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SUMMARY

Successful pancreatic ductal adenocarcinoma (PDAC) immunotherapy necessitates optimization
and maintenance of activated effector T cells (Teff). We prospectively collected and applied
multi-omic analyses to paired pre- and post-treatment PDAC specimens collected in a platform
neoadjuvant study of granulocyte-macrophage colony-stimulating factor-secreting allogeneic
PDAC vaccine (GVAX) vaccine + nivolumab (anti-programmed cell death protein 1 [PD-1]) to
uncover sensitivity and resistance mechanisms. We show that GVAX-induced tertiary lymphoid
aggregates become immune-regulatory sites in response to GVAX + nivolumab. Higher densities
of tumor-associated neutrophils (TANSs) following GVAX + nivolumab portend poorer overall
survival (OS). Increased T cells expressing CD137 associated with cytotoxic Teff signatures and
correlated with increased OS. Bulk and single-cell RNA sequencing found that nivolumab alters
CD4* T cell chemotaxis signaling in association with CD11b* neutrophil degranulation, and CD8*
T cell expression of CD137 was required for optimal T cell activation. These findings provide
insights into PD-1-regulated immune pathways in PDAC that should inform more effective
therapeutic combinations that include TAN regulators and T cell activators.

In brief

Cancer Cell. Author manuscript; available in PMC 2022 November 17.
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Li et al. perform multi-omic analyses on pre- and post-treatment specimens from a pancreatic
cancer neoadjuvant platform trial, and identify sensitivity and resistance mechanisms associated
with anti-PD-1 combination therapy. Results associate tumor-associated neutrophils with poor
outcomes but CD137*CD8* T cells with better outcomes, suggesting treatment strategies for

future interventions.
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INTRODUCTION

Immune checkpoint inhibitors (ICIs) are a major breakthrough in cancer therapeutics;
however, less than 20% of all cancer patients respond to ICls as single agents (Osipov
etal., 2019; Sharma and Allison, 2015). Pancreatic ductal adenocarcinomas (PDACS) are
among the prototypic, immunogenically “cold” tumors because they lack natural infiltration
of effector T cells (Teffs), the cells that respond to ICls (Ho et al., 2020). To convert
PDAC:s into ICI-responsive tumors, effective immunotherapy strategies are required to (1)
increase antigenicity, (2) enhance Teff function, and (3) overcome T cell excluding and
immunosuppressive signals in the tumor microenvironment (TME) (Johnson et al., 2017;
Popovic et al., 2018). We have been testing the hypothesis that cancer vaccines are effective
in inducing Teffs that can infiltrate PDACs. We reported that our granulocyte-macrophage
colony-stimulating factor (GM-CSF)-secreting allogeneic PDAC vaccine (GVAX) can
induce the formation of tertiary lymphoid aggregates (LAS) in PDACs just 2 weeks
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following one vaccination (Lutz et al., 2014a, 2014b). Furthermore, programmed death-
ligand 1 (PD-L1) expression is induced on both the tumor epithelial cells and myeloid

cells within these LAS, suggesting that vaccine therapy may prime PDACs to respond to
ICIs (Lutz et al., 20144, 2014b; Tsujikawa et al., 2017). This concept was subsequently
tested in several preclinical and clinical studies (Soares et al., 2015; Tsujikawa et al.,

2020). These studies showed that it is possible to turn PDACs into immune- responsive
tumors. However, clinical response rates remain low. Thus, a current challenge is to identify
additional immune-regulatory signals within the complex PDAC TME that require further
modification to effectively enhance Teff function and to optimize and maintain activation of
the most potent Teffs.

Analyses of the PDAC TME mostly come from banked bio-specimen collections instead
of prospective immunotherapy clinical trials (Danilova et al., 2019; Stromnes et al., 2017).
Here, we report the initial data analysis of a neoadjuvant platform study where we continue
to add immune agents to those tested in the previous treatment arm guided by the data
generated. Prospectively banked paired pre- and post-immunotherapy tumor biospecimens
collected from the study allowed for the rigorous, multi-omic analyses of changes in the
TME with treatment and the correlation of these TME changes with clinical outcomes.

Nivolumab enhances vaccine-induced CD4* and CD8* T lymphocytes and reduces
CD4*PD-1* and CD8*PD-1* T lymphocyte infiltration into post-treatment PDAC tumors

In this platform clinical trial (NCT02451982), patients with resectable PDAC were
randomized to receive GVAX only (arm A) or GVAX plus nivolumab (arm B) as
neoadjuvant therapy and subsequently underwent surgical resection 2 weeks after one
treatment (Figure S1A). Patients with successful PDAC resection continued to receive the
same immunotherapy in addition to standard-of-care adjuvant chemotherapy. A biological
endpoint, namely the increase in intratumoral T helper (Th) 17 signals in arm B versus
arm A, was chosen as the primary endpoint, as suggested by our prior study (Lutz et

al., 20144, 2014b). Secondary endpoints included safety, disease-free survival (DFS), and
overall survival (OS). There was a trend toward improved DFS and OS in arm B versus arm
A, although the sample size in this clinical trial was small and only powered to compare
intratumoral Th17 signals, not clinical outcomes (Heumann et al., 2022). To investigate
changes in tumor-infiltrating immune cells in PDACs after neoadjuvant immunotherapy
with GVAX or GVAX + nivolumab, we employed a sequential staining and stripping
multiplex immunohistochemistry (mIHC) technique (Tsujikawa et al., 2017). Specimens
were collected from 34 consecutive patients (Figure S1B; Tables S1 and S2). Among them,
19 patients whose post-treatment surgically resected tumor specimens met the criteria for
mIHC staining and analysis and who were followed for OS for at least 2 years (Table

S1) were included in this study. Pre-treatment tumor biopsy cores (Figures S2A and S2B)
and post-treatment resected tumors were collected (Figures S2C-S2E). Tumor-infiltrating
tertiary LAs, which were not present in pre-treatment tumors and were induced by vaccine
therapy as previously described (Lutz et al., 2014a, 2014b; Tsujikawa et al., 2017), were
identified by peripheral node addressin (PNAd)-marked high endothelial venules (HEVSs)
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on all 19 post-treatment tumors (representative images in Figure S2C). Slides were stained
by mIHC with a panel of myeloid and lymphoid cell markers (Table S3). The regions of
interest (ROIs) were selected within the post-treatment surgically resected tumor areas that
contain LAs and divided into the areas of LAs and the tumor areas outside LAs (designated
non-LA tumor areas) (Figures 1A-1C). A minimum of three ROIs in the tumor areas that
each contained at least one LA were selected from each post-treatment tumor (Figures S2D
and S2E). The ROIs were also selected to cover minimally three different tumor cores from
the same pre-treatment biopsy (Figures 1D, 1E, S2A, and S2B). A combination of markers
was used to identify each immune subtype (Table S4). Epithelial cellular adhesion molecule
(EpCAM) staining was used to help identify tumor epithelia. Interestingly, we found that
EpCAM is expressed on the extracellular matrix (ECM) surrounding LAs. Notably, EpCAM
can be detected on the surface of extracellular vesicles derived from PDACs (Amrollahi et
al., 2019). The density of each immune cell subtype was calculated as the percentage of

all cells within ROIs. The comparison of immune cell densities in pre-treatment biopsies
between the two treatment arms (Figure S2F) did not show a significant difference, although
this comparison may be limited by small sample sizes.

Because pre-treatment biopsy specimens did not contain LAs, we compared non-LA tumor
areas between matched pre- and post-treatment tumor specimens to assess treatment-induced
changes. In summary, we observed an increase in many immune cell subsets infiltrating the
non-LA tumor areas outside the organized LAs in post-treatment tumors when compared
with each patient’s pre-treatment biopsy in both treatment arms (Figures 1F and 1G). These
results demonstrate that vaccine therapy not only induces the formation of LAs but also
induces intratumoral infiltration of immune cells. Moreover, we observed a significantly
higher density of CD4* and CD8™" T cells in the post-treatment LAs in arm B versus

arm A (Figure 2A). This result suggested that ICI treatment enhances Teff infiltration

if T cells have been induced by a coadministered vaccine. In addition, we observed a
significantly lower density of post-treatment CD4*programmed cell death protein 1 (PD-1)*
and CD8*PD-1* T cells in LAs from tumors in arm B compared with arm A (Figure

2A), likely due to an immune response to nivolumab. There was a significant increase in
Th17 cells in non-LA tumor areas from patients treated in arm B compared with arm A,
supporting the primary endpoint of this trial (Figure 2B).

An increase in a diverse intratumoral CD8* T cell population occurs with combination
vaccine + nivolumab compared with vaccine alone

To understand the response and resistance mechanisms elicited by ICls in PDACs, we
examined each subtype of T cells and myeloid cells and their correlation with OS. OS > 2
years is considered a standard clinical benefit outcome for PDAC patients following surgical
resection in published correlative studies (Tsujikawa et al., 2017). A higher infiltration

of CD8*GZMB™* T cells in the pre-treatment biopsies in arm A, but not arm B, was
associated with improved survival (Figure 2C). However, quantification of low numbers of
CD8*GZMB* T cells in pre-treatment biopsies could be prone to large variations (Figure
S3A). Therefore, it is also possible that this finding could be due to the small sample size

of available pre-treatment biopsy specimens in arm A. Interestingly, a lower density of
general CD8" T cells, possibly due to a decrease in the CD8*PD-1* T cell subtype, in the
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post-treatment LAs (Figure 2D), but not in non-LA tumor areas (Figure 2E), was associated
with a significantly greater OS in arm B. The densities of CD8* and CD8*GZMB™ T cells
calculated as a percentage of CD45* cells showed a similar trend (Figures S3B and S3C).
However, anti-PD-1 therapy did not appear to alter other immune-effector cells, such as B
cells and natural killer (NK) cells, in vaccine-treated PDAC patients (Figures S3D-S3G).

We next compared changes in CD8* and CD8*GZMB™ T cell infiltration in available
pre-treatment biopsies and matched post-treatment non-LA tumor areas and correlated these
data with OS (Figure 2F). There was a statistically significant increase in the infiltration

of CD8*GZMB™ T cells in three arm A patients with OS < 2 years (Figure 2F). However,

it should be noted that they had the fewest CD8*GZMB™* T cells overall. Although the
combination of GVAX + nivolumab did not result in a significant increase in CD8*GZMB*
T cells in LAs in association with improved OS, the three patients who had the highest
numbers of CD8*GZMB™* T cells in their LAs had the longest OS among all the patients
(Figure 2D).

