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One Sentence Summary: A STAT1-driven inflammatory phenotype associated with response to
checkpoint blocking antibodies can be therapeutically attained and sensitizes cancers to
immunotherapy.

Abstract:

Cancer immunotherapy using antibodies that target immune checkpoints has delivered
outstanding results. However, responses only occur in a subset of patients and it is not fully
understood what biological processes determine an effective outcome. This lack of
understanding hinders the development of rational combination treatments. We set out to define
the pretreatment microenvironment associated with an effective outcome by utilizing the fact that
inbred mouse strains bearing monoclonal cancer cell line-derived tumors respond in a
dichotomous manner to immune checkpoint blockade (ICB). We compared the cellular
composition and gene expression profiles of responsive and non-responsive tumors from mice
before ICB, and validated the findings in cancer patient cohorts treated with antibodies targeting
the PD-1/PD-L1 pathway. We found that responsive tumors were characterized by an
inflammatory gene expression signature consistent with upregulation of STAT1 and TLR3
signaling, and down-regulation of IL-10 signaling. In addition, responsive tumors had more
infiltrating activated natural killer (NK) cells, which were necessary for response. Pretreatment
of different mouse strains with large established tumors, using a combination of the STAT1-
activating cytokine IFNy, the TLR3 ligand poly(I:C) and an anti-IL-10 antibody sensitized
tumors to ICB by attracting IFNy-producing NK cells into the tumor, resulting in increased cure
rates. Our results identify a pretreatment cellular and molecular tumor microenvironment that
predicts response to ICB, which can be therapeutically attained. This data anticipates a
biomarker-driven approach to patient management to establish whether a patient would benefit
from treatment with sensitizing therapeutics before ICB.

Introduction:

Immunotherapy has become a remarkable success story in the treatment of cancer (/). In
particular, treatment with monoclonal antibodies targeting immune checkpoint molecules such as
PD-1 and CTLA-4 improves survival in patients with melanoma, non-small cell lung cancer and
several other cancer types (2-4). However, a large proportion of patients do not benefit, and some
cancer types seem to be less sensitive to immune checkpoint blockade (ICB) than others (3, 6).
Some patients have an immediate and complete regression of all their tumors, sometimes within
weeks (7), while other patients do not experience any therapeutic response whatsoever (6).

Although several correlates of response to ICB have been reported, such as expression of
checkpoint ligands (8), mutational load (9), neoantigen expression (/0), interferon signatures
(/1) and an inflammatory tumor microenvironment (/2), no definitive predictive biomarkers
have been identified (6). More importantly, it is unclear if it is possible to manipulate a non-
responsive tumor microenvironment towards a responsive phenotype. Consequently, the clinical
development of combination therapies is largely empiric, and sometimes based on scant
preclinical data (13, 14). With over 1000 currently active clinical trials involving ICB worldwide
(15), there is a need to prioritize immunotherapy combinations, preferably based on preclinical
data, as to limit patient exposure to futile treatments and potentially severe side-effects (5).



Ideally, this would involve therapeutically altering the tumor microenvironment to a favorable
phenotype before therapy, allowing subsequent assessment of the tumor state to define a go/no
go signal for subsequent checkpoint-targeted treatment. This would not only improve
prioritization of immunotherapeutic combinations to test in patients but also allow patient
stratification in experimental trials and clinical practice.

Here, we made use of the fact that even in the highly homogeneous setting of inbred mouse
strains bearing tumors derived from monoclonal cancer cell lines, there remains a dichotomy in
responsiveness to treatment with immune checkpoint blockade (6, 16-21). Against this highly
uniform background, we asked whether we could identify a signature in tumors before treatment
that would correlate with response, and whether we could use that information to turn non-
responders into responders. Using flow cytometry and bulk and single cell RNAseq data from
tumors derived from two different mouse cancer models, we mapped the key cellular and
molecular networks associated with response, the results of which were corroborated in several
datasets of cancer patients treated with immune checkpoint blockade (22, 23). We prioritized
upstream regulators for therapeutic targeting with drugs, recombinant proteins or antibodies, and
found that we could indeed drive the tumor microenvironment from a non-responsive into a
responsive state.

Results

Tumors derived from clonal cancer cell lines, grown in inbred mouse strains display two distinct
gene signatures, predicting sensitivity to ICB

There are many potential reasons why a definitive biomarker for the response to ICB has not
emerged, including differences in host genetics, environmental factors and the diverse genetic
and cellular make up of cancers between patients (22, 24). Even inbred mouse strains bearing
transplantable tumors display a dichotomous outcome after immunotherapy (fig. 1A)(16-21).
This is surprising since the genomes of these mice are nominally identical. In addition, the
tumors are derived from a clonal cell line, excluding the possibility that a difference in tumor
rejection antigen expression caused these disparate responses. Mice are age- and gender-
matched, kept under controlled conditions, and receive identical treatment. Yet, they respond
very differently. Differences in outcomes between animals are possibly related to differences in
T cell repertoire, which is not completely encoded in the germline (25), or to stochastic
immunological events (26). Regardless of the cause of this dichotomy, we reasoned that this
model would allow us to assess potentially small differences in microenvironmental regulation of
therapeutic responses in a controlled background. We inoculated mice bilaterally with either
ABI1 mesothelioma cells or Renca kidney cancer cells and treated them with anti-CTLA-4 and
anti-PD-1L ICB antibodies, which resulted in symmetric, yet dichotomous responses (fig. 1B
and C). These models thus allow the biological assessment of a whole tumor at any time point,
by surgically removing it, while still being able to infer the therapeutic fate of that tumor if it had
been left in situ, by monitoring the fate of the remaining contralateral tumor (/6). We used this
model to characterize the pretreatment tumor microenvironment. We surgically removed one
tumor for analysis using either bulk RNAseq, flow cytometry or single cell RNAseq shortly
before administering ICB. The remaining tumor was assessed for therapeutic outcome (fig. 1D).

Using principle component analysis (PCA) of the bulk RNAseq data, we found that responsive
and non-responsive tumors clustered separately in both models, (fig. 1E and F). Unsupervised



hierarchical clustering of the top differentially expressed genes also resulted in a clear separation
of responsive and non-responsive tumors (fig. 1G and H, data file S1). Thus, untreated,
ostensibly identical tumors in inbred mice displayed a surprising heterogeneity in gene
expression profiles, differentiating animals that were going to be responders from non-
responders even before they were treated with immunotherapy.

ICB responsive tumors are characterized by an inflammatory microenvironment, driven by
STATI

We aimed to gain insight into the biological relevance of the differentially expressed genes in
responsive and non-responsive tumors. Firstly, we noted a striking difference between the two
models in terms of differentially expressed genes between responders and non-responders, with
ABI1 having more than 10,000 genes differentially expressed, while in Renca only 127 genes
were differentially expressed. However, the majority of the 127 genes in Renca overlapped with
ABI1 (118 genes), resulting in a refined response-associated signature (data file S1).

