we identified three distinct

T cell clusters (Figure 4A; clusters 2, 6, and 7). When individual

markers were highlighted in the t-SNE plots, the key markers for

activation, differentiation, and exhaustion were observed to co-

localize (Figure 4B). In line with the transcriptomic analysis, a

CD45RO+EOMES+ T cell population was identified as highly

abundant in responders to combined immunotherapy. Leuko-

cytes were manually gated to identify this CD45RO+EOMES+

population (Figure S3). These cells expressed high levels of

CD69, a marker of recent activation and tissue residency in

both CD4 and CD8 T cell populations (Figure 4C). CD103, a tis-

sue resident memory marker, was also present on approxi-

mately half of the CD8+ cells in this population. This specific
Cancer Cell 35, 238–255, February 11, 2019 247
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subpopulation also expressed high levels of TBET and HLA-DR,

and low CCR7 (Figure 4C), indicating that they are predomi-

nantly of an effector memory phenotype. These cells co-ex-

pressed the immune inhibitory receptors PD-1 and TIGIT, how-

ever, were CD57 low, suggesting that they are unlikely to be

terminally exhausted cells. Using CD69 as a common marker

of tissue residency, significantly higher proportions of EOMES+

CD69+CD45RO+ cells were observed in both the CD4+ and

CD8+ populations in responders to combined immunotherapy,

compared with non-responders (Figure 4D). However, no signif-

icant differences were observed between responders and non-

responders in the anti-PD-1 monotherapy CyTOF cohort.

CD8+/CD4+EOMES+CD69+CD45RO+Memory T Cells Are
Associated with Longer PFS and Tumor Shrinkage to
Anti-PD-1-Based Therapies
We then sought to determine whetherCD8/CD4, EOMES,CD69,

and CD45RO expression was associated with PFS or percent-

age tumor shrinkage. The PFS was significantly longer for

monotherapy-treated patients with high expression of the

CD8+/CD4+EOMES+CD69+CD45RO+ memory T cell phenotype

compared with those with low expression (Figures 5A and 5B;

24 vs 3 months for both CD8 and CD4). Furthermore, tumor

shrinkage was observed in 71% (15/21) of monotherapy-treated

patients with high CD8/CD4, EOMES, CD69, and CD45RO

expression in their melanomas (Figures 5C and 5D). While a

longer PFS (19 vs 6months) was observed in combined immuno-

therapy-treated patients with high expression, the results did not

reach significance, with only five progression events reached at

last follow-up (Figures 5E and 5F). Tumor shrinkage was also

observed in 81% (13/16) of the combined therapy-treated

patients, with high CD8/CD4, EOMES, CD69, and CD45RO

expression in their melanomas (Figures 5G and 5H). Finally,

receiver operating characteristic curve analysis of the CD8+/

CD4+EOMES+CD69+CD45RO+ memory T cell markers yielded

a greater area under the curve than CD8 or PD-L1 alone in

both treatment cohorts (Figures 5I and 5J).

DISCUSSION

Our findings reveal insights into response and resistance to anti-

PD-1 monotherapy and combined anti-CTLA-4 and anti-PD-1

immunotherapy. The study extensively details the genes and

their respective signaling pathways that correspond to response

and resistance to anti-PD-1-based therapies. This analysis and

subsequent validation identified a memory T cell phenotype

(CD8+/CD4+EOMES+CD69+CD45RO+) that corresponded to

response to monotherapy and combined immunotherapy. The

gene expression signatures for these populations are predictive

of PFS in single-therapy-treated patients and could be used to
Figure 4. Identification of Distinct Effector Memory T Cells Associated

(A) t-SNE plot of leukocyte subsets from all patients illustrating the different cell

(B) t-SNE plots from all patients depicting the expression of key markers for T ce

(C) Representative histograms from one combined immunotherapy responder dem

and exhaustion in CD4, CD8, and naive T cells. Percentages annotated for CD4

combined immunotherapy. Data are presented as means ± SEM.

(D) Quantitative analysis of the EOMES+CD69+CD45RO+ T cell population as a p

also Figure S3.
predict patient response. Lastly, the study details the signaling

pathways present in non-responding patients and finds that

they can be divided into two major groups: ‘‘TIL-hot’’ tumors

with high expression of negative T cell regulators, e.g., IDO1,

ICOS, and TIGIT, who may benefit from further treatment

combinations; and ‘‘TIL-cold’’ tumors that lack immune check-

point expression, for whom alternative treatment strategies are

required.

There is significant interest in developing actionable predictive

biomarkers for immunotherapy, as well as identifying actionable

targets in those who do not respond to the current standard

checkpoint inhibitor therapies. PD-L1 expression in pre-treat-

ment tissue is the most commonly proposed single biomarker

of response (Grosso et al., 2013; Long et al., 2016). In malig-

nancies other than melanoma, it is often a selection criterion

for clinical trials, and in melanoma is suggested as a biomarker

for the selection of patients for treatment with combination ipili-

mumab/nivolumab over single-agent anti-PD-1. However, PD-

L1 is expressed heterogeneously among tumors in melanoma

patients (Madore et al., 2015), and approximately 20% of pa-

tients whose tumors have little or no PD-L1 expression may still

exhibit a response to single-agent anti-PD-1 treatment (Carlino

et al., 2016; Robert et al., 2015). More robust biomarkers of

response are therefore clearly required.