We recently reported that the anti-CD137T cell agonist antibody given in combination
with GVAX and anti-PD-1 antibody significantly enhanced survival in a murine PDAC
orthotopic model (Muth et al., 2020). To determine the clinical relevance of these findings,
we examined the density of CD3*CD8*CD137* T cells and observed that a higher density
of CD3*CD8*CD137* T cells in post-treatment LAs was associated with OS > 2 years in
both treatment arms (all p < 0.05) (Figure 2G). We further examined whether this CD137*
T cell subset in LAs was associated with the cytotoxic Teff signature and found that a
higher density of CD3*CD8*CD137* T cells was significantly (p = 0.019) associated with
a higher density of CD8*GZMB™ T cells in post-treatment LAs (Figure 2H). Notably,
CD3*CD8*CD137* T cells were usually of low density and resided almost exclusively

in LAs; therefore, we did not analyze their density in non-LA tumor areas. This result
also suggested that this Teff subtype may need to be further expanded and mobilized by
CD137 agonist treatment to generate a stronger antitumor response, as anti-CD137 agonist
antibodies were shown to enhance the proliferation, memory, and activation status of Teffs
(Sanchez-Paulete et al., 2016).

An increase in the Th1:Th2 CD4* T cell ratio and in the Th17 cell density correlates with
improved OS in patients treated with vaccine + nivolumab

We next evaluated the infiltration of CD4* T cells in the post-treatment LAs and non-LA
tumor areas and correlated them with OS. The overall density of CD4" T cells and densities
of the specific CD4* T cell subtypes including Th1, Th2, Th17, and Tregs failed to
significantly correlate with OS in either arm (Figures 21-2N). However, a higher Th1l to
Th2 (Th1:Th2) ratio was significantly associated with greater OS in arm B but not in arm A
(Figure 2L), suggesting a role for anti-PD-1 therapy in promoting antitumor Th cell activity.
We also observed a trend toward increased Th17 cells in LAs in patients with OS > 2

years compared with those with OS < 2 years (Figure 2N) and a statistically significant
increase in Th17 cells in post-treatment non-LA tumor areas in patients with OS > 2 years
versus OS < 2 years, suggesting that anti-PD-1 therapy expanded Th17 cells in patients
with improved OS and that this expansion was not limited to the LAs (Figure 20). We

Cancer Cell. Author manuscript; available in PMC 2022 November 17.
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did not observe any other anti-PD-1 therapy-specific correlations between OS and CD4*

T cells and their subtypes in the pre-treatment tumors or in the treatment-induced changes
(Figures S3H-S3V). Collectively, our results suggested that the Th1:Th2 ratio and Th17
density in the post-treatment tumors may predict longer OS following combination treatment
with GVAX and anti-PD-1 antibody.

Anti-PD-1 therapy reduces LA-residing PD-1"CD4* and CD8* T cells in association with
the improved OS but does not have a differential effect on EOMES* T cell populations
compared with vaccine therapy alone

We next examined whether the anti-PD-1 therapy-associated decreases in CD8*PD-1" and
CD4*PD-1* T cells in the LAs correlated with patient survival. We found that CD8*PD-1*
and CD4*PD-1* T cells in LAs were significantly decreased in patients with OS > 2 years
compared with those with OS < 2 years only in arm B, but not in arm A, indicating

that CD8*PD-1* and CD4*PD-1* T cells are potential outcome predictors for anti-PD1
therapy (Figures 2P and 2Q). In contrast, the Eomesodermin (EOMES)* subgroup of CD8*
T cells was significantly decreased in patients with OS > 2 years in both arm A and arm

B (Figure 2R). EOMES expression in T cells has a bimodal expression pattern, elevated

in early activated T cells and exhausted T cells but absent in effector memory T cells

(Li et al., 2018). Our results support an exhausted phenotype of CDS*EOMES™ T cells

in post-treatment LAs as a potential resistance mechanism following treatment with either
GVAX or GVAX + nivolumab.

Next, we examined additional subgroups of CD8*PD-1* T cells, including
CD8*PD-1*"EOMES* and CD8*PD-1*EOMES™ T cells, to further understand which
vaccine-induced T cell subsets respond to anti-PD-1 therapy. Comparing arm B with arm
A, within the total CD8* T cell population, only the percentage of CD8*PD-1*EOMES™ T
cells decreased significantly (p < 0.01; Figures S4A and S4B), suggesting that EOMES is
not the major T cell exhaustion mechanism responding to anti-PD-1 therapy and that other
T cell exhaustion mechanisms, including LAG3 and TIM3 signaling (Goldberg and Drake,
2011; Wolf et al., 2020), warrant further investigation. Importantly, analysis of the baseline
densities and changes in densities between pre- and post-treatment of the CD8*PD-1%,
CD4*PD-1%, and CD8*EOMES™ T cell populations infiltrating tumor areas did not correlate
with survival in either treatment arms(Figures S4C-S4l). These data further suggest that
anti-PD-1 therapy mainly targets PD-1* T cells in the LAs, which are sites of T cell
activation and regulation.

Changes in both TAM and TAN populations correlate with OS following vaccine + anti-PD-1

therapy

We also examined changes in myeloid cell populations following vaccine plus anti-PD-1
therapy, since they are known cellular regulators of T cell responses in PDACs. We did

not observe any association between OS and the density of M1-like tumor-associated
macrophages (TAMs), M2-like TAMs, or PD-L1* TAMs in the pre-treatment tumor biopsies
(Figures SSA-S5D). However, a higher density of M2-like TAMSs in the post-treatment LAS
was associated with poor OS in both arms A and B. In addition, a higher ratio of M1-like

to M2-like TAMSs was associated with improved OS, but this ratio only reached statistical
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significance for arm B (Figure 3A). In contrast, changes in the density of TAMs in non-LA
tumor areas were not associated with OS (Figure 3B). The selective changes in TAMs
residing in LAs relative to non-LA tumor areas provide additional evidence that LAs are
important sites of immune modulation in PDAC tumors.

Next, we examined PD-L1* TAMSs. A higher density of LA-residing PD-L1* M1-like TAMs
was associated with longer OS in arm A (Figure 3C), confirming our previous reports
(Tsujikawa et al., 2017). Nevertheless, vaccine-induced PD-L1 expression in TAMs may
counteract the antitumor activity of Teff and, thus, limit the efficacy of vaccine therapy.
Notably, a lower density of LA-residing PD-L1* M2-like TAMs was associated with
improved OS in arm B (Figure 3C). However, this correlation was not observed in non-LA
tumor areas (Figure 3D). We also investigated mast cells, which are anticipated to respond
to GM-CSF expression from the GVAX vaccine and did not observe any strong association
between the density of mast cells or PD-L1* mast cells and OS (Figures S5E-S5L).

We then examined tumor-associated neutrophils (TANs) marked by CD3~CD66b* and found
that the density of TANs was higher than that of TAMs in pre-treatment biopsies (Figure
S2F), suggesting that neutrophils may play a more prominent role than TAMs in regulating
immunity in PDAC TMEs. This possibility was supported by the finding that a higher
density of TANSs seen in pre-treatment biopsies was associated with a significant decrease in
OS (Figures 3E-3H) in patients treated with GVAX + nivolumab. In contrast, TAN densities
in post-treatment LAs or non-LA tumor areas did not appear to have an impact on OS,

likely because the treatment may have changed the densities, distribution, and/or function

of TANs. We also did not observe a correlation between PD-L1* TANs and OS in either
treatment arm (Figures SSM—-S5P), suggesting that TANs themselves were not targets of
anti-PD-1 therapy but potentially a modulatory mechanism of response to anti-PD-1 therapy.
The densities of myeloid cell subtypes, including TANs, calculated as a percentage of
CD45™ cells showed a similar trend (Figures S5Q-S5V). These results suggest that TANs in
pre-treatment PDACs may influence the survival outcome following treatment with GVAX
and anti-PD-1 antibody.

We next tested the hypothesis that a change in TANs in the post-treatment LAS, an
immunoregulatory site, would be associated with different T cell functions. We found that
higher density of TANs in post-treatment LAs was significantly (p = 0.011) associated

with higher densities of tumor-infiltrating CD4*PD-1" T cells and, in a near-significant
trend (p = 0.081), with higher densities of CD8*PD-1* T cells (Figures 31-3K) in the
whole tumor areas. Here, we combined cases from both treatment arms together to increase
the sample size for this analysis. We performed additional immunohistochemistry (IHC)
staining of T cell exhaustion markers (Figure S5W) and found that a higher density of TANSs
in post-treatment LAs was associated with a higher density of tumor-infiltrating LAG3* T
cells (p = 0.041) (Figure 3L). TIM3" and EOMES™ T cell changes (Figures 3M and S5X,
respectively) did not correlate with TAN density; thus, modulation of TANS may promote
reinvigoration of exhausted T cell populations through LAG3.

To identify a potential therapeutic target on TANs, we examined the expression of
interleukin (IL)-8RB/CXC chemokine receptor 2 (CXCR2) on TANSs by IHC because

Cancer Cell. Author manuscript; available in PMC 2022 November 17.
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IL-8RB/CXCR2 and its ligand, IL-8, are therapeutic targets being studied in cancer
immunotherapy trials (Teijeira et al., 2021). The results showed that the majority of CD66b™
TANSs expressed CXCR2 and that CD66b* TANSs are responsible for most of the CXCR2
expression in post-treatment tumors (Figure 3N), supporting the future development of IL-8/
CXCR2-based immunotherapy for targeting TANs in PDAC.