To further characterize the overarching biological processes associated with this signature, we
analyzed the distribution of a well-characterized and curated collection of ‘hallmark’ gene sets
using gene set enrichment analysis (GSEA)(27) (fig. 2A and fig. S1). This revealed enrichment
of genes associated with a type I and II interferon response and an inflammatory environment in
responsive tumors in both murine models. These gene sets were also enriched in pretreatment
tumors from a cohort of urothelial cancer patients treated with PD-L1 antibody atezolizumab that
went on to respond (23) (fig. 2B), validating the translational relevance of the findings. Pathway
analysis of the common differentially expressed genes in the two models identified antigen
presentation and Thl type immune responses as the most enriched pathways in responsive
tumors (fig. 2C). These data accord with published data in human melanoma (/7), and suggest
that the activation of inflammatory pathways, in particular the IFN response, renders tumors
sensitive to ICB in animal cancer models and patients alike.

Next, we used weighted gene correlation network analysis (WGCNA) (28) to map the molecular
networks underlying responsiveness to ICB. This identified 7 modules of highly co-expressed
genes operating within tumors, of which one was significantly upregulated in responsive tumors
in both models (module 1 in fig. 2D and fig. S2, dashed line p 0.05). This response-associated
module was enriched for genes involved in immunity, including NK cell mediated cytotoxicity,
PD-1 signaling and costimulation (fig. S3). Using Network Analyst (29) we assembled a putative
network that identified Stat/ as a hub (fig. 2E). These findings were corroborated in single cell
analysis of AB1 tumors, which identified greater Stat/ gene expression in both immune and non-
immune cells (fig. S4). In addition, there was a significant (p 0.019) enrichment of a STAT1
signature in responsive tumors from the urothelial cancer/atezolizumab cohort (23) as well as in
a second cohort of patients with melanoma treated with nivolumab (p 0.044) (22) (fig. 2F, fig.
S5). Since STAT] is activated through phosphorylation, which can be assessed by
immunohistochemistry, we assessed total and phosphorylated STAT1 abundance in our mouse
models and found that responsive tumors had significantly higher percentages of positive cells
than non-responsive tumors (p 0.001) (fig. 2G, H, fig. S6). Similarly, the absence of a STAT1
gene signature in human pretreatment samples was associated with a decreased progression-free
survival in the urothelial cancer/atezolizumab clinical dataset (fig. S5C), which accords with a
previous report on the predictive value of tumor STATI activation in melanoma patients treated



with anti-PD1 (30). Together, these data suggest that STAT1 activation is a driver of the ICB
response-associated tumor microenvironment and can serve as a potential biomarker to identify
patients more likely to respond.

Cellular analyses of resistant and sensitive tumors identify the presence of NK cells as a
prerequisite for response to ICB

As we observed an enrichment of genes associated with an inflammatory IFN/STAT1-driven
environment in responsive tumors, and because it has been previously found that ‘hot’ tumors
are characterized by increased CD8 T cell infiltration (30), we examined the immune cell
infiltrates of responsive and non-responsive tumors. We employed flow cytometry on dissociated
tumors and compared the data with a CIBERSORT analysis (32); CIBERSORT is a
deconvolution approach for characterizing cell composition of complex tissues that we applied to
our RNAseq data. AB1 tumors were characterized by a predominantly myeloid infiltrate, whilst
the infiltrate in Renca tumors was mostly lymphoid (fig. 3A, B). Interestingly, despite the
striking differences in cellular infiltrates, these models respond similarly to checkpoint blockade.
We did not observe any consistent difference between responders and non-responders with
regard to infiltrating CD8 or CD4 T cells, B cells, macrophages, monocytic cells or dendritic
cells (fig. 3A and B, fig. S7, data file S2). However, there was a greater proportion of NK cells
(flow cytometry) and activated NK cells (CIBERSORT) in responding tumors in both models
(fig. 3C and D). The percentage of overall leukocytes (identified as CD45" cells by flow
cytometry) was the same in responsive and non-responsive tumors (fig. S§A). The percentage of
tumor-infiltrating NK cells (CD335"/CD3") of all tumor-containing cells was significantly
increased (p < 0.0001) in responders (fig. S8B). To assess whether tumor NK cell enrichment
could be relevant in humans, we interrogated gene expression data from the urothelial cancer
patient cohort, obtained prior to treatment with anti-PD-L1 (23). Using CIBERSORT we found
gene sets specific for activated NK cells significantly correlated with objective radiological
response (CR and PR versus PD, p 0.034) (fig. 3E, fig. S9), similar to the mouse models. To test
whether NK cell infiltration of the pretreatment tumor microenvironment was required for
response in our models, we depleted NK cells with a single injection of anti-asialo GM1 three
days before ICB in both AB1 and Renca models, which resulted in a significantly (p 0.0185 and
< 0.0001 respectively) diminished response (fig. 3F, G). These data show that very different
cellular tumor microenvironments between models are still conducive to a response to ICB.
Furthermore, pretreatment tumor NK cell infiltration is a common prerequisite for response to
ICB.

Rational development of a pretreatment combination therapy to sensitize tumors to ICB

Having identified genes differentially expressed in responsive tumors, we then rationalized that
by targeting the regulators of these genes, we could induce non-responsive tumors to respond to
ICB. We employed upstream regulator analysis (URA) (33) to identify higher-level regulators of
the inflammatory pathways and networks enriched in responsive tumors. URA identifies
transcriptional regulators that, based on prior experimental data, might be expected to account
for the genes that are differentially expressed. Despite the marked difference in the number of
differentially expressed genes and cellular infiltrates between the models, the regulators
associated with response were highly similar, with the most significant (p< 0.0001) positive



regulators being IFNy and STATI, and IL-10RA the top negative regulator (fig. 4A, dashed line
p 0.05, fig. S10). Importantly, the patient cohort showed similar results (fig. 4B, fig. S11).
Having identified a regulator signature associated with response, we reasoned that by targeting
these regulators predicted to phenocopy this signature before ICB, we could convert non-
responsive to responsive tumors. We focused on therapeutics that are clinically readily available
(at least in phase II clinical trials), and therefore chose a pretreatment schedule of IFNy, anti-IL-
10, and/or TLR3 agonist poly(I:C), which was also one of the top regulators and is known to
activate STAT1 (34). We administered a short course of these treatments, for three days only,
followed by ICB two days later (fig. 4C). In addition to the models previously described, we
also used AE17 mesothelioma and B16 melanoma-bearing C57BL/6 mice, as both are relatively
resistant to ICB (35). In all cases, we observed that mice pretreated with the triple combination
were sensitized to ICB, with significantly increased response rates, from 0-10% with ICB alone,
to up to 80% for the combination therapy (Renca p< 0.0001, AB1 p 0.0362, AE17 p 0.002, B16
p 0.0002) (fig. 4D to G),

To determine whether this was the effect of a single drug or due to the predicted complex
treatment combination, mice were pretreated with each selected therapeutic alone followed by
ICB, to which we observed no added benefit to ICB alone (fig. 4H). Although pretreatment with
a combination of Poly(I:C) and either IFNy or anti-IL-10 resulted in sensitization of some
tumors, the triple combination was superior (fig. 41). Next, to determine whether the triple
combination was indeed sensitizing the tumor to ICB, rather than enforcing the effector
response, we changed the scheduling and compared the triple combination followed by ICB (fig.
4C) to ICB followed by the triple combo (fig. 4J). When checkpoint blockade was given first,
followed by the triple combination, response rates were similar to ICB alone. When the
combination was given first, even though start of ICB was substantially delayed compared to the
controls, the tumors had been sensitized and responded to therapy, in both Renca (fig. 4K) and
ABI (fig. S12). These data show that a rational complex combination of multiple clinically
available therapeutics results in marked sensitization to ICB.