TBET and EOMES aremaster regulators of effector T cell func-

tion and memory formation. TBET and EOMES induce Th1

effector function in cytotoxic T cells through the upregulation

of IFN-g and cytotoxic granules such as GZMB (Intlekofer

et al., 2005), and loss of TBET results in effector T cell dysfunc-

tion. Increased EOMES expression is, in addition, required for

formation of long-term memory-like cytotoxic T cells, with loss

of EOMES resulting in defective homeostasis of memory popula-

tions (Knox et al., 2014). Our study showed that patients whose

melanomas expressed increased baseline TBET are more likely

to respond to anti-PD-1 monotherapy. Others have identified the

TBETHighEOMESLow CD8+ T cells as a partially exhausted T cell

population that has the potential to be reinvigorated by anti-PD-1

in the context of chronic viral infections (Blackburn et al., 2008;

Paley et al., 2012). Therefore, our results fit well with preclinical

models and highlight TBET expression as a key determinate

of response of metastatic melanoma patients to anti-PD-1

monotherapy.

Our study also highlighted EOMES-positive immune popula-

tions as one of the determinants of response to combined immu-

notherapy and identified an EOMES+CD69+CD45RO+ effector

memory T cell population in the responding tumors. These cells

were CD57Low, suggesting that they are not terminally differenti-

ated, and can therefore potentially be reactivated by checkpoint

therapy. This population was present in both CD4 and CD8 T cell

subsets, and was also observed to be mainly TBETHigh. Flow
with Response to Combined Immunotherapy

clusters.

ll activation, differentiation and exhaustion.

onstrating the expression of select markers of T cell activation, differentiation,

and CD8 at the top of each plot are an average of all responders (n = 3) to

ercentage frequency of CD3+ T cells. Data are presented as means ± SD. See
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Figure 5. EOMES+CD69+CD45RO+ T Cells Predict Anti-PD-1-Based Immunotherapy Response

(A and B) Kaplan-Meier plots of progression-free survival for anti-PD-1-treated patients whose melanomas demonstrate high vs low median expression of CD8,

EOMES, CD69, and CD45RO (A) or CD4, EOMES, CD69, and CD45RO (B).

(C and D) Waterfall plots showing tumor shrinkage in anti-PD-1 monotherapy-treated patients whose melanomas demonstrate high vs low median expression of

CD8, EOMES, CD69, and CD45RO (C) or CD4, EOMES, CD69, and CD45RO (D).

(legend continued on next page)
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cytometry analysis of purified human T cells pre- and post-ther-

apy revealed that Ki-67 was induced following treatment with

combined anti-CTLA-4 and anti-PD-1 therapy, and that these

Ki-67+ proliferating T cells had a CD45RO+ memory phenotype

(Das et al., 2015). Preclinical studies have found an EOMESHigh

population of T cells to be fully exhausted (Buggert et al., 2014)

and typically poorly responsive to anti-PD-1 blockade alone

(Blackburn et al., 2008). Our data are compatible with a recent

study by Wei et al. (2017), which identified an EOMESHigh

TBETHighCD8+ population (population 4) that significantly

expanded under anti-CTLA-4 treatment, as well as an ICOS+

effector TH1 population that expanded under anti-CTLA-4 but

not anti-PD-1 treatment. In addition to EOMES and TBET, the

transcription factor TCF1 (T cell-specific transcription factor 1)

has been proposed as a predictive marker of response to anti-

PD-1 therapy (Utzschneider et al., 2016). Of note, no differences

were observed in TCF1 expression between responders and

non-responders in either the monotherapy or combined immu-

notherapy cohorts in our study.

Our study also focused on the transcriptomic profiles of

primary-resistant tumors. The results highlight the heteroge-

neity of TIL infiltrates and additional immune checkpoints in

these non-responding patients and therefore the need for indi-

vidualized therapeutic strategies for these patients. Multiple

studies have demonstrated the importance of other immune

checkpoints and proteins such as IDO1, LAG3, and TIM3 in

response to immunotherapy (Holmgaard et al., 2013; Ngiow

et al., 2011; Woo et al., 2012), all of which have inhibitors in

drug development. Unique patterns of expression of such im-

mune checkpoints and proteins were identified in non-re-

sponders in our monotherapy and combined immunotherapy

cohorts. Consequently, combinations of these checkpoint

markers may prove to be a more effective form of immuno-

therapy for some patients who fail to respond to combined

anti-CTLA-4 and anti-PD-1 immunotherapy. However, the

majority of non-responding patients with low TILs (TIL-cold tu-

mors) have no expression of the aforementioned targets. As

TIL-cold tumors are over-represented in the primary-resistant

patient populations, it is therefore of utmost importance to

identify potential biomarkers of response and mechanisms

of resistance in these patients to provide them with the

most appropriate treatment. These findings support the hy-

pothesis that patients with low TILs will most likely not

respond to single-agent immune checkpoint inhibitors, and

require alternative treatment strategies (Teng et al., 2015).

Personalized checkpoint combinations might overcome pri-

mary resistance in the high TIL non-responders, but other ap-

proaches are required for the TIL-cold tumors.