Tumor-immune cell spatial relationships are influenced by CD8*GZMB™ T cells and TANs
residing in non-LA tumor areas following GVAX + nivolumab therapy

To exert immune-effector or immunosuppressive functions, immune cells need spatial
proximity to their target cells. We and others have shown that spatial distances between
specific TME cell populations can inform therapeutic outcomes (Berry et al., 2021;
Davis-Marcisak et al., 2021; Obradovic et al., 2021). We therefore measured the spatial
distance between several key immune cells and their target cells. The ROIs from the above
mIHC images were reprocessed by Halo software (Figure 4A), and the distances between
epithelial tumor cells marked by EpCAM, CD8* T cells, and myeloid cells marked by
colony stimulating factor 1 receptor (CSF1R) were measured (Figure 4B). There was no
statistically significant difference in distance measurements between these populations in
different treatment arms or when correlated with OS (Figure S6A). The density of CD8*

T cells in LAs also did not significantly alter the distances between tumor cells, CD8* T
cells, and CSF1R* myeloid cells (Figure 4C). Interestingly, a lower density of CD8*PD-1*
T cells in LAs, which appeared to be associated with anti-PD-1 treatment and with longer
OS (Figures 2A and 2Q), was associated with longer distances between PD-1"CD8" T cells
and tumor cells (Figure 4D). Consistently, in tumors from patients treated with GVAX +
nivolumab, the distance between CD8" T cells, regardless of their PD-1 expression, and
tumor cells was significantly increased in tumors with a higher versus lower density of
CD8*GZMB™* T cells in LAs (Figure 4E). This result should not be attributed to the density
of CD8*GZMB™ T cells themselves, which was a small subset of CD8* T cells in LAs.
Therefore, CD8*GZMB™ T cells in LAs likely influence the immune-regulating role of
LAs but are not effectors that directly kill tumors. It is possible that, despite anti-PD-1
treatment, LAs containing a higher density of CD8*GZMB™* T cells and/or lower density

of CD8*PD-1* T cells are still not sufficient to fully activate CD8" T cells with optimal
effector function to kill tumor cells. Nevertheless, the distance from PD-1*CD8" T cells to
PD-L1*CSF1R* myeloid cells in tumors with higher densities of CD8*GZMB™* T cells (p =
0.041) (Figure 4E) in LAs became significantly longer, likely due to nivolumab blockade of
the PD-1/PD-L1 pathway. It will be interesting in the future to examine whether the CD8*
T cells that remained distant from tumor cells with higher densities of CD8*GZMB* T cells
and/or lower density of CD8*PD-1* T cells in LAs have a higher potential to be activated
when treated with additional T cell-activating agents such as CD137 agonists.

The density of general CD8* T cells, but not that of CD8*PD-1* T cells, in non-LA tumor
areas also demonstrated a correlation with the distance between CSF1R* myeloid cells
and tumor cells (Figures 4F and 4G). Interestingly, in tumors from patients treated with
GVAX + nivolumab, the distance between CD8* T cells, particularly PD-1"CD8* T cells,
and tumor cells became significantly shorter in those with higher versus lower densities of
CD8*GZMB* T cells (p = 0.024) in non-LA tumor areas (Figure 4H). This result provides
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additional evidence that anti-PD-1-treated CD8*GZMB* T cells in non-LA tumor areas
facilitate access of Teffs to tumor cells.

Although the analysis was limited by the unavailability of pre-treatment biopsy specimens
from some patients, the densities of CD8" T cells, their subsets, and myeloid cell subtypes
in the pre-treatment tumor areas did not appear to influence spatial relationships in
post-treatment tumors (Figures S6B and S6C). However, a noteworthy finding from the
remaining distance measurements (Figures S6D-S6G) was the trend of the association of
higher densities of TANs in LAs and lower densities of TANSs in non-LA tumor areas

with shorter distances from CD8* T cells or myeloid cells to tumor cells in post-treatment
tumors. This result supports further exploration of TANSs as a surrogate predictor of response
and a therapeutic target to improve treatment outcomes with anti-PD-1 therapy-based
combinations in PDAC patients.

The densities of TANs and CD8*GZMB* T cells are outcome predictors of anti-PD-1
therapeutic responses in PDAC patients

We next examined the strength of immune markers in predicting outcomes using the
Bayesian information criterion (BIC) as described (Claeskens and Hjort, 2008). We included
two types of outcomes: survival measured by OS and DFS and immune cell distances (Table
1). Immune cell distances were considered biological outcomes that were influenced by

the densities of infiltrating immune cells (Figure 4). To select a myeloid cell marker that
best predicts the response to anti-PD-1 therapy and serves as a therapeutic target for further
enhancing immune responses, we used BIC to compare baseline CD66b* TANs, M1-like
TAMs, and M2-like TAMs in pre-treatment tumors. We found that TANs had a small and
potentially relevant BIC score to support its prediction of OS in patients treated with GVAX
+ nivolumab.

We next selected a Teff marker in LAs that may best predict outcomes to anti-PD-1
immunotherapy. As a result, the density of CD8*GZMB™* T cells had a lower BIC score
than the total CD8" T cells and is therefore more likely to predict distances between tumor
cells and multiple immune cell subtypes in both treatment arms (Table 1). In summary, this
model selection analysis supports further investigation of TANs and Teffs as regulators of
the immune response in PDACs.

RNA-seq analysis of TILs demonstrated reduced naive CD4* T cells following nivolumab
treatment, and CD8* TCR clonal expansion was associated with longer OS

The above mIHC analyses showed that cytotoxic Teffs expressing GZMB in some PDACs
following GVAX or GVAX + nivolumab treatment were associated with longer OS. We
leveraged sequencing data to further delineate the regulatory mechanisms underlying these
T cell responses. Whole-exome sequencing (WES) of biopsied tumors from the 19 patients
showed a common mutation profile (Figures STA-S7C; Table S5) and generally low tumor
mutation burden (TMB) (Figures S7D and S7E). There were no statistically significant
differences observed in TMB or predicted neoantigen load (Figures S7TD-S7G, S8A, and
S8B) between treatment arms, between tumors with different survival outcomes, or between
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tumors with different densities of immune infiltrates in LAs, confirming that genetics does
not explain the observed differential therapeutic responses in either treatment arm.

Next, we performed whole-transcriptome RNA sequencing (RNA-seq) on tumor-infiltrating
leukocytes (TILs) isolated from the post-treatment, surgically resected PDACs of nine
patients treated with GVAX and eight patients treated with GVAX and nivolumab.

These cells were sorted by flow cytometry into four immune cell subtypes: CD3*CD4*,
CD3*CD8*, CD3"CD11b*, and CD3"CD11b~CD19* cells prior to RNA-seq analysis. Of
the 68 samples sequenced, 46 passed quality control metrics as described in STAR Methods
and were retained for analysis (Figure S1). To characterize cellular pathways, we first used
RNA-seq data to predict cell type composition based upon gene expression signatures with
CIBERSORTX in the samples from all cell populations (Newman et al., 2019). This analysis
estimated the proportion of 22 immune cell subtypes in each of the samples (Figure 5A).
Generally, the cell type composition estimated from the CIBERSORTX analysis of RNA-seq
data was consistent with the flow cytometry-based sorting. Nonetheless, we observed the
presence of small subpopulations of additional cell types that we attributed to imperfect
flow cytometry sorting. Therefore, we compared changes in cellular abundances between
treatment arms and OS for the cellular populations that were consistent with subtypes of the
sorted cells for each marker protein.

Comparing CIBERSORTXx-estimated cellular abundances of immune cell subtypes between
trial arms, we observed a nonsignificant decrease in naive CD4* T cells (p = 0.061; Figure
5B) but a statistically significant decrease in CD8* T cells (p = 0.047; Figure 5C) in arm

B. Additionally, in arm B, we observed increased monocytes (p = 0.041; Figure 5D) but

no significant changes between treatment arms in CD19™* cells (Figure 5A). Unlike the
comparison between treatment arms, comparisons of the abundances of the cell subtypes
associated with the sorted cell populations failed to associate with OS.

Prediction methods for T cell receptor (TCR) and B cell receptor (BCR) sequences from
bulk RNA-seq data can enable further analysis of cancer-specific functional activity in each
cell type. We compared changes in TCR and BCR clonality by treatment and survival from
predictions of repertoires in the CD4*, CD8*, and CD19* RNA-seq data using MiXCR
(Bolotin et al., 2015). In this analysis, no significant changes in clonality were observed

in intratumoral CD4* T cells, CD8" T cells, or B cells following each treatment when
comparing the two arms (Figures 5E-5G). However, we observed a statistically significant
increase in CD8* T cell clonality (p = 0.027), but not CD4* T cell or B cell clonality,

in tumors associated with OS > 2 years (Figures 5H-5J). These results suggested that
adding anti-PD-1 therapy to GVAX increased the immunogenic activity in CD4* T cells
but not in CD8* T cells, whereas CD8* T cell clonal expansion and cytotoxic activity were
required for improved survival outcomes. These findings are consistent with the insufficient
activation of Teffs through anti-PD-1 therapy in PDAC (Figures 2D and 2G) and support
the need to combine additional immune-modulating agents to improve patient outcomes to
immunotherapy.
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Transcriptional changes from nivolumab therapy in CD4* T cell chemokine signaling
that link neutrophil degranulation and subsequent ECM remodeling to the inhibition of
activated CD8™* T cell motility and function

To further characterize molecular pathways that may inform the mechanisms that underlie
the observed cellular changes that are associated with longer OS, we performed differential
expression analysis on each of the TIL subtypes (Figures 6A-6F; Table S6) and identified
significantly differentially expressed genes (log, fold change >0.5 or < -0.5 and false
discovery rate [FDR] adjusted p value <0.05) that correlated with OS and treatment arms. To
refine the molecular pathways associated with these gene expression changes, we performed
additional enrichment analyses on the hallmark, Kyoto Encyclopedia of Genes and Genomes
(KEGG), REACTOME, and Gene Ontology (GO) biological process (GOBP) and molecular
function (GOMF) gene sets from MSigDb (Table S7). Although we did not perform the
differential expression analysis by OS in CD11b* and CD19* cells due to too few samples
with sufficient RNA quality, our analysis supported an association between longer OS and
upregulation of the ubiquitin-dependent proteolysis pathway, tumor necrosis factor (TNF)
signaling in both CD4" and CD8™ T cells, and enhanced functional signaling in CD8* T
cells (Figures 6A and 6B; Table S7).