Sensitizing treatment induces the responsive phenotype and is dependent on NK cells

To test whether the sensitizing therapeutic combination induced the response-associated
phenotype, we analyzed the tumors by flow cytometry for STATI activation and NK infiltration
after 3 days of pretreatment with IFNy, poly(I:C) and anti- IL10, or vehicle controls (fig. SA).
Indeed, we found that the sensitizing pretreatment significantly (AB1 p 0.079, Renca p 0.0002)
increased the frequencies of CD335" cells (fig. 5B, S13A). In addition, there was an increase in
phospho-STATTI positive and IFNy-producing leukocytes infiltrating the tumors (fig. 5C to D,).
In addition, the pretreatment increased PD-L1, pSTAT1 and MHC-I expression on tumor cells
(fig SE, S13B and C). Although the pre-treatment-induced increase in IFNy production was
derived from multiple leukocyte subsets in the tumor, this was significant for the NK cell
population only (p < 0.0001), not for the other cell subsets (fig. 5F). This was also the case for
phosphorylation of STATI (fig. 5G, p 0.027). To confirm that the triple combination, rather than
a single agent was driving this response phenotype, we assessed the effect of each agent alone
compared to the triple combination. We found that the triple combination was superior over
single treatments in terms of increased NK cell infiltration, IFNy production and

STAT phosporylation (fig S14). Furthermore, recruitment of NK cells was greatest 1-3 days
after the final dose of the triple combination, suggesting it would be optimal to start ICB early



after pre-treatment (fig S15). Further phenotypic characterization of these CD335" NK cells in
the tumor revealed that they were conventional NK cells, and not tissue-resident CD335" ILC1
or ILC3 (fig. S16)(36). High expression of markers CD11b and KLRG1 confirmed activation
and maturity of these conventional NK cells (fig SH, I). When we depleted NK cells prior to
pretreatment, we completely abolished the sensitizing effect to ICB (fig. 5J), suggesting that
indeed this was mediated through treatment-induced infiltration of circulating NK cells in the
tumor microenvironment. To further substantiate the role of STAT1 in the sensitizing effect of
the triple combination therapy, we functionally inactivated the STAT1 pathway using blocking
antibodies against IFNy/IFNAR, which are both upstream of STAT1. This significantly
diminished tumor NK cell infiltration after triple combination therapy (p 0.002) (fig S17).
Together, these data show that the triple combination therapy attracts conventional NK cells into
the tumor microenvironment in a STAT1-dependent manner, resulting in sensitization to
subsequent ICB

Discussion

Together, our data demonstrate that a pretreatment tumor microenvironment dominated by
infiltrating activated NK cells and an inflammatory gene expression signature characterized by
STAT]1 activation is sensitive to ICB and that this profile can be therapeutically induced. These
data point to a two-step approach to treating cancer patients, in which tumor profiling allows a
decision to treat initially with ICB or after pretreatment with sensitizing therapeutics (fig.5H).

We have previously argued that the therapeutic response to ICB can be visualized as a critical
transition, moving from a pretreatment cancer state towards a normal tissue state (6). Since
complex systems that display critical transitions tend to be highly sensitive to initial conditions
(37), we set up our mouse models so that in a highly homogenous background and under
controlled conditions we would still observe dichotomous outcomes, with a proportion of mice
displaying a full cure and a proportion no response whatsoever. We presumed that we would find
little if any difference in pre-treatment gene expression between responsive and non-responsive
tumors (6). To our surprise however, although indeed in the Renca model only a little over
hundred genes were differentially expressed between responders and non-responders, this was
markedly different for AB1, where despite the homogenous background and clonality of the
tumors several thousands of genes were differentially expressed. Our data thus uncover a striking
immunological heterogeneity prior to treatment in subcutaneous tumor models derived from
clonal cell lines in inbred mouse strains, which are widely used in cancer biology and drug
discovery. It is likely that this will influence results for immunotherapy studies or other
treatments such as chemotherapy, which are influenced by immunological mechanisms (38).

Additionally, we noted large differences in the cellular make-up of the Renca and AB1 tumors,
despite them displaying a similar response rate to ICB. Our data indicate that ICB-sensitive,
inflammatory (‘hot’) tumors are not only characterized by markedly increased numbers of
immune cells such as CD8" T cells (30), but that discrete differences in cell populations, such as
NK cells, or activation state (as measured by STAT]1 activation) can be associated with major
consequences in gene expression and thus sensitivity to ICB, which can be therapeutically
attained.

Limitations of our analysis include the fact that we have focused on transcriptional events and
thus will have missed other mechanisms that drive the response. In addition, we have only taken



a single snapshot of the pre-treatment state, so future studies will need to address the temporal
immunological effects associated with the therapeutic response, for example using bilateral
tumor models (6). We acknowledge that some effects appear to be more pronounced in the
mouse models compared to the human datasets, such as the correlation between NK numbers and
response. This is likely related to the heterogeneity of patients, their cancers and environmental
factors, while in our mouse models those factors are all controlled, allowing the detection of
small differences that would otherwise have gone unnoticed. We can also not exclude that
differences in cancer type as well as the antibodies tested may have resulted in slight differences
in the importance of the identified regulators between the mouse models and human datasets.

With many different immune checkpoint inhibitors currently available, in addition to other
antibodies, cytokines, and small molecule drugs targeting the immune system or cancer cells,
there is an abundance of choice for combination therapies. Currently these combinations are
tested in many thousands of patients in the context of clinical trials, not infrequently with little
preclinical rationale (5, 75, 39). Particularly when more than two drugs are given together, the
number of potential combinations becomes prohibitive for testing in clinical trials. In this
context, we showed that effective complex combinations of therapeutics can be identified by
systems analysis of gene expression data from responding and non-responding tumors, and we
identified a treatment combination that sensitizes tumors to ICB very effectively in multiple
difficult to treat preclinical models. Our data will provide a resource for further investigating the
biology associated with response to ICB and for identification of combination treatments in the
context of immuno-oncology.

Study design

Our primary objective was to define the pretreatment microenvironment associated with an
effective outcome by comparing gene expression and flow cytometry data from ICB responsive
and non-responsive tumors within the same mouse cancer model. Our secondary objective was to
test whether we could therapeutically alter the tumor microenvironment towards a responsive
phenotype, and thus increase the response to ICB. By implanting a tumor s.c. on both flanks of
the mouse, we were able to remove one entire tumor 1 hour prior to therapy with ICB, then
monitor the remaining tumor for response. The removed tumor was analyzed by flow cytometry,
bulk RNAseq or single cell RNAseq, and categorized as a responsive or non-responsive tumor
based on the outcome of the corresponding tumor left in situ. Tumors that had an intermediate
response (partial response or relapse) were excluded from analysis. We performed these
experiments using AB1 mesothelioma and Renca renal cell carcinoma cell lines. In order to
exclude model-specific effects, we focused on genes that were differentially expressed between
responsive and non-responsive tumors in both models. The sample size for the bulk RNAseq
experiments was estimated using the method developed by Hart et al (40).