Our study identified the upregulation of the metabolic gene

CA9, a marker of hypoxia that has previously been implicated

in promoting tumorigenesis (Huber et al., 2015; Shin et al.,
(E and F) Kaplan-Meier plots of progression-free survival for patients treated with

expression of CD8, EOMES, CD69, and CD45RO (E) or CD4, EOMES, CD69, an

(G and H) Waterfall plots showing tumor shrinkage in patients treated with com

expression of CD8, EOMES, CD69, and CD45RO (G) or CD4, EOMES, CD69, an

(I and J) Receiver operating characteristic curves for the performance of establish

expression profile in melanoma patients treated with anti-PD-1 monotherapy (I)
2011). CA9 expression is induced by hypoxia and upregulated

in a wide range of cancers, including breast cancer, cervical can-

cer, and renal cell carcinoma (Li et al., 2009b; Wykoff et al.,

2000). Increased expression of CA9 was also associated with

tumor cell migration and invasion in human cervical carcinoma

cell lines (Shin et al., 2011). Riaz et al. (2017) identified the

decreased expression of metabolic genes in melanoma samples

of responders to anti-PD-1monotherapy. Furthermore, the over-

expression of genes associated with metabolic and solute

transport functions was identified via whole-transcriptome

expression profiling of renal cell carcinoma tumor samples

from non-responding patients (Ascierto et al., 2016). In our study,

we also observed the expression of various glutamate receptors

in non-responders to monotherapy. Glutamate receptors have

previously been shown to be induced by hypoxia and are

involved in cell proliferation, inhibition of apoptosis, and angio-

genesis in multiple cancers (Hu et al., 2014; Xia et al., 2016).

Together, these findings suggest that the hypoxic conditions

present in non-respondersmay impair T cell function, which war-

rants further investigations for potential treatment strategies for

non-responding patients.

While our current study identified potential biomarkers of

response to each form of treatment, one of the limitations

was the inability to address the question of which non-

responders to anti-PD-1 monotherapy would respond to

combined anti-CTLA-4 and anti-PD-1 immunotherapy (and

conversely which responders to combination therapy would

have also responded to anti-PD-1 monotherapy and could

have been spared the higher risk of potential toxicities with

combination treatment). This may be due to the smaller num-

ber of non-responding patients, particularly in the combined

immunotherapy-treated cohort. This important clinical ques-

tion may require a cohort of patients who were treated and

failed to respond to anti-PD-1 monotherapy, and subse-

quently responded to combined anti-CTLA-4 and anti-PD-1

immunotherapy.

Our study of the immune infiltrates and whole-transcriptome

signatures in pre-treatment and EDT biopsies from meta-

static melanoma patients reveals biomarkers of response and

resistance to anti-PD-1 monotherapy and combined anti-

CTLA-4 and anti-PD-1 immunotherapy. We identify specific

T cell populations that are associated with response to anti-

PD-1 monotherapy and combined immunotherapy, and

demonstrate the ability of these populations to predict patient

response to anti-PD-1-based therapies. We further identify

the expression of various alternate immune checkpoints

in non-responders to monotherapy; however, we find that

non-responders to combined immunotherapy rarely express

these alternative drug targets, highlighting the need for alterna-

tive therapeutic strategies in combination therapy-resistant

patients.
combined immunotherapy whose melanomas demonstrate high vs lowmedian

d CD45RO (F).

bined immunotherapy whose melanomas demonstrate high vs low median

d CD45RO (H).

ed CD8 and PD-L1 markers, and the identified EOMES+CD69+CD45RO+ gene

or combined immunotherapy (J).
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse monoclonal anti-PD-1 (MRQ-22) Cell Marque Corp Cat# 315M-96, RRID: AB_1160829

Mouse monoclonal anti-FOXP3 (236A/E7) Abcam Cat# ab20034, RRID: AB_445284

Mouse monoclonal SOX10 Biocare Medical Cat# ACI3099C

Rabbit monoclonal PD-L1 (E1L3N) Cell Signaling Technology Cat# 13684, RRID: AB_2687655

Rabbit monoclonal CD8 (SP16) Sigma-Aldrich Cat# SAB5500074

Mouse monoclonal EOMES (WD1928) Thermo Fisher Scientific Cat# 14-4877-82; RRID: AB_2572882

Mouse monoclonal Granzyme B (GrB-7) Dako Cat# M7235, RRID: AB_2114697

Mouse monoclonal CD45RO (UCHL1) Dako Cat# M0742; RRID: AB_2237910

Rabbit monoclonal TBX21 Cell Signaling Technology Cat# 13232S, RRID: AB_2616022

Purified anti-human mouse monoclonal CD8A (RPA-T8) Biolegend Cat# 301053, RRID: AB_2562810

Purified mouse monoclonal anti-CD45 (HI30) BD Biosciences Cat# 555480, RRID: AB_395872

Purified human monoclonal CD56 (REA196) Miltenyi Biotec Cat# 130-108-016, RRID: AB_2658728

Purified anti-human mouse monoclonal CD11c (Bu15) Biolegend Cat# 337221, RRID: AB_2562834

Purified anti-human mouse monoclonal CD206 (15-2) Biolegend Cat# 321127, RRID: AB_2563729

Purified mouse monoclonal anti-CD27 (M-T271) BD Biosciences Cat# 555439, RRID: AB_395832

Purified mouse monoclonal anti-CD19 (HIB19) BD Biosciences Cat# 555410, RRID: AB_395810

Purified mouse monoclonal anti-CD45RA (HI100) BD Biosciences Cat# 555486, RRID: AB_395877

Purified anti-human mouse monoclonal CD69 (FN50) Biolegend Cat# 310939, RRID: AB_2562827

Purified mouse monoclonal anti-CD4 (RPA-T4) BD Biosciences Cat# 550369, RRID: AB_393640