Additional changes were attributed to anti-PD-1 therapy in arm B. These include a
statistically significant downregulation of CCR7in CD4* T cells (Figure 6C); B/IRCZ2, which
has been shown to reduce intratumoral CD8* T and NK cell infiltration associated with

ICI therapy (Samanta et al., 2020); CRKL, which controls the generation of Tregs induced
by foreign antigens (Blaize et al., 2020); /F/TM1, which is an interferon (IFN)-induced
antiviral protein; and 7TAFSF8, which is a cytokine in the TNF ligand family. Anti-PD-1
therapy was also associated with a significant increase in the expression of genes associated
with immune activation. These included CXCL10, which is a Teff trafficking chemokine;
IL2RA, which is associated with the Thl response; FOXP3, which is upregulated in Tregs
during CD4* T cell activation; SLC11A1, which drives Th17 differentiation (Jiang et al.,
2009); and TNFRSF18(GITR), which is a T cell activation signal. Notably, we observed
enhanced immune responses in the upregulation of multiple cytokine/chemokine signaling
pathways (Table S7), such as the REACTOME pathways, including chemokine receptors
bind chemokines (Figure 6G). Moreover, we observed an upregulation of the cytokine
CCL 13 (Figure 6C), which attracts proinflammatory myeloid cells (Mendez-Enriquez

and Garcia-Zepeda, 2013), leading us to hypothesize that changes in cytokine/chemokine
signaling due to anti-PD-1 therapy may further affect the function of other immune cells in
the TME. This was supported by the significant upregulation of multiple GOBP pathways
associated with myeloid cells and lymphocyte chemotaxis in arm B (Figure 6H). Altogether,
these results suggest the activation of CD4* T cells by anti-PD-1 therapy through regulating
chemokine/cytokine signaling pathways.

Compared with CD4* T cells, we observed fewer changes in immune response genes
associated with anti-PD-1 therapy in CD8* cells (Figure 6D). However, we did observe a
statistically significant increase in the hallmark epithelial to mesenchymal transition (EMT)
pathway; the REACTOME pathways, including ECM organization, collagen degradation,
and ECM proteoglycans; the GOBP pathways, including collagen metabolic processes and
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complement activation; and the GOMF pathways for the ECM matrix structural constituent
(Figure 61). Upregulation of these pathways pointed to anti-PD-1 therapy-induced ECM
regulation of CD8* T cell trafficking rather than direct CD8" T cell activation. These data
also pointed to anti-PD-1 therapy-induced neutrophil degranulation signals in the ECM

as several genes in this process were altered, including downregulation of MAGT1 (Li et
al., 2011a, 2011b), upregulation SLC11A1 (Hedges et al., 2013; Jiang et al., 2009), and
upregulation of PRSSZ (Sui et al., 2021) in arm B. It should be noted that an induction

of neutrophil degranulation signaling is anticipated to hinder CD8" T cell activation, likely
through ECM regulation. This hypothesis was further supported by significant differential
gene expression changes in the REACTOME neutrophil degranulation pathway in CD11b*
cells from arm B (Figure 6J). In this myeloid cell population, we observed significant
increases in the innate immune response following anti-PD-1 therapy at the individual
gene level (MARCO, RETN, and TLR&) (Figure 6E) and the pathway level (REACTOME
innate immune system), which are anticipated to induce myeloid cell infiltration and may
further induce neutrophil degranulation. We observed a similar trend for B cell activation
signatures following anti-PD-1 therapy in the CD19* RNA-seq data (Figure 6F), including
overexpression of immunoglobulin genes and the chemokine /L 32, which induces the
expression of 1L-8 (Khawar et al., 2015). We also observed differential gene expression in
CD19™ cells from arm B, consistent with changes in B cell motility reflected at the pathway
level through EMT (hallmark EMT). Altogether, these analyses suggest that anti-PD-1
therapy induced changes in multiple cytokine and chemokine signals that activated CD4*
T cells and induced myeloid cell trafficking and neutrophil degranulation, possibly through
altering the ECM, to hinder the motility and activation of immune-effector cells, including
CD8* T cells and B cells.

Single-cell analysis of untreated PDACs revealed that CD137(TNFRSF9)Ni CD8* T cells
signal to neutrophils via IFN-y receptor ligands, and the CD137(TNFRSF9)Ni effector CD8*
T cell subset exhibits an increased TNF-a response

The integrated analyses of immune cell protein markers by mIHC and TCR/BCR by RNA-
seq from matched tumors provided the opportunity to relate T cell and B cell functions to
the cellular landscape of LAs. We then examined tumor-specific T and B cell functionality
by comparing the clonality of CD4* and CD8* T cells and B cells between the higher-

and lower-density immune cell cohorts grouped according to mIHC results. We found a
statistically significant increase in CD8* T cell clonality in the cohort with a higher versus
lower density of CD8"CD137* T cells (p = 0.0089; Figure S8C). CD8* T cell clonal
expansion was also associated with longer OS (Figure 51), consistent with the above data
showing that higher CD8*CD137* T cell density was also associated with longer OS (Figure
2G).

Given this positive association, we hoped to further mine the RNA-seq data for additional
molecular changes associated with these T cell responses. However, the six samples with
higher CD8*CD137* T cell density and also with adequate quality RNA to conduct these
additional studies were all associated with longer OS. Thus, we leveraged a single-cell atlas
of 25,903 cells from 17 treatment-naive primary PDAC tumors previously reported (Steele
et al., 2020) to evaluate the distribution of CD137 (encoded by 7NFRSF9) expression across
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T cell subtypes and the TME changes directly associated with infiltration of CD8*CD137*
T cells. Standardized cell subtyping (Bell et al., 2022; Kinny-Kaoster et al., 2022) identified
multiple immune cell subtypes in this atlas (Figure 7A). Expression values for TNFRSF9
were used to classify the T cells as TNFRSFI or TNFRSF9° (Figure 7B; STAR Methods)
and to calculate the mean proportions of CD137 status in each cell type across PDAC
samples that had at least one cell of the corresponding cell type. Within the T cell
populations, Tregs (13% + 3.3%, n = 16) had the greatest average proportion of TANFRSF9-
expressing cells in PDACs in the atlas, followed by effector CD8* T cells (2.2% + 1%, n =
15) and CD8* T cells (1.3% % 0.6%, n = 16) (Figures 7C and S9A).

To profile phenotypic differences in TNFRSFI and TNFRSFIO cells in PDACS,
differential expression analysis by MAST test (Finak et al., 2015) between 7NFRSF

and 7TNVFRSFJ° cells was carried out among CD8* T cells, effector CD8* T cells, and
Tregs followed by gene set enrichment analysis of hallmark gene sets (Liberzon et al., 2015;
Subramanian et al., 2005). No gene sets were found to be significantly enriched in either
group of CD8* T cells. TNFRSF9 Tregs were significantly enriched for 19 gene sets,

with inflammatory pathways such as TNF-a signaling via nuclear factor kB (NF-xB), IL-2,
STATS signaling, inflammatory response, and apoptosis being among the most enriched
gene sets in these cells (Figure 7D). Effector CD8* TWFRSF T cells were significantly
enriched for TNF-a signaling via the NF-xB, EMT, and apoptosis pathways, whereas
effector CD8* TNVFRSFY° T cells were enriched for pathways including IFN-vy response,
oxidative phosphorylation, and IFN-a response relative to the 7NVFRSFI cells (Figure 7E).
These results suggested that increased 7TAVFRSF9expression in effector CD8* T cells may
lead to a shift in the inflammatory response program, where low expression of TNFRSF9is
associated with an IFN response that is important for cytotoxicity in Teffs (Cattolico et al.,
2022), to a TNF-responsive state associated with high expression of 7TANVFRSF9. Although
TNF-a is involved in the CD8* T cell antitumor activity (Calzascia et al., 2007), it can also
promote apoptosis of CD8™ T cells (Zheng et al., 1995). This may explain the observed
enrichment in apoptosis pathways and represent the mechanism underlying T cell exhaustion
that was observed among the effector CD8* TNFRSF T cells.

Our bulk RNA-seq analysis led to the hypothesis that interactions between CD4* T cell
cytokine production, CD8" T cell activity, and neutrophil degranulation occur in PDACs
following anti-PD-1 therapy. The ability to model interactions between immune cell types
with ligand-receptor networks enabled further evaluation of the impact of CD137 expression
on both CD8* T cells and Tregs in modulating their interactions with neutrophils. For
neutrophils, CD8" T cells, and Tregs, incoming signals were assessed by quantification of
ligands expressed by other cells that interact with receptors expressed by each cell type
using Domino (Cherry et al., 2021) (Figures 7F and S9B). We found that neutrophils
signaled to T cells through the expression of /TGAM, ITGBZ, and ITGAS5, regardless of
T cell subtype or TNFRSF9expression levels (Figure S9B), in accordance with the ECM
interactions observed in our bulk RNA-seq analysis. Analysis of incoming signals directed
to effector CD8" TWFRSF9 T cells showed elevated expression of CD70by TNFRSFS
Tregs compared with 7AVFRSFJ° Tregs (Figure S9B). Expression of CD70in expanded
Tregs has been associated with loss of regulatory function exerted on other immune cells
(Arroyo Hornero et al., 2020). Such dysfunction in Tregs may be a means by which the
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communication between CD4* T cells and CD8™* T cells was modulated by nivolumab,

as seen in the bulk RNA-seq analysis. Among signals targeting neutrophils (Figure 7F),
important distinctions were found between ligand expression in TNVFRSFS and TNFRSF9°
cells. CD8* TNFRSFJ T cells expressed ligands that target the IFN-y receptor (/NFRG,
INFRG2) at a higher level than CD8* TNFRSFJ° T cells, including /FNG, ITGAL ITGAS,
ITGBI, ITGB2, and ITGB4. Effector CD8* TNFRSFI T cells also expressed substantially
more /FNG directed to neutrophils than effector CD8* TNVFRSFJ® T cells and did not
cluster with effector CD8* TNFRSFJ° T cells on the heatmap of ligand expression. In
contrast, CD8*TNFRSF9!° T cells expressed more ANXAZ, which encodes Annexin 1, a
ligand of formyl peptide receptor 2, and controls the resolution of inflammation and the
return to homeostasis in recipient cells (Alessi et al., 2017). Thus, the TNVFRSFI cells
exhibited inflammatory signals directed to neutrophils that could induce degranulation, as
similarly shown above in the CD8* T cell RNA-seq data originating from this study, and
had diminished expression of molecules such as ANXAI that mediate the resolution of
inflammation.