We then used this transcriptomic data to identify pathways and regulators that could be targeted.
We validated the findings using publicly available RNAseq data from two cancer patient cohorts
(22, 23). We utilized in vivo targeting studies with tumor growth as an endpoint. These studies
were performed in BALB/c mice carrying AB1 and Renca tumors, and were validated in
unrelated s.c AE17 mesothelioma and B16 melanoma models in C57BL/6 mice, to establish
robustness across tumor models and mouse strains. Mice were randomized after tumors were
established, prior to tumor removal and therapy. Treatments were administered by one



researcher, while tumors were measured by another researcher who was blinded for treatment
allocation.

Supplementary Materials
Materials and Methods

Fig. S1. Individual Gene Set Enrichment Analysis graphs of the top 8 Hallmark genesets in AB1
and Renca.

Fig. S2. Weighted gene correlation network analysis, expression of modules upregulated in
responders in AB1 and Renca separately.

Fig. S3. Reactome and KEGG pathway enrichment of response-associated module (module 1) in
overlap AB1/Renca.

Fig. S4. Single cell analysis of responsive/non-responsive AB1 tumors.
Fig. S5. STATI expression and correlation with response in human patient cohorts.
Fig. S6. STAT1 IHC on AB1 and Renca tumors.

Fig. S7. CIBERSORT of individual samples of responders and non-responders in AB1 and
Renca before treatment with anti-CTLA4/anti-PD-L1.

Fig S8: Analysis of flow cytometry cell populations as a percentage of all events.
Fig. S9. CIBERSORT stacked graph of overall cell populations in Atezolizumab patient cohort.

Fig. S10. Upstream regulator analysis of differentially expressed genes in AB1, Renca and
module 1 (combined AB1 and Renca) by p-value and z-score.

Fig. S11. Upstream regulator analysis of the Atezolizumab cohort, negative regulators.

Fig. S12.Reverse schedule dosing experiment using ABI.

Fig S13. Flow cytometry analysis after treatment with IFNy + Poly(I:C) + anti-IL-10

Fig S14: Flow cytometric analysis of single-agent compared to triple-agent treated tumors.
Fig S15: Analysis of tumors 1-, 3- or 6-days post triple-combination by flow cytometry

Fig S16. CD335+ cells in tumors are conventional NK cells.

Fig S17: The IFN-STAT1 pathway is required for NK cell infiltration

Fig. S18. Flow cytometry gating strategy

Table S1. Flow antibody list

Data file S1. Lists of differentially expressed genes between responders and non-responders.

Data file S2: Cell proportion data for figure 3A and B
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Fig. 2. Inflammatory pathways with STAT1 as a key regulator are enriched in ICB
responsive tumors in mouse models and patients. (A) GSEA top hallmark gene sets in
responsive versus non-responsive tumors. (B) GSEA of responsive versus non-responsive tumors
from the patient cohort (n = 192)(23). (C) Over-represented canonical pathways within
responsive tumors. (D) WGCNA module enrichment for differentially expressed genes between
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Prior knowledge-based graphical reconstruction of the wiring diagram of module 1 (F) GSEA of
responsive (complete response) versus non-responsive (progressive disease) tumors from the
patient cohort (n = 192)(23), using a STAT1 gene set (37). (G) Representative pSTAT1
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SUPPLEMENTARY

Materials and Methods

Mice

BALB/cArc, BALB/cJAusb and C57BL6/J mice 8-12 weeks of age were used for all
experiments. Mice were obtained from the Animal Resource Centre (Murdoch, WA), or the
Australian BioResources (Moss Vale, NSW) and housed at the Harry Perkins Institute of
Medical Research Bioresources Facility under specific pathogen free conditions. Mice were fed
Rat and Mouse cubes (Specialty Feeds) and had access to water ad libitum. Cages (Techniplast)
were individually ventilated with filtered air, contained aspen chips bedding (Tapvei) and were
supplemented with tissues, cardboard rolls and wood blocks as environmental enrichment. Cages
were changed every 14 days. Mice were housed at 21-22°C with 12-hour light/dark cycle (06:00
— 18:00). Sentinel mice (n = 3) in the animal facility were screened monthly for a standard panel
of bacteria and fungi, ectoparasites, endoparasites, non-pathogenic protozoa and viruses
(Cerberus Sciences). All experiments were conducted in compliance with the institutional
guidelines provided by the Harry Perkins Institute for Medical Research animal ethics committee
(approval numbers AE047, AE091).

Cell culture

Cell lines AB1 and AE17 were obtained from CellBank Australia. Cell line Renca was kindly
donated by Dr E. Sotomayor and Dr F. Cheng (University of South Florida, Tampa, FL). Cell
line B16 was obtained from ATCC (CRL-6475). Cell lines were maintained in RPMI 1640
(Invitrogen) supplemented with 20 mM HEPES, 0.05 mM 2-mercaptoethanol, 100 units/ml
penicillin (CSL), 50 ng/ml gentamicin (David Bull Labs), and 10% FCS (Invitrogen). Cells were
grown to 70-80% before passage and passaged 3-5 times before inoculation. Cells were
frequently tested for mycoplasma by PCR and remained negative. Cell lines were validated
yearly by flow cytometry for MHC class I molecules H2-K® (consistent with C57BL/6) and H2-
K¢ (consistent with BALB/c), and for fibroblast markers E-cadherin, Epithelial cell adhesion
molecule and platelet-derived growth factor receptor a (negative) and by PCR for mesothelin
(positive for ABI1, negative for Renca).

In vivo treatments

When cell lines were 70-80% confluent, they were harvested and washed 3 times in PBS. 5 x 10°
cells in 100 ul were inoculated subcutaneously (s.c.) onto the lower right-hand side (RHS) flank
(for single inoculations) or both flanks (for dual tumor inoculations) using a single 26G needle
per injection. Mice were randomized when tumors became palpable, approximately 3-5 days
after tumor inoculation. Treatments were administered by one investigator (RMZ), while tumors
were measured at least 3 times weekly using calipers by a researcher (TC) who was blinded for
treatment allocation, to guarantee blinded assessment of the primary endpoint.