Purified anti-human mouse monoclonal CD1c (L161) Biolegend Cat# 331502, RRID: AB_1088995

Purified mouse monoclonal anti-CD45RO (UCHL1) BD Biosciences Cat# 555491, RRID: AB_395882

Purified mouse monoclonal anti-CD16 (3G8) BD Biosciences Cat# 556617, RRID: AB_396489

Mouse monoclonal anti-CD366 (TIM3) (7D3) BD Biosciences Cat# 565768; RRID: AB_2739346

Purified mouse monoclonal anti-Biotin (1D4-C5) Biolegend Cat# 409007, RRID: AB_2563707

Purified mouse monoclonal anti-CD278 (ICOS) (DX29) BD Biosciences Cat# 557801, RRID: AB_396877

Anti-human CD13 (WM15) Fluidigm Cat# 3160014B

Purified mouse monoclonal anti-CD3 (UCHT1) BD Biosciences Cat# 550368, RRID: AB_393639

Purified mouse monoclonal anti-CD86 (IT2.2) BD Biosciences Cat# 555663, RRID: AB_396017

Purified mouse monoclonal anti-CD33 (WM53) BD Biosciences Cat# 555449, RRID: AB_395842

Purified anti-human mouse monoclonal CD197 (CCR7)

(G043H7)

Biolegend Cat# 353237, RRID: AB_2563726

Purified anti-human mouse monoclonal CD141

(BDCA3) (AD5-14H12)

Miltenyi Biotec Cat# 130-108-033, RRID: AB_2661189

Purified anti-human mouse monoclonal CD223

(LAG3) (11C3C65)

Biolegend Cat# 369302, RRID: AB_2616876

Mouse monoclonal anti-CD274 (PD-L1) (MIH1) BD Biosciences Cat# 565959; RRID: AB_2739415

Purified mouse monoclonal anti-PE (PE001) Biolegend Cat# 408105, RRID: AB_2563787

Mouse monoclonal TIGIT (MBSA43) ebioscience Cat# 16-9500-82, RRID: AB_10718831

Purified mouse monoclonal anti-APC (APC003) Biolegend Cat# 408005, RRID: AB_2563706

Purified anti-human mouse monoclonal CD273

(PD-L2) (24F.10C12)

Biolegend Cat# 329613, RRID: AB_2565428

Purified mouse monoclonal CD25 (M-A251) BD Biosciences Cat# 555430, RRID: AB_395824

Purified anti-human mouse monoclonal CD152

(CTLA-4) (14D3)

eBioscience Cat# 14-1529-80, RRID: AB_467511

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Purified anti-human mouse monoclonal CD134

(OX40) (ACT35)

Biolegend Cat# 350015, RRID: AB_2563718

Purified anti-human mouse monoclonal CD14 (M5E2) Biolegend Cat# 301843, RRID: AB_2562813

Purified mouse monoclonal anti-HLA-DR (G46-6) BD Biosciences Cat# 556642, RRID: AB_396508

Purified anti-human mouse monoclonal CD279

(PD-1) (EH12.2H7)

Biolegend Cat# 329941, RRID: AB_2563734

Anti-human CD127 (A019D5) Fluidigm Cat# 3168017B; RRID: AB_2756425

Purified mouse monoclonal anti-CD57 (NK-1) BD Biosciences Cat# 555618, RRID: AB_395985

Purified mouse monoclonal anti-CD68 (KP1) Biolegend Cat# 916104, RRID: AB_2616797

Purified mouse monoclonal EOMES (WD1928) eBioscience Cat# 14-4877-82, RRID: AB_2572882

Purified mouse monoclonal anti-T-bet (4B10) Biolegend Cat# 644825, RRID: AB_2563788

Purified anti-human rat monoclonal FoxP3 (PCH101) eBioscience Cat# 14-4776-82, RRID: AB_467554

Purified anti-human mouse monoclonal CD103

(Ber-ACT8)

Biolegend Cat# 350202, RRID: AB_10639864

Purified anti-human mouse monoclonal CD357

(GITR) (621)