DISCUSSION

This prospectively collected cohort of PDAC paired pre- and post-treatment tumor
biospecimens was analyzed to elucidate the mechanisms of anti-PD-1 treatment sensitivity
and resistance in the neoadjuvant setting. This study also integrates multi-omic analyses
to comprehensively define changes in immune subsets within PDAC TMEs following
anti-PD-1 ICI therapy. Although the sample size is still small, our multi-omics approach
revealed immunomodulatory signaling pathways that may serve as new therapeutic targets
for testing in PD-1-blocking antibody-containing combination immunotherapies in our
ongoing platform neoadjuvant study. Analysis of the single-cell RNA-seq atlas confirmed
the existence of these immune subset signaling pathways in an independent cohort, further
supporting the need to further assess these specific pathways in future trials. Thus, this
platform study provides the opportunity to rapidly understand mechanisms of improved
immunity and compensatory mechanisms of resistance with the goal of identifying the most
active combinations to rapidly move forward in clinical development for treating a deadly
cancer.

The combination of mMIHC and RNA-seq analyses confirmed the overexpression of
neutrophil trafficking factors and neutrophil degranulation signals following treatment
with vaccine and anti-PD-1 therapy as well as TAN expression of ILBRB/CXCR2,
differentiating TANs from other immune suppressive monocyte populations previously
identified as barriers to T cell infiltration (\eglia et al., 2018). The immune activation

and suppressive changes that occur either at baseline or early after initial priming provide
strong support that there are compensatory mechanisms that compete in PDACs. These
competing signals may serve as new targets for testing with initial administration of
anti-PD-1 combination immunotherapy in an attempt to bypass compensatory mechanisms
prohibiting full activation of Teff. IL-8, which is known to be secreted by PDAC cells

in response to KRAS activation, is the main ligand for the ILBRB/CXCR2 receptor on
TANSs (Gonzalez-Aparicio and Alfaro, 2020; Teijeira et al., 2021). Our recent preclinical
study showed that an anti-1L-8 antibody can potentiate the antitumor activity of anti-PD-1
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antibody, possibly through the activation of an innate immune and type | cytokine response
in TANs (Li et al., 2022). Taken together, these data further support testing an IL-8 pathway
inhibitor with anti-PD-1 therapy currently in the same platform trial (NCT02451982) as a
next step in improving Teff responses.

We show that a shorter distance between CD8*GZMB™* T cells and tumor cells is associated
with an anti-PD-1-induced response and resistance. Therefore, vaccine priming of the PDAC
TME can recruit functional antitumor T cells, but not all patients achieve a clinical benefit.
We also identified a CD137-expressing CD8* T cell population in both treatment arms that
was associated with increased CD8*GZMB™ T cells and improved OS. Our preclinical study
previously demonstrated that this Teff subtype can be further enhanced when mice with
orthotopically implanted PDACs are treated with the triple combination of GVAX, anti-PD-1
antibody, and anti-CD137 agonist antibody (Muth et al., 2020). This triple combination is
already being tested as a new arm in our neoadjuvant platform study and was shown in a
preliminary analysis to be safe and meaningfully enhance DFS in resectable PDAC patients
(Heumann et al., 2022).

Our integrated analysis approach suggested previously unrealized mechanisms promoting

T cell exhaustion following PD-1 antibody therapy. Testing the hypotheses generated

from the RNA-seq data that did not have available accompanying mIHC results requires
further validation, particularly with functional assays. These additional analyses will provide
an in silico framework to directly evaluate these predicted immunomodulatory effects

of neutrophil degranulation and changes in ECM structure in human PDACs. These
additional studies will be conducted on biospecimens from our ongoing platform clinical
trial inhibiting TAN function with an IL-8 blockade antibody and enhancing T cell function
with a CD137 agonist antibody.

This study has a few limitations. The sample size was limited by the inability to obtain
pre-treatment biopsies from some patients and by the exclusion of tumor specimens with
insufficient clinical follow-up time. The spatial relationship analysis of immune cells in
PDAC in response to immunotherapy was limited by the number of markers and the size
of ROIs that can be handled by the current software. This study relied on bulk RNA-seq
of the individual major subtypes of immune cells due to technical limitations at the time
when the clinical trial began. Thus, we were limited to inferences of cellular function
from computational estimates of cellular composition through deconvolution methods
(Korotkevich et al., 2021) and to inferences of immune cell function in single-cell RNA-seq
data from treatment-naive PDAC atlases (Kinny-Koster et al., 2022; Steele et al., 2020).
Nevertheless, single-cell technology is anticipated to be incorporated into the analysis of
specimens from new treatment arms.

In summary, multi-omic analyses in small cohorts of surgically resectable PDAC patients
comparing different immune modulatory agents may be a rapid and efficient way to identify
the immunomodulatory effects that can inform combinations for testing in larger studies
with primary clinical endpoints.
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STARXMETHODS
RESOURCE AVAILABILITY

Lead contact—Further information and requests for resources or data should be directed
to and will be fulfilled by the contact: Lei Zheng (Izheng6@jhmi.edu).

Materials availability—This study did not generate new unique reagents.

Data and code availability

. The transcriptomic and clinical data used in this study are available in
NCBI’s Gene Expression Omnibus (GEO) SuperSeries GSE197613 (GEO
database: https://www.nchi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE197613) and
are publicly available. Whole-exome sequencing data are deposited in the
database of Genotypes and Phenotypes (dbGaP): phs003002.v1.p1. Details of
the trial, data, contact information, proposal forms, and review and approval
process are available at the following website: https://clinicaltrials.gov/ct2/show/
NCT02451982. The trial protocol is provided in Data S1. The microscopy data
reported in this paper will be shared by the lead contact upon request.

. Code for genomics analysis available at: github.com/FertigLab/J1568 Bulk

. Any additional information required to reanalyze the data reported in this work
paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Patients and specimens—A total of 34 patients were enrolled and randomized into
two treatment arms to receive either GVAX (Arm A) or GVAX in combination with
nivolumab (Arm B) as neoadjuvant and adjuvant therapy (Figure S2A) in PDAC from

the clinical trial (NCT02451982) at Johns Hopkins Hospital under a Johns Hopkins
Medical Institution Institutional Review Board-approved protocol (ID: IRB00050517).
Written informed consent was obtained from all patients. All available pre-treatment and
post-treatment tumor specimens from 19 patients with overall survival greater than 2 years
since the start of immunotherapy or those who died within 2 years after the start of
immunotherapy (OS < 2 years) by the date of data cutoff on February 17, 2020, were
included in this study (Figure S1). Patients underwent pancreatectomy between March
2016 and February 2018 (Table S1). Patients who did not have a diagnosis of PDAC on
final surgical pathology, who were found intraoperatively to have metastasis, and whose
specimens were not adequate for mIHC or did not meet the criteria for ROl selection

for analysis were excluded from this study (Table S2). Primary PDAC tumor samples
were obtained from endoscopic ultrasound-guided fine needle core biopsies (EUS-FNB)
or surgically resected tumors. Both fresh tissue and formalin-fixed paraffin-embedded
(FFPE) tissue blocks were obtained. Pre-treatment tumor specimens for research purposes
were obtained from 6 patients in Arm A and 10 patients in Arm B after the EUS-FNB
specimens had been prioritized for diagnostic purposes. Post-treatment surgically resected
tumor specimens and blood for peripheral blood mononuclear cells were obtained from all
19 patients.
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METHOD DETAILS

Sequential IHC and image acquisition—The sequential staining-stripping multiplex
immunohistochemistry (mIHC) protocol has been described previously (Tsujikawa

etal., 2017). Briefly, deparaffinized 5-um FFPE tissue sections were first stained

with hematoxylin (Dako, S3301) followed by whole-slide brightfield scanning using
NanoZoomer (Hamamatsu). Then, following endogenous peroxidase blocking and heat-
induced antigen retrieval with citrate buffer (pH 6.0) (BioGenex, HK080-9K), sequential
multiple iterative cycles of the IHC process that included staining, scanning, and chromogen
stripping, were performed as described previously (Tsujikawa et al., 2017). Information

on the concentration of primary antibodies, the incubation time of primary antibodies and
the horseradish peroxidase (HRP)-conjugated polymer (Nichirei Biosciences Inc.), and the
aminoethyl carbazole (AEC) (Vector Laboratories, SK-4200) reaction time for chromogenic
detection are summarized in Table S3. Negative control images were obtained after the

last antibody and chromogen stripping. In this study, two separate staining panels were
used, including one panel of 15 markers primarily for lymphoid cells and another panel

of 15 markers primarily for myeloid cells (Table S3). Every immune marker examined
represented a specific aspect of the immune response of interest, which was determined
based on previously published studies (Tsujikawa et al., 2017); therefore, we did not control
for multiplicity in the analysis.

Multiplex image processing and analysis—The digitized image processing and
analyzing workflow encompasses image coregistration, visualization, and quantitative image
analysis. Digitized images collected from NanoZoomer were first coregistered via the
specific CellProfiler v.2.1.1 pipeline designed as previously described (Tsujikawa et al.,
2017). Tumor areas for subsequent analyses were circled by pathologists on hematoxylin-
stained slides. A minimum of three rectangular ROIs (approximately 3000*3000 pixels

per ROI) in the vicinity of tumor epithelia, which were known to have an adequate
representation of the whole tumor area in a prior study (Tsujikawa et al., 2017), were
chosen. For biopsy cores, quantifying any three ROIs that cover at least three biopsy

cores yielded consistent immune cell density results. Tumor epithelia identified by EpCAM
staining, large intratumoral blood vessels, and areas with tissue detachment were maximally
excluded. Visualization was performed by converting coregistered images into individually
pseudocolored single-marker staining images through ImageJ v1.48 software (National
Institutes of Health) (Schneider et al., 2012) and Aperio ImageScope v.12.3.2.8013 software
(Leica Biosystems). Up to five ROIs per slide were quantified. During the quantitative
image analysis step, signals of single-cell segmentation and quantification were obtained
using the specific CellProfiler v.2.1.1 pipeline as previously described (Tsujikawa et al.,
2017), followed by image cytometry analysis via FCS Express 7 Image Cytometry software
v7.10.0007 (De Novo Software). The calculation of immune cell densities as percentages of
all cells took into consideration PDAC desmoplasia, although they were generally consistent
with those calculated as the percentage of total CD45" cells. Immune cell subtypes were
defined by multiple markers, as listed in Table S4.