Surgery experiments
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Seven (AB1) or 10 (Renca) days post tumor inoculation, when tumors were ~ 9 mm?, mice were
dosed with 0.1 mg/kg buprenorphine in 100 pl s.c. (30 min prior) and anesthetized using
isoflurane (4% in 100% oxygen at a flow rate of 2 L/min). Whole tumors and the corresponding
draining inguinal lymph node on the RHS were removed by surgical excision and immediately
immersed in RNAlater (Life Technologies) for RNAseq, or cold PBS for single cell RNAseq or
flow cytometry. The wound was closed with staples (Able Scientific-). Mice were placed in a
heat box for recovery. One hour after surgery, mice were administered ICB. The remaining
tumor was monitored as an indicator of response for the removed tumor. Mice were designated
as responders when their tumor completely regressed and they remained tumor free for up to 4
weeks after treatment. Mice were designated as non-responders if their tumors grew to 100 mm?
within 4 weeks after start of treatment, similar to saline-treated controls. Mice that had a delay in
tumor growth or partial regression were designated as intermediate responders and excluded
from the analysis. For internal consistency, we only used experiments in which mice displayed a
dichotomous response; in any cage there had to be at least one non-responder amongst
responders or vice versa.

In vivo ICB treatment

The anti-PD-L1 hybridoma (clone MIHS5) and the anti-CTLA4 hybridoma (clone 9H10) were
cultured in IMDM containing 1% of FCS and gentamycin. Clarified supernatants were used to
purify the antibody using affinity chromatography. The antibody was sterile formulated in PBS.
Mice received an intraperitoneal (i.p.) dose of 100 pg of anti- CTLA4 and 100 pg anti-PD-L1
combined in 100 pl phosphate-buffered solution (PBS). Mice received additional doses of 100
ug anti-PD-L1 two and four days later. In previous experiments(4/) we had not found any
difference in effect of control IgG versus PBS, and therefore vehicle controls received PBS
alone. We varied the time of treatment initiation after tumor inoculation as to obtain a suitable
background response rates to ICB; high for experiments in which responses were to be negated,
and low in experiments in which the response rate was to be improved.

Tumor preparation for RNA sequencing:

RNAseq, flow cytometry and single cell RNAseq was performed on tumors from separate
experiments. For RNAseq, whole tumors and lymph nodes were surgically resected, the
surrounding tissue was removed and immediately submerged in RNAlater (Life Technologies).
Samples were stored at 4°C for 24 hours, after which supernatant was removed and samples
transferred to -80°C. Frozen tumors were dissociated in Trizol (Life Technologies) using a
TissueRuptor (QIAgen). RNA was extracted using chloroform and purified on RNeasy MinElute
columns (QIAgen). RNA integrity was confirmed on the Bioanalyzer (Agilent Technologies).
Library preparation and sequencing (50 bp, single-end) was performed by Australian Genome
Research Facility, using Illumina HiSeq standard protocols.

Single cell RNAseq

For single cell RNAseq, tumors were harvested, and submerged in cold PBS, cut into 1-2 mm
pieces with a scalpel blade and dissociated using the GentleMACS system (Miltenyi Biotec).
Single cell suspensions were stored at -80°C in 10% DMSO until processed for single cell
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profiling. Cryo-stored cells were rapidly thawed and diluted in PBS and pelleted, Pellets were
resuspended in PBS and passed through a 40 uM filter to remove cell clumps. Approximately
5,000 cells per sample were then loaded onto a 10x genomics Chromium controller to generate
Chromium Single Cell 3’ Libraries. Sequencing was carried out by the Australian Genome
Research Foundation in Melbourne Australia.

Primary analysis was carried out using the 10x genomics cell ranger software suite. Raw
sequencing data was de-multiplexed (cellranger v2.1.1 and bcl2fastq v2.20.0.422), reads aligned
to the reference (GRCm38, Ensembl 84 build) and gene expression quantified using the cell
ranger count command. Using default parameters some droplets containing real cells were
discarded. We therefore used the expected-cells 6000 flag to include these cells. Responder and
non-responder samples were combined using cellranger aggr function. We annotated all cells in
our samples using the SingleR software package (42).

Flow cytometry

For flow cytometry tumors were harvested and immediately submerged in cold PBS, cut into 1-2
mm pieces with a scalpel blade and dissociated using the GentleMACS system. Fc block (anti-
CD16/CD32, BD) was used for 10 minutes on ice. UV Zombie live/dead (Biolegend) was used
to discriminate live cells. Cells were permeabilized and fixed using FoxP3 fix/Perm buffer kit
(Biolegend) before addition of antibodies for 20 minutes at RT. See Table S1 for antibody
details. Cells were kept in stabilizing fixative until acquisition. Data were acquired on a BD
Fortessa flow cytometer and analyzed using FlowJo software (TreeStar).

Cell populations were defined as: Monocytes (CD11b"MHCII""Ly6C*F4/80°CD11c¢");
Macrophages (CD11b" MHCII"'F4/80"CD11¢""Ly6C Ly6G’); Immature myeloid cells
(CD11b"MHCII'F4/80"Ly6C Ly6G"); Neutrophils/granulocytes (CD11b"'Ly6G " MHC
Ly6C"F4/80°); CD8 T cells (CD3*CD8"); CD4 helper T cells (CD3"CD4 FoxP3); Treg
(CD3"CD4'FoxP3"); NK cells (CD335"CD3"); and B Cells (CD19°CD3")). See Supplementary
Figure 18 for gating strategies.

For detection of IFNy, cells were incubated with brefeldin A at 37°C for 4 hours. Fixable
Viability Stain 620 (BD) was used to identify dead cells. Cells were surface stained with
antibodies for 20 minutes at RT. Following permeabilization with Cytofix/Cytoperm (BD), cells
were stained with anti-IFNy (ThermoFisher) in permwash (PBS/0.1% saponin (Sigma-Aldrich))
for 30 minutes on ice.

For detection of phospho-STAT1, dissociated tumors were stained with surface antibodies, fixed
with 1.5% formaldehyde for 10 minutes, then permeabilized with ice-cold methanol at 4°C for
10 minutes. Cells were stained with a rabbit-anti-pSTAT1 antibody (Tyr701) -PE (Cell Signaling
Technology) for 30 minutes at RT.

For detection of intracellular NK/ILC1 markers, cells were permeabilized using FoxP3 buffer Kit
(ThermoFisher). See table S1 for antibodies used.

ICB sensitizing drug dosing schedules

Dosing with pretreatment drugs commenced on day 15 for AB1 and Renca, day 10 for AE17 or
day 8 for B16. IFNy (Shenandoah Biotechnology) was dosed s.c. into tumor area at 50,000 units
daily for 3 days. Poly(I:C) (HMW, Invivogen) was dosed s.c. into tumor area at 50 pg daily for 3
days. The anti-IL-10 hybridoma (clone JES5.2A5) was cultured in IMDM containing 1% of FCS
and gentamycin. Clarified supernatants were used to purify the antibody using affinity
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chromatography. The antibody was sterile formulated in PBS. Anti-IL-10 was dosed i.p. at 0.5
mg/mouse daily for 3 days. ICB was dosed 2 days after pretreatment drug schedule; day 20 for
ABI1 and Renca, day 15 for AE17 or day 13 for B16; for the ICB only group, dosing began at the
same time as the pretreatment drug dosing commenced in the other arms.