Biolegend Cat# 311602, RRID: AB_314885

Biological Samples

Human melanoma FFPE blocks Melanoma Biospecimen

Tissue Bank

N/A

Human melanoma tumor dissociates Melanoma Biospecimen

Tissue Bank

N/A

Chemicals, Peptides, and Recombinant Proteins

Xylene POCD Scientific Cat# XYL5

Ethanol POCD Scientific Cat# ETHABS5

DPBS Gibco Cat# 14190-144

0.05 M EDTA, pH 8 Invitrogen Cat# 15575-038

DMSO Sigma-Aldrich Cat# D2438

Fluorescence Associated Cell Sort (FACS) Buffer N/A N/A

BioStab Antibody Stabiliser Sigma-Aldrich Cat# 55514

Roswell Park Memorial Institute (RPMI) 1640 media

with L-Glutamine and HEPES buffer

Life Technologies Cat# 72400-047

100 U/ml Penicillin/100 mg/ml streptomycin Sigma-Aldrich Cat# P4333

50 mg/ml Gentamicin Sigma-Aldrich Cat# G1397

CD45 Microbeads Miltenyi Biotec Cat# 130-045-802

Cell-ID Cisplatin 5 mM Pt(NH3)2Cl Fluidigm Cat# 201064

Cell-ID Intercalator-Ir Fluidigm Cat# 201192B

% EQ Four Element Calibration Beads Fluidigm Cat# 201078

Critical Commercial Assays

AllPrep DNA/RNA FFPE Kit Qiagen Cat# 80234

TruSeq RNA Access Library Prep Kit Illumina Cat# RS-301-2001, Cat# RS-301-2002

RNA 6000 Nano Kit Agilent Technologies Cat# 5067-1511

Agilent DNA 1000 Kit Agilent Technologies Cat# 5067-1504

Tumor Dissociation Kit Miltenyi Biotec Cat# 130-095-929

Foxp3 Transcription Factor Staining Buffer Kit eBioscience Cat# 00-5523-00

Deposited Data

RNAseq data This manuscript ENA: PRJEB23709

Software and Algorithms

Trimmomatic Bolger et al. (2014) http://www.usadellab.org/cms/index.php?

page=trimmomatic; RRID: SCR_011848

TopHat version 2.0.8. Kim et al. (2013) http://tophat.cbcb.umd.edu/; RRID: SCR_013035

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Bowtie version 2.1.0. algorithm Kim et al. (2013) http://bowtie-bio.sourceforge.net/index.shtml;

RRID: SCR_005476

SAMtools version 0.1.19. Li et al. (2009a) http://samtools.sourceforge.net/; RRID: SCR_002105

R Project for Statistical Computing The R Foundation http://www.r-project.org/; RRID: SCR_001905

DESeq2 Love et al. (2014) https://bioconductor.org/packages/release/bioc/html/

DESeq2.html; RRID: SCR_015687

HTSeq version 0.6.1. Anders et al. (2015) http://htseq.readthedocs.io/en/release_0.9.1/;

RRID: SCR_005514

Gene Set Enrichment Analysis Software Mootha et al. (2003);

Subramanian et al. (2005)

http://www.broadinstitute.org/gsea/;

RRID: SCR_003199

Phenochart 1.0.8. PerkinElmer Inc. N/A

inForm Image Analysis Software 2.2.1. PerkinElmer Inc. N/A

TIBCO� Spotfire� 6.0.0. TIBCO Software Inc. http://spotfire.tibco.com/; RRID: SCR_008858

GraphPad Prism 7.0. GraphPad Software https://www.graphpad.com/scientific-software/

prism/; RRID: SCR_015807

FlowJo version 10.2 FlowJo LLC N/A

Phenograph Levine et al. (2015) https://github.com/jacoblevine/PhenoGraph

Cytofkit Chen et al. (2016) N/A
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources should be directed to and will be fulfilled by the Lead Contact, James S. Wilmott

(james.wilmott@melanoma.org.au).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Patients were treated with standard-of-care single agent anti-PD-1 (nivolumab or pembrolizumab) or combination anti-PD-1 and

anti-CTLA-4 (ipilimumab), and a subset of these patients were treated as part of clinical trials. Patients were retrospectively identified

based on formalin-fixed paraffin-embedded (FFPE) tissue availability. However, because it is a requirement in Australia that all pa-

tients with advancedmelanoma havemelanoma tissue tested forBRAFmutations prior to commencing any drug therapy, the impact

of selection bias in this study is minimized as all patients have pre-treatment biopsies taken. Patient response was determined using

the RECIST 1.1 criteria (Eisenhauer et al., 2009). Responders were categorized as patients with a RECIST response of CR, PR, or SD

of greater than 6monthswith no progression, while non-responders where categorized as PD or SD for less than or equal to 6months

before disease progression. This study was conducted in accordance with the Declaration of Helsinki, and written informed con-

sented was obtained from all patients and the Melanoma Biospecimen Tissue Bank, including patients from Royal Prince Alfred

Hospital, Westmead Hospital and Melanoma Institute Australia, with ethical approval from the Sydney Local Health District Human

Research Ethics Committee (Protocol No. X15-0454 and HREC/11/RPAH/444).

A cohort of 54 patients who were treated with anti-PD-1 monotherapy (n=12 nivolumab 3 mg/kg 2-weekly; n=42 pembrolizumab

2 mg/kg 3-weekly) (Table S1), and 51 patients treated with combined ipilimumab and anti-PD-1 immunotherapy (n=11 ipilimumab

3 mg/kg + nivolumab 1 mg/kg; n=40 ipilimumab 1 mg/kg + pembrolizumab 2 mg/kg) (Table S2) with available baseline melanoma

tissue were assembled to identify and analyze possible biomarkers of response and resistance. Pre-treatment (PRE) biopsies taken

prior to immunotherapy, and early during treatment (EDT) samples, taken 7-14 days following the commencement of immuno-

therapy, were used in this study.

In the anti-PD-1 cohort, 38 PRE (n=23 responders; n=15 non-responders) and 17 EDT (n=9 responders; n=8 non-responders) sam-

ples were used formultiplex immunofluorescence, and 41 PRE (n=22 responders; n=19 non-responders) and 9 EDT (n=5 responders;

n=4 non-responders) samples underwent RNA sequencing (Figure S1A). Of these patients, 15 had matched PRE and EDT biopsies

used for multiplex immunofluorescence (n=8 responders; n=7 non-responders) and 9 with matched PRE-EDT samples that under-

went RNA sequencing (n=5 responders; n=4 non-responders) (Table S1).