For the quantification of CXCR2* CD66b* cells, image analysis was conducted with
Halo Image Analysis Platform software v3.4.2986 (Indica Labs). First, three sequential
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IHC images, including hematoxylin, CD66b, and CXCR2 staining by the above-described
multiplex IHC protocol, were deconvolved, registered and fused into a pseudomultiplex
immunofluorescent image. Then, tumor areas on the whole slide section except for the
necrotic region were annotated by the pathologist and included in the analysis. Slides with
significant tissue damage were also excluded. Cells were identified by nuclear staining

with hematoxylin. Positive staining signals were detected by adjusting the threshold of

the signal intensity of each marker on hematoxylin-marked cells via the HighPlex FL
module. CD66b*, CXCR2*, and CXCR2*CD66b* cells were selected and analyzed for their
quantities and average intensities of positive signals on each cell type.

Singleplex immunohistochemistry—Following heat-induced antigen retrieval for 30
minutes at 95°C or 30 seconds at 125°C in citrate (BioGenex, HK080-9K) or EDTA

buffer (Sigma—Aldrich E1161), slides were incubated with rat anti-mouse/human PNAd
IgM (BioLegend, clone MECA-79) at a 1:100 dilution for 1 hour at room temperature,
mouse anti-human LAG3 IgG (Novus Biologicals, clone 17B4) at a 1:200 dilution overnight
at 4°C, or rabbit anti-human TIM-3 1gG (Cell Signaling Technology, clone D5DRS5) at

a 1:50 dilution overnight at 4°C, as previously described (Avram et al., 2013; Gorris et

al., 2018; Wojcik et al., 2022). After the washing steps, the slides were incubated with

either biotinylated anti-rat IgM secondary antibody (BioLegend, 408903) at a 1:200 dilution
followed by the VECTASTAIN ABC-HRP kit (Vector Laboratories, PK-4000), HRP anti-
mouse (Vector Laboratories, MP-7452) or HRP anti-rabbit (Vector Laboratories, MP-7451)
polymer detection kits. The InmPRESS DAB peroxidase substrate (Vector Laboratories,
SK-4105) was used prior to counterstaining in hematoxylin, dehydration, and mounting with
coverslips. Digital images were obtained at 20X magnification via whole-slide brightfield
scanning using the NanoZoomer slide scanner (Hamamatsu).

LAG3 and TIM3 IHC gquantification—Image analysis was performed using HALO
Image Analysis Platform software v3.0.311.402 (Indica Labs). Tumor tissue areas were
defined and annotated by the pathologist. Sections without tumor representation were
omitted, and tissue artifacts, including folds, detachments, and tears, were maximally
excluded within the annotation layer used for analysis. Immune cells positively stained

for LAG3 and TIM3 were quantified using the Immune Cell v1.3 module. The immune

cell stain intensity and color were manually identified for each marker. The algorithm
settings for identifying staining-positive cells, including minimum tissue optical density
(0.037), tissue edge thickness (0), minimum immune stain optical density (0.13), membrane
detection tolerance (0.45), and immune cell size (5,250), were held constant across all cases.
The density of stained positive cells was calculated as the immune cell count divided by the
tumor tissue area (mm?) on the whole slide section.

Spatial relationship assessment—All steps of the image analysis were performed
using Halo Image Analysis Platform software v3.4.2986 (Indica Labs). Briefly, 1) six
different sequentially stained images were deconvolved, registered and fused into a
pseudomultiplex immunofluorescent image; 2) the entire tumor region except for the
necrotic region was annotated by a pathologist and included in the analysis; 3) positive
staining signals were detected by adjusting the threshold of the signal intensity of each
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marker via the HighPlex FL module; and 4) distance and proximity measurements were
performed based on the positive signal detected with coordinates and by the spatial module
included in the software.

TIL isolation and sorting—TILs were obtained from a nonnecrotic tumor piece
approximately 2 cm in diameter that could be spared for research purposes after the

clinical specimens were prioritized and dissected by pathologists. RPMI-1640 media (Life
Technologies) were used to resuspend all the cells after disruption and homogenization. The
cell suspension was filtered with a 70-um cell strainer (Corning), and a layer of mononuclear
cells that contained TILs was then isolated using Ficoll density gradient centrifugation with
Ficoll-Paque PLUS (Cytiva) as described (Tan and Lei, 2019). TILs were washed three times
using 40 mL of complete RPMI media each time. After the final wash with RPMI media,
isolated TILs were cryopreserved in a liquid nitrogen freezer or subjected to cell sorting.
Peripheral blood mononuclear cells were obtained from the patient’s whole blood using
Ficoll-Pague™ PLUS (Cytiva) gradient centrifugation to serve as the FACS staining control.
TILs and peripheral blood mononuclear cells were stained with Zombie Green viability dye
(Biolegend, 423111), anti-CD4-PE-CF594 (Biolegend, 562281), anti-CD8-APC (Biolegend,
344722), anti-CD19-PE (Biolegend, 555413), and anti-CD11b-BV421 (Biolegend, 393114)
antibodies. After sorting with a BD FACSAria Ilu Cell Sorter (Biosciences), the sorted
immune cell subtype pellets were sent to a commercial vendor (Eurofins) for RNA
extraction and sequencing. Note that they were sequenced and preprocessed together with
other specimens under JHMI IRB protocol numbers IRB00083132 and IRB00092443.

RNA extraction, sequencing, and transcriptomic analysis—Bulk tumor RNA
was extracted from TILs and quantified by using the All Prep DNA/RNA Micro Kit
(Qiagen, 80284) and the Qubit RNA HS Assay Kit (Invitrogen, Q32852) according to

the manufacturer’s instructions. The isolated RNA for each of the sorted CD3*CD4",
CD3*CD8*, CD3"CD11b*, and CD3"CD11b~CD19* cells was sent to iTeos, Inc., for bulk
RNA-seq library preparation with a SMART-Seq v4 ultra low input mMRNA sample prep
kit and 100-bp paired end sequencing by Eurofins. Library preparation and sequencing
were performed in three batches, which were analyzed for technical artifacts as described
below. First, quantification of transcript abundances was performed from RNA-seq reads
with pseudoalignment to the hg38 genome using Kallisto v0.45.0 (Bray et al., 2016). The
hg38 cDNA reference (release 87) was obtained from Ensemble (Bray et al., 2016). Gene
counts were quantified from kallisto estimates of transcript abundances using tximport
(v.1.22.0) (Soneson et al., 2015), with the t lengthScaledTPM computed for samples across
both batches. We evaluated sample quality from the distribution of reads as visualized in a
boxplot of log counts. We observed 10 samples with zero median expression, reflective of
a low read count, to be filtered from subsequent analysis as low quality. We used principal
component analysis (PCA) of the variance stabilization transform (vst) RNA-seq data to
evaluate sample clustering by cell type. To further evaluate sample quality, we examined
marker gene expression and its relationship to the sample groups observed in the PCA.

In completing this analysis, we identified 7 samples mislabeled for cell type, which were
additionally filtered out of the sample cohort. To evaluate the batch effects present due to
sequencing, we repeated PCA and noticed homogenized clustering of samples from both
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batches. For each cell type, we completed differential expression analysis with DESeq2
(Love et al., 2014), including batch as a covariate in our model along with our comparison
of interest. Estimated fold changes are shrunk with apeglm using IfcShrink to account for
the variation in the samples in this dataset. Genes were statistically significant if the absolute
log,-fold changes after shrinkage were greater than 0.5 and the FDR-adjusted p value was
below 0.05. Gene set statistics were run with fgsea using MSigDb (Zhu et al., 2019) v7.5.1
pathways annotated in the HALLMARK, KEGG, REACTOME, and GO databases. Gene
sets were considered to be significantly enriched for FDR-adjusted p values below 0.05,
and the results were visualized with LIMMA barcode plots (Ritchie et al., 2015). Raw
counts were uploaded to CIBERSORTXx (Korotkevich et al., 2021) for further deconvolution
of cell types. Imputation of cell fractions utilizing the LM22 CIBERSORT DEFAULT
reference (Kanehisa et al., 2017) (signature matrix) to estimate T-cell presence based on
gene expression was completed using B-mode batch correction and 1000 permutations for
statistical significance of estimates of cellular proportions in each sample. Comparisons

of cellular abundances were calculated with Student’s t test comparing CIBERSORTx
estimated proportions of each cellular population between the treatment or survival groups.

DNA extraction, sequencing, and the estimation of tumor mutation burden
and neoantigen load—Genomic DNA was extracted by using the AllPrep DNA/RNA
Kit (Qiagen) according to the manufacturer’s instructions and sent to a commercial vendor
(BGI Genomics) for whole-exome sequencing (WES). According to the vendor, to construct
whole-exome capture libraries, genomic DNA was randomly fragmented into 200-250-bp
fragments, and the fragments were purified and ligated by specific adaptors according

to the instructions of the MGIEasy Universal DNA Library Prep Set and then captured

with the MGIEasy Exome Capture V4 Probe Set (~59 Mb). All constructed libraries

were sequenced on a DIPSEQ platform at an average coverage of 268X (90-420) in

normal samples and 665X (83-1251) in tumor samples. The raw sequencing data were
processed by SOAPnuke software v2.0.7 with default parameters to filter out low-quality
reads and adaptor contamination. The clean reads were processed by using the UCSC
human reference genome (hg19) and the Sentieon pipeline that follows the GATK best
practices, including read alignment, mark duplication reads, indel realignment, base quality
score recalibration (BQSR), and variant calling (Table S5). Variant calls were converted to
mutation annotations using the default VCF2MAF (Kandoth and Qwangmsk, 2018) pipeline
and the same UCSC human reference genome (hg19). Mutation annotations were analyzed
in R utilizing the Maftools (Mayakonda et al., 2018) package (v2.8.05). Tumor mutational
burden was extracted using a capture size of 35.8 (Ellrott et al., 2018). Class | HLA typing
was performed at the clinical laboratories of Johns Hopkins Hospital. Neoepitopes (9 to
11-mers) containing nonsynonymous SNVs or INDELSs were predicted by NetMHCpan
software v4.1b (Jurtz et al., 2017; Wells et al., 2020) for class | HLA-binding affinity <500
nM according to at least one method. Neoantigen load in plots was completed utilizing

the “netMHCpan_total_mutationsite_valid” annotation. All statistical comparisons were
performed using Student’s t test.