NK cell depletion

To investigate the impact of NK cell depletion, ICB antibodies were administered early (day 5
(AB1) or 7 (Renca) to give a high background response rate. Anti-asialo-GM1 (Wako
Chemicals) was dosed at 20 pg in 50 pl of saline, and injected i.v. 3 days prior to ICB
administration (day 2 (AB1) or 4 (Renca)). NK cell depletion was verified by flow cytometric
analysis of peripheral blood using antibodies for CD45 and CD335; we also used antibodies for
CD3, CD4, CDS8, ICOS and Ki67 found no depletion of CD8 or CD4 T cells, nor decrease in
number of activated cells.

Bulk RNAseq data analysis

Read libraries were quality assessed using FastQC(43) (v0.11.3) and mapped to the mouse
genome (mm1 1) at both the transcript and gene level using HISAT2(44) (v2.0.4). Gene-level
quantitation (counts) of aligned reads was performed using SummerizeOverlaps(45), and
transcript discovery and quantification using Stringtie(46) (v1.3.0) and Ballgown(47).

Principal component analysis (PCA) was performed to visualize the major contributions of
variation within the data using the prcomp() function within R (v3.3.3). Gene count data was
transformed for PCA employing the variance stabilizing transformation (48). The top 1000 most
variable genes across samples (those with the greatest median absolute deviation) were selected
for PCA. Differentially expressed genes were identified between immunotherapy non-responders
and responders using DESeq2(49). P-values were adjusted for multiple comparisons using the
Benjamini-Hochberg (B-H) method; those < 0.05 were considered significant (50). A full list of
DE genes is in data file S1.

Differentially expressed genes were uploaded to InnateDB (www.innatedb.com) along with
associated gene expression data. A list of pathways mapping to the uploaded genes was returned,
and pathway analysis was undertaken to determine which pathways were significantly
overrepresented (p< 0.05) in the up- and downregulated gene data sets. InnateDB simultaneously
tests for overrepresentation of DE genes in more than 3,000 pathways, from which we looked at
the KEGG (www.genome.ad.jp/kegg/), and Reactome (www.reactome.org/) databases. The
Benjamini and Hochberg (BH) FDR correction was applied to correct for multiple testing.

The weighted gene co-expression network analysis (WGCNA) algorithm was used to construct a
signed network across all samples and identify clusters (modules) of genes with highly correlated
patterns of gene expression. To prepare the data for WGCNA we (i) applied a variance
stabilizing transformation to normalize the data, (ii) filtered out genes expressed at a low level
(only those with at least 10 counts per sample were retained), (iii) removed genes without an
official MGI symbol and (iv) removed genes with low variability by applying the
varianceBasedfilter() function within the DCGL package (significance threshold set to 0.01). The
resulting set of 6026 genes were used as input for network construction. Network modules of co-
expressed genes identified by WGCNA were tested for enrichment of differentially expressed
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genes between immunotherapy non-responders and responders by plotting the —logio p-values
derived from the DESeq2 analysis, on a module-by-module basis. Protein-protein interactions of
the differentially expressed genes were created using Innate DB network analysis tool
(unfiltered), and network created using Network Analyst (29), with STRING interactome,
confidence cut-off 900(57). Rendering of module interactions was performed with Cytoscape
software. Network modules of interest and differentially expressed genes (filtered to include
those with an absolute fold-change in expression > 2) were also analyzed within Ingenuity
Systems (33) to identify associated upstream transcriptional regulators, using right-tailed
Fisher’s exact tests and default settings for other options. P-values < 0.05 were considered
significant. An activation z-score was also calculated for each upstream transcriptional regulator
by comparing their known effect on downstream targets with observed changes in gene
expression. Those with activation z-scores > 2 or < -2 were considered “activated” or
“inhibited”, respectively.

The CIBERSORT (32) algorithm was used to estimate the relative proportions of 25 mouse
hematopoietic immune cell types based on the transcriptomic profiles of each sample, where the
511 mouse-gene signature developed by Chen et al.(52) was used as a reference. We broadly
classified the 25 cell types into 12 major populations by collapsing several related sub-
populations as follows: B cells comprise memory, naive and plasma cells; CD8" T cells comprise
memory, naive and activated cells; CD4 T cells comprise memory, naive, follicular, Th1, Th2
and Th17 cells; Macrophages comprise MO, M1 and M2 phenotypes; NK cells comprise
activated and resting cells; DCs comprise activated and immature cells. Prior to analysis,
transcript level data was library size and gene length normalized using the ballgown package
(53) resulting in Fragments Per Kilobase of transcript per Million mapped reads (FKPM).
Individual transcripts were collapsed to gene level data based on the mean FPKM value using the
aggregate() function. Finally, the data was filtered to retain genes with an FPKM value > 0.3 in
at least 8 samples (being the smallest experimental group size).

The Broad Institute gene set enrichment analysis (GSEA) software (54) was used to run analyses
on normalized gene expression data with prefiltering for low counts. The Hallmarks gene set
database which uses 50 MSigDB Hallmarks gene sets (27) and a STAT1 signature were used.
The STAT] signature was derived from Care et al. (37), defined based on variance-ranked
Spearman correlations of gene expression across 11 DLBCL datasets, selecting strongly
correlated genes (cut-off median correlation score > 0.6). A total of 1000 permutations were
performed. All other default parameters were used. Gene sets enriched at a nominal P value <
0.05 and FDR< 0.25 were considered significant.

Survival analysis for patients with STAT1 signature enrichment

To define the subset of patients with STAT1 pathway activation for survival analysis, we closely
followed the Classification Algorithm Based on a Biological Signature (55). We used the
previously defined STATI gene set from Care et al. (37) and leveraged RN Aseq data from the
Imvigor210 trial (23), available as an R data package (Imvigor210CoreBiologies). The dataset
contains gene count data of 348 urothelial cancer patients treated with anti-PD-L1 antibody
atezolizumab. Patients were classified by best response: 25 complete responders (CR), 43 partial
responders (PR), 63 with stable disease (SD), and 167 progressors (PD). 50 patients did not have
evaluable disease (NE). From this RNAseq data, two prototype vectors were defined based on
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mean expression values of genes in this STAT1 gene set; a “responder” prototype from
radiological complete responders and partial responders and a “progressor” prototype based on
progressor samples. For each patient, expression profiles of the STAT1 gene set were compared
to the two prototype vectors. Similarity was calculated based on Pearson correlation coefficient
and a decision score formulated based on the ratio of correlations. This decision score was used
to classify all patients in the Imvigor210 dataset regardless of response, with a decision score > 1
denoting higher activation of the STAT1 pathway. Survival analysis was performed using the
Logrank test, dividing patients based on this decision score, with a decision score > 1 denoting
higher activation of the STAT1 pathway; a Kaplan-Meyer survival curve was constructed.