Of the combined immunotherapy cohort, 47 PRE (n=35 responders; n=12 non-responders) and 15 EDT (n=11 responders; n=4

non-responders) samples were used for multiplex immunofluorescence, and 32 PRE (n=24 responders; n=8 non-responders) and

9 EDT (n=6 responders; n=3 non-responders) underwent RNA sequencing (Figure S1A). Of these patients, 14 had matched PRE

and EDT biopsies used for immunofluorescence (n=11 responders; n=3 non-responders) and 7 patients hadmatched PRE-EDT sam-

ples that underwent RNA sequencing (n=6 responders; n=1 non-responder) (Table S2).
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Baseline melanoma tumor dissociates from 18 patients in total were used for mass cytometry. 11 patients were treated with anti-

PD-1 monotherapy (n=6 responders; n=5 non-responders) and 7 patients were treated with combined anti-CTLA-4 and anti-PD-1

immunotherapy (n=3 responders; n=4 non-responders). Healthy donor peripheral blood cells (PBMCs) were obtained from the Royal

Prince Alfred Hospital with consent.

METHOD DETAILS

Opal Multiplex Immunofluorescent Staining
4 mm sections were produced from FFPE melanoma samples and mounted on Superfrost Plus slides (Thermo-Scientific). FFPE sec-

tions were heated in the oven at 65�C for 20 minutes, deparaffinized in xylene (5 min in 2 x xylene) and rehydrated in ethanol (5 min in

2 x 100% ethanol, 5 min in 1 x 95% ethanol, 5 min in 70% ethanol). Antigen retrieval was performed in AR9 buffer (Perkin Elmer;

AR900) in the microwave (3 min at full power, 15 min at 20% power). Slides were cooled on the benchtop for 10 min before

commencing staining using an autostainer plus (DAKO).

Tissue sections were blocked with 3% hydrogen peroxide in TBST for 5 min, and then incubated with the primary mouse antibody

for PD-1 (Cell Marque Corp, RRID:AB_1160829; 1:500) for 30 min. Slides were then incubated using the MACH3 Mouse HRP-poly-

mer detection system for 5 min each step, before visualization using Opal570 TSA (1:50) for another 5 min. Following this, antigen

retrieval was conducted again to prepare the slides for the next antibody. Using this Opal staining method, all samples were stained

sequentially with the primary mouse antibody for FOXP3 (Abcam, RRID:AB_445284; 1:2000) visualized with Opal620 TSA (1:50), pri-

mary mouse antibody for SOX10 (Biocare Medical, 1:800) visualized with Opal690 TSA (1:50), primary rabbit antibody for PD-L1 (Cell

Signaling Technology, RRID:AB_2687655; 1:2000) visualized with Opal650 TSA (1:50) and the primary rabbit antibody for CD8

(Sigma-Aldrich, 1:500) visualized with Opal520 TSA (1:50). Slides were counterstained with DAPI (1:2000) for nuclei visualization,

and subsequently coverslipped using the VectaShield Hardset mounting media.

Samples were stained with a second T-cell characterization panel in the same manner. This included the sequential staining of

FFPE tissue sections with the primary mouse antibody for EOMES (Thermo Scientific Fisher, RRID:AB_2572882; 1:400) visualized

with Opal620 TSA, the primary mouse antibody for Granzyme B (Dako, RRID:AB_2114697; 1:1000) visualized with Opal690 TSA,

the primary mouse antibody for CD45RO (Dako, RRID:AB_2237910; 1:800) visualized with Opal650 TSA, the primary rabbit antibody

for TBET (Cell Signaling Technology, RRID:AB_2616022; 1:1000) visualized with Opal570 TSA, the primary rabbit antibody for CD8

(Sigma-Aldrich, 1:500) visualized with Opal520 TSA and the DAPI counterstain.

Multispectral Image Acquisition
Tissue sections that underwent single-plex fluorescent staining for each fluorophore were imaged using the Vectra 3.0 slide scanner

(Perkin Elmer) under the appropriate fluorescent filters (cy3 for Opal570, Texas Red for Opal620, cy5 for Opal650 and Opal690, FITC

for Opal520, and DAPI) in order to produce the spectral library required for multispectral analysis. A whole slide scan of the multiplex

tissue sections producedmultispectral fluorescent images visualized in Phenochart, fromwhich aminimumof 3 regions of tumor and

peritumor representative of the entire section were selected where possible for imaging at 20x power for further analysis.

Multispectral Analysis
Analysis of the multispectral images was conducted using inForm image analysis software (Perkin Elmer). Representative images of

intratumoral and peritumoral regions from each sample used to establish tissue segmentation and cell segmentation algorithmswere

applied to batch analysis of all high powermultispectral images. Briefly, the spectral library was used to un-mix the individual markers

from the auto-fluorescent background. inForm was first trained to distinguish between tumor, peritumor and ‘other’ areas within the

melanoma samples. The software was then trained to segment the tissue categories into the cell components: the nuclei, cytoplasm

andmembrane of each cell. The positivity threshold of eachmarker was then determined and recorded for further data analysis. Once

the algorithm was completed, all images were imported into inForm, and run as a batch. To ensure effective segmentation of the

samples, images were examined post analysis and reviewed by pathologists; those that were not suitable were removed from the

final data set.