BCR/TCR prediction and clonality metrics—BCR and TCR sequences were predicted
from the bulk RNA-seq data for CD3*CD4*, CD3*CD8*, and CD3CD19* cells utilizing the
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MiXCR pipeline (Bolotin et al., 2015). FASTQ files of the same sample and direction were
appended prior to running MiXCR under the following commands: ‘mixcr analyze shotgun
—starting-material rna -s hsa —assemble-partial-rounds 2’. MiXCR results were then analyzed
in R using IMMUNARCH (ImmunoMindTeam, 2019) v0.6.7. Clonality was measured
utilizing the normalized Shannon’s Entropy (Shannon’s equitability-measure of evenness)
(Hopkins et al., 2018). Clonality is calculated as (1-Shannon’s equitability), computed by:

- >7 = 1 piloge(py)

1—
loge(n)

where pjis the proportion of the #h clone from a repertoire of 72 clones. Clonality values
range from 0-1, with 0 indicating equal representation of clones within a sample (lower
clonality) and 1 indicating a monoclonal population. All statistical comparisons were
performed using Student’s t test.

PDAC atlas single cell RNA-seq analysis—Single-cell RNA-seq analysis used
published data from an atlas of cells from pancreatic ductal adenocarcinoma resected
primary tumors and biopsies (Kinny-Koster et al., 2022; also includes methods for data
preprocessing and quality control). Immune cells from the atlas were selected from 61 tumor
samples by subsetting on clusters expressing PTPRC. These subset cells were clustered
again at a resolution of 10 using the R package monocle3 (Cao et al., 2019; Qiu et al.,
2017; Trapnell et al., 2014) (version 1.0.0). Clusters were annotated based on canonical
marker genes detected by monocle3. Thirty-three clusters were detected in 52,765 cells

and annotated as Macrophages (A/FI), Neutrophils (SZI00A8, S100A9), NK cells (NKG7,
CD3E), B cells (CD79A, CD79B, CD52), Mast cells (KIT, ENPP3), CD4* T cells (CD3E,
CD4), Activated CD4* T cells (CD3E, CD4, EOMES, GZMK), CD8* T cells (CD3E,
CD8A), Effector CD8* T cells (CD3E, CD8A, EOMES, GZMK), or Tregs (CD3E, FOXP3,
CTLA4). Clusters that could not be confidently annotated as a single cell type due to
doublets were removed.

After cell type annotation, cells were further subset to include only the immune cells in
17 tumor samples from the 16 patients in (Steele et al., 2020) (25,903 cells) due to the
larger proportion of immune cells represented specifically in the samples from this study.
The sparse matrix of UMI counts (15,219 genes x 25,903 cells) was converted to a Seurat
object with the R package Seurat (Butler et al., 2018; Hao et al., 2021; Stuart et al., 2019;
Zeng et al., 2018) (version 1.4.1). Using functions from the Seurat package, counts were
log-normalized and scaled. The top 50 principal components (PCs) were computed using
the 2,000 most variable features. A dimensionally reduced representation of the data was
calculated with UMAP using the top 25 PCs. Cells were classified as having high TNFRSF9
expression (7TNVFRSF9) or low expression ( TVFRSFJ) based on the presence of a log-
normalized expression value of 7AFRSF9above or below the median expression value in
all cells with nonzero expression of 7AVFRSFY, respectively. Cells annotated as CD8* T
cells, Effector CD8" T cells, and Tregs were subdivided into CD8* TNWFRSFS T cells,
CD8* TNFRSFJ° T cells, Effector CD8* TNFRSFJ T cells, Effector CD8* TNFRSFJ©
T cells, TNFRSF9" Tregs, and TNVFRSF9° Tregs. The proportions of CD8* and Treg
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cells expressing 7TAVFRSF9 were calculated as the number of cells of each type with the
TNFRSF9 classifier divided by the number of cells annotated as that type and as cells of
each type with the TWVFRSFJ or TNFRSFJP classifier divided by the total number of cells
typed as CD8™, Effector CD8*, or Tregs.

Differential expression between TAVFRSFS cells and TVFRSFIO cells of the same cell
type was carried out with MAST tests in Seurat. The results for all assayed genes were
ordered by the average log fold change as rankings for gene set enrichment analysis
with the R package fgsea (Korotkevich et al., 2021) using the H: HALLMARK gene set
from the Molecular Signatures Database (MSigDB, version 7.5.1) (Liberzon et al., 2015;
Subramanian et al., 2005).

Intercellular interactions were assessed among annotated cell types and 7NFRSF9-classified
CD8™ cells, Effector CD8* cells, and Tregs based on the expression of interacting expressed
transcription factor targets, receptors, and ligands using the R package Domino (Cherry et
al., 2021) (version 0.1.1). In the Domino analysis, receptor—ligand networks were computed
with pySCENIC (Aibar et al., 2017; Van de Sande et al., 2020) (version 0.11.0) using lists
of transcription factors, motif annotations, and cisTarget motifs from the GRCh38 (hg38)
reference genome (Van de Sande et al., 2020) and curated ligand and receptor interactions
obtained from CellPhoneDB (Efremova et al., 2020; Garcia-Alonso et al., 2021) (version
2.0.0).

QUANTIFICATION AND STATISTICAL ANALYSIS

The density of each immune cell subtype was calculated by its percentage among all cells
or CD45* cells in ROIs. The tumors whose density of certain immune cell subtypes was
higher than the average were grouped into the “high” density group for that immune cell
subtype, while tumors whose density of certain immune cell subtypes was lower than the
average were grouped into the “low” density group for that immune cell subtype. For the
comparison between pre- and post-treatment biospecimens, a paired t test was performed,
while an unpaired t test was used to compare two independent groups. Statistical analyses
and graphing were performed using GraphPad Prism software v9.3.1 (GraphPad Software)
or the Immunarch package (ImmunoMindTeam, 2019). All tests were two-sided, and a p
value of <0.05 was considered statistically significant. Statistical analyses of the genomics
data were performed as described in detail in the methods for each data modality above with
code available from github.com/FertigLab/J1568 Bulk.

The Bayesian information criterion (BIC) was used to evaluate the performance of each
model proposed and to determine which marker better predicts the outcomes. A linear
regression model was used to evaluate the effect of each marker, dichotomized by the

mean, as a predictor of each distance measure. For each binary survival outcome, logistic
regression was employed, with each marker treated as continuous. A meaningful difference
in BIC between the two models is 2 at a minimum, and a difference between 5-10 and above
10 is considered to be strong and very strong, respectively (Raftery, 1995).
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ADDITIONAL RESOURCES

More information about the platform trial (NCT02451982) and associated resources can be
found at https://clinicaltrials.gov/ct2/show/NCT02451982.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

. Prospectively collected PDAC specimens from a neoadjuvant platform
clinical trial

. Identified sensitivity and resistance mechanisms to anti-PD-1 therapy in
PDAC

. Informed studies of additional immune-modulating agents in the ongoing
platform trial

. Generated hypotheses of reprogramed TME signals for combination

immunotherapy strategies
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Figure 1. Multiplex immunohistochemistry of PDACs before and after immunotherapy
(A) ROIs were selected within the post-treatment surgical resected tumor areas. CD45 and

EpCAM staining were used to identify the lymphoid cells and tumor epithelia, respectively.
All scale bars, 200 pm.

(B and C) Overlaid images of representative markers assigned with pseudocolors in one
representative LA (B) and one representative non-LA tumor area (C) in post-treatment
tumors. All scale bars, 100 pm.
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(D) CD45 and EpCAM staining of one representative ROI from a pre-treatment biopsy
tumor area. All scale bars, 200 um.

(E) Overlaid images of one representative ROI of pre-treatment biopsy. All scale bars, 100
pm.

(F and G) Summary of the density of all immune cell subtypes analyzed as indicated in

the paired pre-treatment versus post-treatment non-LA tumor areas from the same arm

A patients (F, n = 6) and arm B patients (G, n = 10). Data shown as the mean + SD;
comparison by paired t test; *p < 0.05, **p < 0.01, ***p < 0.001; all others, not significant.
See also Figures S1, S2, Tables S1, S2, S3, and S4.
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Figure 2. Multiplex IHC of CD8* or CD4" T subtypes and their correlation with OS
(A and B) Summary of the density of all immune cell subtypes analyzed as indicated in LA

(A) and non-LA tumor areas (B) in arm A (n =9) versus arm B (n=10) patients.

(C-E) Correlation between OS and CD8" and CD8*GZMB™ T cells in pre-treatment tumor
biopsies (C, pre, n = 6 for GVAX and n = 10 for GVAX + Nivo) and in LA (D) and non-LA
tumor areas (E) from post-treatment tumors (see sample numbers in A and B). Three cases
with the highest densities of CD8*GZMB™* T cells and the longest OS are circled.
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(F) Changes in the density of CD8" or CD8"GZMB* T cells between pre-treatment (pre)
and matched post-treatment non-LA tumor areas (post) and their correlation with OS.

(G) Correlation between OS and CD8*CD137* T cells in LA.

(H) Correlation between CD8*GZMB™* T cells and CD8*CD137* T cells in LA. Tumors are
subgrouped by higher versus lower density of CD8*CD137* T cells in LA.

