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Abstract
Background:

The immune microenvironment impacts tumor growth, invasion, metastasis, and patient survival and
may provide opportunities for therapeutic intervention in pancreatic ductal adenocarcinoma (PDAC).
Although never studied as a potential modulator of the immune response in most cancers, Keratin 17
(K17), a biomarker of the most aggressive (basal) molecular subtype of PDAC, is intimately involved in
the histogenesis of the immune response in psoriasis, basal cell carcinoma, and cervical squamous cell
carcinoma. Thus, we hypothesized that K17 expression could also impact the immune cell response in
PDAC, and that uncovering this relationship could provide insight to guide the development of
immunotherapeutic opportunities to extend patient survival.

Methods:

Multiplex immunohistochemistry (mIHC) and automated image analysis based on novel computational
imaging technology were used to decipher the abundance and spatial distribution of T cells,
macrophages, and tumor cells, relative to K17 expression in 235 PDACs.

Results:

K17 expression had profound effects on the exclusion of intratumoral CD8 + T cells and was also
associated with decreased numbers of peritumoral CD8 + T cells, CD16 + macrophages, and CD163 +
macrophages (p < 0.0001). The differences in the intratumor and peritumoral CD8 + T cell abundance
were not impacted by neoadjuvant therapy, tumor stage, grade, lymph node status, histologic subtype,
nor KRAS, p53, SMAD4, or CDKN2A mutations.

Conclusions:

Thus, K17 expression correlates with major differences in the immune microenvironment that are
independent of any tested clinicopathologic or tumor intrinsic variables, suggesting that targeting K17-
mediated immune effects on the immune system could restore the innate immunologic response to
PDAC and might provide novel opportunities to restore immunotherapeutic approaches for this most
deadly form of cancer.

Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the most lethal forms of cancer, not only because it
is often not diagnosed until after it has reached advanced stage and is intrinsically resistant to
Gemcitabine and 5-fluorouracil based chemotherapy, but because it generally does not respond to
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immune checkpoint inhibitors and is minimally impacted by intrinsic anti-tumor immune mechanisms
(Muller et al., 2022). Although immune evasion is a key hallmark of malignancy, impacting cancer
initiation and progression, knowledge of the mechanisms that shield PDAC from immune surveillance
have not been fully explored. Therefore, elucidation of the interactions between PDAC and the immune
response is critically needed to guide the development of more effective immunotherapeutic strategies.

Several studies have stratified PDAC patients into separate categories through transcriptomics,
proteomic analysis, gene signatures or immunological status using bulk RNA-Seq,
immunohistochemical, and single-cell RNA (scRNA) approaches (Y. Chen et al., 2022; de Santiago et al.,
2019; J. Yang et al., 2022a). Although numerous transcriptomic and proteomic reports have shown that
PDAC can be subdivided into major molecular subtypes that differ in response to chemotherapeutic
agents and patient survival, little is known about how biologically distinct PDACs can differ in their
immunogenic phenotypes, or the impact of the immune response on disease progression and survival.
To the best of our knowledge, this is the first study that aims to consolidate the histological subtype
stratification with the tumoral microenvironment status to better understand tumor aggression and
rationalize more personalized therapeutic strategies. We and others have shown that keratin 17 (K17)
drives chemoresistance and is a prognostic and predictive biomarker of the most aggressive (basal)
molecular subtype of PDAC (Oblein et al., n.d.; C.-H. Pan, Chaika, et al., 2022; C.-H. Pan, Tseng, et al.,
2022; Roa-Pena et al,, 2019, 2021). K17 expression also impacts the immune response in several cancer
types, including basal cell carcinoma, head and neck cancer (Depianto et al., 2010; Wang et al., 2022b,
2023), and cervical squamous cell carcinoma (Baraks et al., 2022). At a mechanistic level, K17 has also
been reported to impact the pathogenesis of cervical squamous cell carcinoma, at least in part via
immunomodulatory mechanisms (W. Wang et al., 2020b) and others have explored mechanisms through
which K17 might regulate resistance to immunotherapy, through the regulation of Yap1 activation,
mediating downstream immunosuppressive effects in head and neck cancer. The potential impact of
K17 on the immune response to PDAC, however, has not been previously explored.