Immunohistochemistry
4 mm sections produced from FFPE melanoma samples were heated in the oven at 65�C for 20 min, deparaffinized in xylene and

rehydrated in graded ethanols. Antigen retrieval was performed in high pH HIER buffer (pH 9) in the Decloaking Chamber (Biocare

Medical) at 95�C for 20 min. Slides were cooled on the benchtop in TBST for 5 min before commencing staining using an Autostainer

Plus (DAKO). Slides were incubated with the primary rabbit CA9 antibody (Cell Marque) at a 1:50 dilution for 45min. The antibody was

detected using the MACH3 detection kit (Biocare Medical), before visualization with a DAB chromagen. Slides were then counter-

stained with hematoxylin.

Mass Cytometry Sample Preparation
Fresh melanoma samples were obtained from patients prior to commencing treatment. Tumors were manually minced and then

dissociated into single-cell suspensions using the human Tumor Dissociation Kit and gentleMACSTM Dissociator (Miltenyi Biotec),

according to the manufacturer’s instructions. PBMCs were isolated by Ficoll density gradient centrifugation of whole blood.
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Single-cell suspensions were then viably frozen in fetal bovine serum (FBS) supplemented with 10% DMSO (Sigma-Aldrich) using a

controlled freezing unit (Cool Cell LX).

Cryopreserved tumor dissociates (TD) and healthy PBMCs were resuscitated for Mass Cytometry analyses by rapid thawing and

slow dilution into warm RPMI P/S/G media supplemented with 10% FBS. Cells were then counted using Trypan Blue exclusion

viability dye and washed in FACS media (1x DPBS supplemented 1% FCS and 0.05% EDTA), ready for downstream applications.

Mass Cytometry Antibodies
Metal-conjugated antibodies used in CyTOF analysis are presented in the Key Resources Table. For somemarkers, fluorophore-con-

jugated antibodies were used as primary antibodies, followed by secondary labelling with anti-fluorophore metal-conjugated anti-

bodies. Antibodies were either purchased from Fluidigm or conjugated in-house using MaxPar X8 reagent kits (Fluidigm), according

to the manufacturer’s protocol. The concentration of each antibody was assessed using a Nanodrop (Thermo Scientific) and was

then adjusted to 400 mg/ml in BioStab Antibody Stabiliser (Sigma-Aldrich). Conjugated antibodies were titrated for optimal concen-

tration prior to use. Surface and intracellular antibody staining cocktail master mixes were prepared prior to each experiment. This

protocol was carried out by the Ramaciotti Facility for Human Systems Biology, Sydney.

Isolation of CD45+ Leukocytes from Tumor Dissociates
Prior to staining, CD45+ leukocytes were isolated from TD samples by magnetic labelling with CD45 MicroBeads (Miltenyi Biotech)

and subsequent separation using the autoMACS Pro Separator (Miltenyi Biotech) according to the manufacturer’s instructions. To

ensure that the CD45 MicroBeads did not prevent binding of the CD45 antibody, cells were simultaneously stained with metal-con-

jugated anti-CD45 (Pd104). The timing of anti-CD45 addition was determined by previous experiments. Isolated CD45+ cells were

then counted and washed in FACS media.

CD45 Barcoding and PBMC Spike-in
TD that yield <2x106 leukocytes after separation were spiked with donor PBMCs to increase pellet bulk. In order to differentiate be-

tween TD leukocytes and PBMCs, a CD45-based barcoding approach was used prior to spike-in, as previously described (Lai et al.,

2015; Mei et al., 2015). TD leukocytes were labelled with CD45-Pd104 during CD45+ isolation (see above). PBMCs were stained with

CD45-Pd110 for 20min at 4�Cand thenwashed twice in FACSbuffer. Labelled PBMCswere then added to tumor samples (if needed)

up to a final count of 2x106 cells.

Antibody Staining
2x106 cells were stained for mass cytometry analyses as described (Bendall et al., 2011; Newell et al., 2012). Briefly, cells were

stained with 1.25 mM Cell-IDTM Cisplatin in PBS (Fluidigm) for 3 min at room temperature and quenched by rapid addition of FBS.

Cells were then washed twice in FACS buffer and then stained with a fluorophore-conjugated antibody cocktail for 20 min at 4�C.
Following wash with FACS buffer, cells were stained with a metal-conjugated surface stain antibody cocktail for 20 min at 4�C. Cells
were then fixed and permeabilized using the Foxp3 Transcription Factor Staining Buffer Set according to themanufacturer’s protocol

(eBiosciences). Cells were subsequently stained with a metal-conjugated intracellular antibody cocktail for 40 min at 4�C. Cells were

then washed twice, once in Perm/Wash buffer and once in FACS buffer. Cells were then fixed overnight in 4% paraformaldehyde

solution containing DNA Intercalator (0.125 mM iridium-191/193; Fluidigm).

Mass Cytometry Data Acquisition
Prior to acquisition, cells were washed once in FACS and twice in dH2O. Cells were then diluted to 8x105 cells/ml in dH2O containing

10% EQ Four Element Calibration Beads (Fluidigm) and filtered. Cells were acquired at a rate of 200-400 cells/s using a CyTOF 2

Helios upgraded mass cytometer (Fluidigm). Flow Cytometry Standard (FCS) files were normalized to EQ bead signal and were

then analyzed using FlowJo v10.2 (Tree Star). TD leukocytes were de-barcoded manually in FlowJo.