(I-R) Correlation between OS and CD4" T cells (1), Thl (J), Th2 (K), Th1:Th2 ratio (L),
Treg (M), and Th17 (N) in LA, Th17 in non-LA tumor area (O), and CD4*PD-1* T cells
(P), CD8*PD-1* T cells (Q), and CD8*EOMES™ T cells (R) in LA. All data shown as

the mean + SD; all comparisons by t test; *p < 0.05; **p < 0.01; ***p < 0.001; NS, not
significant; all others, not significant. See also Figures S3 and S4.
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Figure 3. Multiplex IHC analysis of TAM and TAN
(A-G) Correlation between OS and M1-like TAM, M2-like TAM and the ratio of M1- and

M2-like TAM in LA (A) and non-LA tumor area (B), PD-L1* M1-like and M2-like TAM in
LA (C) and non-LA tumor area (D), TAN (CD66b* Gr) in pre-treatment biopsy (E, pre) and
in post-treatment LA (F), and non-LA tumor area (G).
(H) Changes in TANs between pre-treatment (pre) and matched post-treatment non-LA

tumor areas (post) and their correlation with OS. Sample numbers (A—H) are the same as in

Figure 2.
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(I-K) Correlation between CD8*PD-1" T cells and CD4*PD-1* T cells, as indicated, and
myeloid cell densities in post-treatment tumor areas. Tumors (n = 19) subgrouped by
higher versus lower density of M1-like TAM (1), M2-like TAM (J), or CD66b™ TAN (K),
respectively, in LA.

(L and M) Correlation between LAG3* cells (L) and TIM3™ cells (M), respectively, and
TANS in post-treatment tumor areas. Tumors subgrouped by higher versus lower density of
TANs in LA.

(N) mIHC images of CD66b and CXCR2, as indicated, and their overlaid image. All scale
bars, 100 um. Pseudocolors assigned by the Halo software. A representative LA shown; one
square region enlarged and also shown. Arrow indicates the only CXCR2* cell that was not
CD66b™ within this region. All data shown as the mean + SD; all comparisons made by t
test; *p < 0.05; **p < 0.01; NS, not significant. See also Figure S5.
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Figure 4. Spatial relationship between tumor cells and immune cells
(A) A representative region from six-marker mIHC images integrated by Halo software.

Scale bar, 100 pm.

(B) Distance measurement schema of a representative region. Positive signals (exemplified
by the EpCAM staining signals) and the nearest neighbor cells (exemplified by the nearest
CD8™ cells) are connected by lines whose lengths are measured as the distances.

(C-H) Tumors were subgrouped by higher versus lower density of CD8" T cells (C and

F), CD8"PD-1* T cells (D and G), and CD8*GZMB™* T cells (E and H) in LA (C-E) and
non-LA tumor areas (F-H). Distances from one cell type to another cell type were compared
by t test between subgroups (high versus low density) in two cohorts of tumors treated

with GVAX and GVAX + nivolumab, respectively. Tumor cells marked by EpCAM staining
and identified by pathologists. mIHC images qualified for distance measurement: n = 7 for
GVAX and n = 10 for GVAX + Nivo. All data shown as the mean + SD; *p < 0.05; **p <
0.01; all others, not significant. See also Figure S6.
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Figure 5. Transcriptomic profiling of tumor-infiltrating immune cells in PDACs treated with

GVAX or GVAX + nivolumab

(A) Cibersort heatmap of immune cell subtype composition profiling sorted CD19* (n = 10),
CD4* (n=13), CD8* (n = 13), and CD11b* (n = 10) TILs. Treatment arms, OS, and sorted

cell types indicated by various colors.

(B-D) The proportion of immune cell subtypes profiled by Cibersort was compared between
treatment arms by t test. Boxplots display minimum and maximum values (whiskers),
interquantile range (box) with median, and outliers.

(E-J) TCR and BCR clonality predicted from RNA-seq of sorted CD4* (E and H), CD8*

(F and 1), and CD19" cells (G and J) were compared between treatment arms (E-G) and
between OS > 2 years and OS < 2 years cohorts (H-J) by t test. Data shown as the mean +
SD. Cases with follow-up < 2 years shown separately. See also Figures S7, S8, and Table S5.
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Figure 6. RNA-seq analysis of differentially expressed genes between different subcohorts from
this study cohort of PDACs

(A-B) Wolcano plots showing differentially expressed (DE) genes compared between the
OS > 2 years and OS < 2 years cohorts in sorted CD8* (A) and CD4* (B) T cells. (C-F)
Volcano plots showing DE genes compared between treatment arms in sorted CD4™ T cells
(C), CD8* T cells (D), CD11b* cells (E), and CD19* B cells (F). The sample numbers are
the same as in Figure 5. Vertical dashed lines indicate Log, fold change (FC) at —0.5 and
0.5; horizontal dashed line indicates adjusted p value at 0.05. Genes that met either, both, or
neither (NS) of the following two criteria: (1) Logy, FC > 0.5 or < —0.5 and (2) adjusted p
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value <0.05 are represented by color-coded dots. Total gene counts are indicated. Genes of
interest are annotated.

(G-J) Enrichment plots showed upregulation of the REACTOM chemokine receptor bind
chemokines pathway in sorted CD4* T cells (G), the GOBP myeloid cells and lymphocyte
chemotaxis pathway in sorted CD4* T cells (H), the GOMF extracellular matrix structural
constituent pathway in sorted CD8" T cells (1), and the REACTOM neutrophil degranulation
pathway in CD11b* cells (J) in the GVAX + Nivo versus GVAX treatment arm. DE by
treatment, differentially expressed between treatment arms. See also Tables S6 and S7.
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Figure 7. Single-cell analysis of CD137 (TNFRSF9)-expressing T cells
(A) Uniform Manifold Approximation and Projection (UMAP) embedding of color-coded

immune cell subtypes from the PDAC atlas.

(B) Immune cells from the PDAC atlas were annotated according to high (hi) or low (lo)
TINFRSF9 expression and annotated for different immune cell subtypes.

(C) Stacked bar plots of the proportions of CD8", effector CD8™, and Treg cells classified as
TNFRSF9 or TNFRSFZ°.

(D and E) MsigDB hallmark gene sets significantly enriched in TVFRSF9 (orange) or
TNFRSF9° (blue) Tregs (D) and effector CD8* cells (E) ordered by normalized enrichment
score.

(F) Expression of ligands by immune cells that interact with receptors expressed by
neutrophils is presented in the heatmap as scaled, log-normalized counts. See also Figure S9.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Multiplex immunohistochemistry antibody panel See Table S3

Rat monoclonal anti-mouse/human PNAd, clone  BioLegend Cat#120802; RRID: AB_493555

MECA-79

Mouse monoclonal anti-Human LAG-3, clone
17B4

Rabbit monoclonal anti-Human TIM-3, clone
DRDR5

Novus Biologicals

Cell Signaling Technology

Cat#NBP1-97657SS; RRID: AB_11162489

Cat#45208S; RRID: AB_2716862

Monoclonal Biotin anti-rat IgM, clone MRM-47  BioLegend Cat#408903; RRID: AB_10571208
Mouse monoclonal anti-Human CD4 PE- BioLegend Cat#562281; RRID: AB_11154597
CF594, clone RPA-T4

Mouse monoclonal anti-Human CD8 APC, BioLegend Cat#344722; RRID: AB_2075388
clone SK1

Mouse monoclonal anti-Human CD19 PE, clone  BioLegend Cat#555413; RRID: AB_395813
HIB19

Mouse monoclonal anti-Human CD11b BV421,  BiolLegend Cat#393114; RRID: AB_2750258
clone LM2

Biological samples

Tumor biopsy before treatment This paper N/A

Tumor samples after surgery This paper N/A

Peripheral blood mononuclear cells This paper N/A

Chemicals, peptides, and recombinant proteins

Hematoxylin Dako Cat#S3301

Citra Plus Solutions BioGenex Cat# HK086-9K

EDTA buffer Sigma-Aldrich Cat# E1161

Hydrogen peroxide solution Sigma-Aldrich Cat#H1009-500ML

HistoFine Simple Stain MAX PO (Mouse) Nichirei Bioscience Cat#414132F

HistoFine Simple Stain MAX PO (Rabbit) Nichirei Bioscience Cat#414142F

HistoFine Simple Stain MAX PO (Rat) Nichirei Bioscience Cat#414311F

VectaMount AQ Mounting Medium

Ficoll-Paque Plus

Vector Laboratories

Sigma-Aldrich

Cat#H-5501-60
Cat#GE17-1440-02

Critical commercial assays

AEC Substrate Kit

ImMmPRESS HRP Goat Anti-Rabbit 1gG
Polymer Detection Kit

ImmPRESS HRP Goat Anti-Mouse 1gG
Polymer Detection Kit

ImMmPRESS DAB peroxidase substrate Kit
AllPrep DNA/RNA Micro Kit
Qubit RNA HS Assay Kit

Vector Laboratories

Vector Laboratories

Vector Laboratories

Vector Laboratories
Qiagen
Invitrogen

Cat#SK-4200
Cat#MP-7451

Cat#MP-7452

Cat#SK-4105
Cat#80284
Cat#Q32852
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REAGENT or RESOURCE SOURCE IDENTIFIER

SMART-Seq v4 Ultra Low Input RNA Kit Takara Cat#634894

Zombie Green™ Fixable Viability Kit BioLegend Cat#423111

Deposited data

Transcriptomic Data (raw) This paper GEO database: GSE197613
Whole exome sequencing data This paper dbGAP: phs003002.v1.p1

Code for genomics analysis This paper github.com/FertigLab/J1568_Bulk

scRNA-seq database

Kinny-Koster et al., 2022

https://doi.org/10.1101/2022.07.14.500096

Software and algorithms

Aperio ImageScope v.12.3.2.8013

CellProfiler pipeline v.2.1.1
ImageJ v1.48
FCS Express 7 Image Cytometry v7.10.0007

Halo Image Analysis Platform v3.4.2986
Kallisto v0.45.0

Tximport v1.22.0

DESeq2 v1.36.0

apeglm v1.18.0

MSigDb v7.5.1
LIMMA v3.52.2

CIBERSORTXx
MGIEasy Universal DNA Library Prep Set

MGIEasy Exome Capture V4 Probe Set

SOAPnuke v2.0.7
VCF2MAF v1.6.16

Maftools package v2.8.05
NetMHCpan v4.1b

MiXCR v4.0
IMMUNARCH v0.6.7
Normalized Shannon’s Entropy algorithm

monocle3 v1.0.0

Seurat v4.1.1

fgsea v1.22.0

Domino v0.1.1

Leica Biosystems

Tsujikawa et al., 2017
Schneider et al., 2012

De Novo Software

Indica Labs

Bray et al., 2016
Soneson et al., 2015
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