Immunohistochemistry for STATI1 and p STATI1

For immunohistochemical staining of STAT1and p STAT]I, slides of 4 um thickness were cut
from formalin-fixed, paraffin-embedded (FFPE) tissue blocks. Slides were deparaffinized in two
changes of xylene followed by rehydration in changes of 100%, 96%, 70% and 40% ethanol and
distilled water. For STAT] staining, antigen retrieval using 10 mM citrate buffer (pH 6.0) was
performed for 10 min at 121°C using a pressure cooker (Cuisinart). For p STATI staining, slides
were sub-boiled in 1 M EDTA buffer (pH 8.0) for 10 minutes in a microwave. Slides were rinsed
in TBST and the endogenous peroxidase was blocked using 3% hydrogen peroxidase (Sigma) in
distilled water. Sections were washed again in TBST and blocked with goat serum (Vectastain)
diluted in PBS as per manufacturer’s instructions. Primary antibody, STAT1 or p STATI (Cell
Signaling, dilution: 1/800 and 1/200 respectively), was incubated for 60 minutes at RT. Sections
were washed and secondary antibody, goat anti-Rb IgG-HRP (Santa Cruz), was incubated for 30
minutes at RT, before washing again. Betazoid DAB chromogen (Biocare Medical) was prepared
as per manufacturer’s instructions. Chromogen was applied, sections were monitored for the
development of a brown color and the reaction was stopped with H>O. Sections were
counterstained with haematoxylin and rehydrated before mounting coverslips with Pertex. An
experienced pathologist (C.L.) scored the sections by assigning an estimated proportion of
positive tumor cells (positivity defined as moderate or strong nuclear staining for p STATI and
moderate or strong nuclear and cytoplasmic positivity for STAT1), while blinded to treatment
outcome.

Statistics

The sample size calculation for in vivo mouse experiments was based on prior experiments in
which we found that the median survival time on the control treatment (ICB alone) was 35 days
(16). Using a proportional hazards model we determined that, if the true hazard ratio (relative
risk) of control subjects relative to experimental subjects is 5, we would need to study 10
experimental subjects and 10 control subjects to be able to reject the null hypothesis that the
experimental and control survival curves are equal with probability (power) 0.8. The type I error
probability associated with this test of this null hypothesis is 0.05.

The sample size for the bulk RNAseq experiments was estimated using the method developed by
Hart et al (40); for sample sizes of n=12 and a within group coefficient of variation of 0.3 there is
>90% power to detect a 1.7-fold change in gene expression. Differences in population
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frequencies in responders and non-responders using flow cytometry and CIBERSORT were
determined using Mann-Whitney U testing on means.

Prism software (GraphPad) was used to analyze tumor growth and to determine statistical
significance of differences between groups by applying a Mann-Whitney U test. P-values were
adjusted for multiple comparisons using the Benjamini-Hochberg (B-H) method; those < 0.05
were considered significant. The Kaplan-Meir method was used for survival analysis, and p-
values were calculated using the log-rank test (Mantel-Cox).
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Supplementary Fig. 1: Individual Gene Set Enrichment Analysis graphs of the top 8
Hallmark gene sets in AB1 and Renca. Individual random walk graphs from both AB1 (A)
and Renca (B) showing a strong association of these hallmark gene signatures in responders.
In the upper right corner of each graph: NES= Normalized enrichment score, ES= Enrichment
Score, FDR = False discovery rate g-score.
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Supplementary Fig. 2: Weighted gene correlation network analysis showing expression
of modules upregulated in responders in AB1 and Renca separately. Network modules
overlaid onto p-values from DESeq2 analysis comparing responders to non-responders
reveals which modules are associated with response. AB1 (A) demonstrated an overwhelming
large differential expression in responders compared to non-responders, as reflected in 5 out
of 7 modules being significantly (p< 0.05) associated with response. Renca (B) identified
module 1 (brown) as the driver of response (box and whisker plots, whiskers 1.5 IQR)
(dashed line; p = 0.05).
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Supplementary Data Fig. 3: Reactome and KEGG pathway enrichment of response-
associated module (module 1) in overlap of AB1 and Renca. Pathway analysis reveals
immune-associated pathways, including NK cell-mediated cytotoxicity, reflected by the genes
upregulated in the response-associated module (dashed line: p = 0.05).
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Supplementary Fig. 4: Single cell analysis of responsive/non-responsive AB1 tumors.
(A) Transcriptomes of responsive and non-responsive AB1 tumors visualized by tSNE
(10,743 cells). Cell subsets were annotated using SingleR. (B) Violin plot of STAT1
expression across cell types in responsive and non-responsive AB1 tumors.
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Supplementary Fig. 5: STAT1 expression and correlation with response in human
patient cohorts. (A) STAT1 expression in responders (CR and PR) and non-responders (SD
and PD) in urothelial cancer patients treated with anti-PD-L1 (23); n=298 with response data.
(B) We also tested the STAT1 signature in a second cohort, of melanoma patients treated with
anti-PD1 antibody nivolumab (22). GSEA of responsive (CR and PR =10) versus non-
responsive (PD =23) tumors from a melanoma patient cohort treated with anti-PD1 (n = 33),
using a STAT1 gene set. (C) Since we identified phosphorylated STAT1 correlated with
response to ICB in mice, and we did not have the availability of prospectively collected tumor
tissue from patients, we aimed to identify whether a STAT1 activation signature would be
associated with response. All patients (n=348) were divided into two even groups based on
their level of STAT1 activation. High STAT1 activation, as defined by a STAT1 gene set using
the Classification of Biological Signatures algorithm, correlated with increased overall
survival regardless of radiological response. CR, complete response; PR, partial response; SD,
stable disease; PD, progressive disease.
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Supplementary Fig. 6: STAT1 IHC on AB1 and Renca tumors. (A) Representative
immunohistochemical staining of total STAT1 in non-responsive (left) and responsive (right)
Renca tumors. The total STAT1 staining was more difficult to assess than the pSTAT1
staining, due to STAT1 having less variability in percentage of positive cells between samples
(B) Survival curves of STAT1 positive and negative Renca and AB1-bearing mice treated with
anti-CTLA4/anti-PD-L1 (n=9 responders, 7 non-responders; Logrank test, *p< 0.05).
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Supplementary Fig. 7: CIBERSORT of individual samples of responders and non-
responders in AB1 and Renca before treatment with anti-CTLA4/anti-PD-L1. Stacked
graphs of individual samples of whole AB1 (A) and Renca (B) tumors analyzed by
CIBERSORT using RNA sequencing data. 25 cell subsets are discriminated as a relative
proportion of the leukocytes within each sample. The two models demonstrate clear
differences in cellular composition. Moreover, there is variability between individual mice,
both within and between the responsive and non-responsive groups.
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Supplementary Fig. 8: Analysis of flow cytometry cell populations as a percentage of all
events. (A) % CD45 of total viable cells in responsive and non-responsive AB1 tumours,
showing there were no differences in the number of leukocytes between responders and non-
responders. (B) The number of NK cells as a percentage of the total events in AB1 tumours,

showing NK cell number was significantly higher in responders compared to non-responders.
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Supplementary Fig. 9: CIBERSORT stacked graph of overall cell populations in
atezolizumab patient cohort. CIBERSORT cell subsets were condensed into 9 key subsets
and plotted as a stacked graph for each response type (CR, Complete Response; PR, Partial
Response; SD, Stable Disease; PD, Progressive Disease).
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Supplementary Fig. 10: Upstream regulator analysis of differentially expressed genes in
ABI1, Renca, and module 1 (combined AB1 and Renca) by p-value and z-score. Both AB1
(A) and Renca (B) URA by p-value resulted in similar target outputs. The module 1 URA by

p-value (C) also resulted in a similar output, reinforcing this module is central to the response.