RNA Isolation and Sequencing
Total RNA was isolated from FFPE tissue sections using the AllPrep DNA/RNA FFPE Kit (Qiagen) according to the manufacturer’s

instructions. RNA quantity was assessed on Qubit, and RNA integrity was assessed using the RNA 6000 Nano kit and run on the

Agilent 2100 Bioanalyzer (Agilent Technologies). The mRNA samples were fragmented in preparation for cDNA synthesis and library

construction using the TruSeq RNA Access Library Prep Kit (Illumina) according to the manufacturer’s protocol. Library quality was

assessed on an Agilent 2100 Bioanalyzer using a DNA 1000 chip prior to paired-end sequencing on the Illumina Hiseq 2500, and a

median of 47 million reads per sample was generated.

RNA-seq Data Processing
The RNA-seq data processing and analysis pipeline was described previously (Cheng et al., 2016). Briefly, the 30 adapter sequence
was removed from all reads using the suggested parameters in Trimmomatic (Bolger et al., 2014). Subsequently, reads were aligned

to the Ensembl GRCh38 Homo sapiens reference genome using TopHat version 2.0.8 (Kim et al., 2013), which incorporates the

Bowtie version 2.1.0 (Kim et al., 2013) algorithm to perform alignment and also SAMtools version 0.1.19 (Li et al., 2009a) for alignment

output formatting. Alignment parameters were set to the protocol as previously described (Trapnell et al., 2012). Subsequently,
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alignment statistics can be generated using RNA-SeQC for quality control of these aligned reads. Preliminary quality control of

sequencing reads was determined by the Phred scoring system. A Phred score of a base is:Qphred = � 10log10e, where e is the error

probability. Sequences that were more than Q30 were selected for analysis.

Differentially Expressed Gene Analysis
The R packages, DESeq2 (Love et al., 2014) and HTSeq version 0.6.1 (Anders et al., 2015), were used respectively to perform gene

count and differential gene expression analysis. Aligned reads that mapped to the human gene annotation from Ensembl were iden-

tified using HTSeq with the default htseq-count functionality. In order to measure differential expression between responders and

non-responders, the count-based expression profiling was performed using model count data based on negative binomial distribu-

tion and shrinkage estimator for distribution’s variance to assess the quantitated reads. Read counts were normalized using the

DESeq() function (Love et al., 2014). The study aimed to determine which significant genes change over time in the treatment

(Tables S3 and S5), and to test for which significant genes the effect of treatment is different across groups (Tables S7 and S8) using

the design matrix previously published (Love et al., 2014, 2016). To determine fold change differences, the log of ratio of expression

levels for each gene between conditions being tested was computed. The normalized expression values were displayed as counts

per million (cpm). Differential expression was visualized on SeqMonk with a corrected p value, and significantly differentially

expressed genes were identified as those with an adjusted (adj.) p value of < 0.05 with Benjamini-Hochberg (BH) multiple testing

correction at 5% false-discovery rate (FDR).

Gene Set Enrichment
To perform the gene set enrichment analysis, GSEA software was used to derive the absolute enrichment scores using C2 curated

subset (experimentally validated gene sets) of theMolecular Signature Database version 6.0 (Mootha et al., 2003; Subramanian et al.,

2005), based on KEGG pathways (Kanehisa et al., 2016).

QUANTIFICATION AND STATISTICAL ANALYSIS

Mass cytometry analysis was performed as previously described (Levine et al., 2015;Wei et al., 2017). Briefly, the FCS files generated

from mass cytometry were manually gated to live CD45+ cells using FlowJo. The merged dataset was subsequently down-sampled

to a maximum of 100,000 cells. PhenoGraph (Levine et al., 2015) and t-SNE analysis using the R package ‘CyTOFkit’ (Chen et al.,

2016) were performed to classify and visualize the subpopulations of tumor-infiltrating lymphocytes (TILs) based on the cell surface

and intracellular markers listed in the Key Resources Table. PhenoGraph first identified the k-nearest neighbors (k = 47) using

Euclidean distance, and calculated the similarities using the Jaccard coefficient. Subsequently, the Louvain algorithm was used

to partition the network for detecting communities with optimal modularity, generating 14 groups of subpopulations. t-SNE was

then performed using the default parameters (perplexity = 30 and iterations = 1000). Comparison of values was performed using

Mann-Whitney U test or Kruskal Wallis test for unpaired data, and Wilcoxon matched-pairs signed rank test for paired data via

GraphPad Prism 7.0. Data are presented as mean with SD unless otherwise stated.

To evaluate the performance of the CD8+/CD4+EOMES+CD69+CD45RO+ memory T-cell phenotype in response to anti-PD-1

based immunotherapy, the receiver operating characteristic (ROC) curve was drawn using the ‘pROC’ package in R environment,

and the area under the curve (AUC) was used to measure the performance of the CD8+/CD4+EOMES+CD69+CD45RO+ memory

T-cell phenotype. The expression levels of EOMES, CD69, CD45RO, CD8, and CD4 with ±2 (log2 expression value) were used to

define high and low expression of the CD8+/CD4+EOMES+CD69+CD45RO+ memory T-cell phenotype. Previously defined markers,

CD8 and PD-L1, were also assessed to measure the performance of the test in predicting response to anti-PD-1 based immunother-

apies. Quantitative image analysis was conducted using TIBCO� Spotfire� 6.0.0. Calculation of log-rank test and Kaplan-Meier sur-

vival curves were analyzed in R environment (‘survminer’ and ‘survival’ package).

DATA AND SOFTWARE AVAILABILITY

The RNAseq data is deposited in the European Nucleotide Archive (ENA) (Leinonen et al., 2011), under accession number

PRJEB23709.
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