The respective analyses are also shown ranked by z-score (D-F). All 3 analyses identified
IFNy and Poly(I:C) as top positive regulators, and IL-10 as a top negative regulator. URA of
the overlap of DE genes (AB1 and Renca) by p-value shown in figure 4A, and by z-score (G)
(Positive regulators in red, negative regulators in blue (by z-score); dashed line; p = 0.05).
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Supplementary Fig. 11: Upstream regulator analysis of the atezolizumab cohort,
negative regulators. Analysis of the urothelial cancer/atezolizumab dataset identified several
significant negative upstream regulators. (A) The top 15 negative regulators. (B) The top
negative regulator, IL-10RA, identified in the mouse dataset, is also a significant negative
regulator in the human dataset (dashed line; p = 0.05).
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Supplementary Fig. 12: Sequencing of treatments determines anti-tumor efficacy of
combination immunotherapy. To determine whether the triple combination was
sensitizing the tumor to ICB, rather than enforcing the effector response, the triple
combination followed by ICB was compared to ICB followed by the triple combo.
Demonstrated in AB1 n=5/group (Logrank test, *p<0.05, **p<0.01).
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Supplementary Fig. 13: Flow cytometry analysis after treatment with IFNy + Poly(I:C)
+ anti-IL-10. To determine if the predicted upstream regulators could induce a responder
phenotype, we analyzed treated tumors by flow cytometry. Treating large established tumors
with IFNy, Poly(I:C) and anti-IL-10 resulted in a phenotype similar to pre-treatment
responsive tumors. (A) Treatment increased the proportion of NK cells infiltrating the tumor,
characteristic of a responsive tumor (see Fig. 3). We also observed increased monocytes, and
decreased CD4" T cells and dendritic cells (n=9 per group, 2 individual experiments, Renca).
(B, C) In addition to increased pSTAT1 on CD45" leukocytes (Fig. 5B), we also observed
increased pSTAT1 (B) and MHC-I (C, Renca) expression in non-leukocytes (CD45" tumor
cells and stroma) after treatment (Mann-Whitney U test) *p< 0.05, **p< 0.01
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Supplementary Fig. 14: Flow cytometric analysis of single-agent compared to triple-
agent treated tumors. (A) All 3 agents are able to recruit NK cells to the tumor
microenvironment, with the greatest effect given by the triple combination. (B) The triple
combination induces the most IFNy expression, significantly more than poly(I:C) or IL-10
alone. (C) The triple combination induces significantly more pSTAT1 than any of the agents
alone. (Mann-Whitney U test) *p< 0.05, **p<0.01
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Supplementary Fig. 15: Analysis of tumors 1-, 3- or 6-days post triple-combination by
flow cytometry. We characterized the tumor microenvironment at three different time points
after the final pretreatment dose. (A) There is initial rapid NK cell infiltration on day 1-3,
followed by a decrease on day 6. (B) The number of pSTAT1+ NK cells increased on days 1-
3, with significantly more on day 3. (C) There is no difference in CD3" T cell infiltration
between treated and untreated tumors, nor between time-points. (D) MHC class 1 is initially
downregulated 1-day post-pretreatment, and then upregulated on days 3-6 (D). These results
suggest it would be optimal to start ICB early after pretreatment (Mann-Whitney U test *p<

0.05, **p< 0.01).
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Supplementary Fig. 16: CD335" cells in tumors are conventional NK cells. To determine
the phenotype of CD335" cells in tumors we performed flow cytometric analysis of live
CD45" CD3" TCRb" CD19" CD335" cells (A). The CD335" population primarily expressed
the NK cell-specific markers Eomes and CD49b. Cells also expressed T-bet, while lacking the
ILC3 marker RORyt and the ILC1 markers CD127 and CD200r (B). Plots in (A) and (B) are
representative of both untreated (n=4) and treated (n=5) tumors. Representative samples
(black open histogram) are overlayed with staining controls (grey tinted histogram) for each
marker.
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Supplementary Fig. 17: The IFN-STAT1 pathway is required for NK cell infiltration. To
further substantiate the role of STAT1 in the sensitizing effect of the triple combination
therapy, we blocked IFNy and IFNAR with antibodies, which are both upstream of STAT1,
and repeated the analysis of the response-associated signature by flow cytometry following
pre-treatment. (A) Phosphorylation of STAT1 was abrogated by blocking type I and II IFN,
confirming full inhibition of the STAT1 pathway. (B) This functional STAT1 blockade
abrogated NK cell infiltration in the tumors (Mann-Whitney U test, *p< 0.05, **p<0.01).



Supplementary Data Fig. 18: Flow cytometry gating strategy.
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Fluorophore Antibody Clone Vendor
BUV455 UV Zombie live-dead BD
BUV395 CD45 30F11 Biolegend
AF700 CD3 17A2 Biolegend
APCCy7 CD8 53-6.7 Biolegend
PECy7 CD4 RM4-5 Biolegend
FITC Foxp3 FIK16s ThermoFisher
PE CD335 (Nkp46) 29A1.4 Biolegend
APC CD278 (ICOS) C398.4A Biolegend
BV605 Ki67 16A8 Biolegend
PerCPCy5.5 CD19 6DS Biolegend
AF700 I-A/I-E (MHC-II) M5/114.15.2 Biolegend
APCCy7 CDl11c N418 Biolegend
BV711 CD11b M1/70 Biolegend
FITC Ly6G 1A8 Biolegend
BV510 Ly6C HK1.4 Biolegend
PerCPCy5.5 F4/80 BMS Biolegend
PE pSTATI1 Y701 Cell Signaling Technology
(Fc-block) anti-CD16/CD32 2/04/1900 Biolegend
620 (PE-CF594) Fixable Viability Stain 620 BD
APCCy7 CD45 30F11 BD
TCRb PerCPCy5.5 TCRb H57-597 BD
BV650 CDS8 53-6.7 BD

APC CD4 RM4-5 BD
V500 MHCII M5/114.15.2 BD
BV605 Ly6G 1A8 BD
BV786 CDl11c HL3 BD
AF700 Ly6C AL21 BD
BV711 F4/80 BMS Biolegend
FITC CD11b M1/70 Biolegend
PECy7 CD335 (Nkp46) 29A1.4 ThermoFisher
PE IFNy XMG1.2 ThermoFisher
BV421 CD127 ATR34 BD
BV510 CD11b M1/70 BD
BV605 Thet 4B10 Biolegend
BV711 CD49a Ha31/8 BD
biotin CD49b DXS5 BD
FITC CD3 145-2C11 BD
FITC CD19 6D5 Biolegend
FITC TCRb H57-597 BD

PE RORgt B2D ThermoFisher
PerCPeFluor710 Eomes Danllmag ThermoFisher
APC CD200R 0X110 ThermoFisher
AF700 IFNg XMG1.2 BD
SA-BV786 BD

Supplementary Table 1: Flow cytometry antibodies.
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