Thus, it is important to consolidate different stratification schemes into a novel classification of
pancreatic cancer, based on robust and clinically deployable biomarkers to predict survival and to
rationalize therapeutic strategies. Several studies have emphasized the importance of cancer cell
clearing by intratumoral and peritumoral immune cells, with favorable prognosis related to the extent of
intratumoral immune infiltration (Pyo et al., 2021). Since successful immunotherapy is dependent on the
infiltration into the tumor of sufficient effector cells, including CD8 + T cells and tumor-associated
macrophages, we aimed to characterize the PDAC immune microenvironment relative to K17 expression
by focusing on peritumoral and intratumoral immune cells via a comprehensive, distance-based spatial
analysis using brightfield multiplex immunohistochemistry (mIHC) of PDAC tissue sections. Overall,
these lines of exploration may uncover how tumor cell-intrinsic immunomodulatory proteins, including
K17, may shield PDAC from the development of effective immune responses and may highlight
opportunities for further exploration to develop novel and more effective immunotherapeutic approaches
for PDAC.
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Methods
Patient demographics

Primary PDAC surgical resection specimens (n = 235) were provided as formalin-fixed paraffin-
embedded (FFPE) surgical tissue blocks from the archival collections of the Department of Pathology at
Stony Brook University Hospital (n = 54, 23%), Thomas Jefferson University (n = 67, 29%), Cedars Sinai
Medical Center (n =7, 3%) and a national biorepository, the Know Your Tumor program of the Pancreatic
Cancer Action Network (PanCAN/Perthera) (n =107, 45%).

Hematoxylin and eosin-stained sections from each specimen were reviewed to identify the single tissue
block that contained the greatest total surface area of viable carcinoma. Exclusion criteria included
cases where the total surface area of viable tumor was < 1 cm?. Additionally, tumors metastatic to the
pancreas from other anatomic sites were also excluded. Survival and adjuvant therapy data was
obtained from each respective institution’s registry. Case stratification was based on tumor stage,
histologic subtype, and histologic grade. Tumor stage was assigned based on 8th edition American Joint
Committee on Cancer (AJCC) criteria (Amin et al., 2017; Chun et al., 2018) and histopathologic grade
was based on World Health Organization (WHO) criteria (Nagtegaal et al., 2020). Table 1 summarizes the
demographic and clinicopathologic features of all cases.
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Table 1
Patient cohort demographics

Cohort
Total cases included n=235
Overall survival, mean + SD 20.7+17.1
Age at diagnosis, mean + SD 62.9+14.3

Gender, number (%)

Female 109 (46%)
Male 123 (52%)
Unknown 3 (2%)
Histologic Grade (G), number (%)

G1+ G2, Well and Moderately Differentiated 172 (73%)
G3, Poorly Differentiated 63 (27%)
AJCC 8th Edition Pathological Stage, number (%)

I-1IB (Early) 65 (27%)
-1V (Advanced) 165 (70%)
Unknown 5(3%)
Chemotherapy

Neoadjuvant 41 (17%)
No Neoadjuvant 194 (83%)

Histologic Subtypes

Conventional

180 (77%)

Foamy Gland (Adsay et al., 2000) 20 (9%)
Large Duct (Sato et al., 2021) 18 (8%)
Other 17 (6%)
Genetic Mutation Status

KRAS, p53, SMAD4, CDKN2A 90 (38%)

Multiplexed immunohistochemistry (mIHC) was performed on a Discovery Ultra Auto Stainer
(Roche/Ventana, Oro Valley, AZ), using VENTANA reagents according to the manufacturer's instructions.
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Antibodies for CD4 (helper T cells), CD8 (effector T cells), CD16 (pan-macrophage), CD163 (M2
macrophage), pancytokeratin (panCK), and K17 were provided by Roche Diagnostics Corporation through
a sponsored research agreement (RD005216). Multiple chromogens (Red: CD4+, Purple: CD8+, Yellow:
CD16+, CD163-, Green: CD16+, CD163+, Teal: panCK+, and Brown: K17+) were deployed to enable
multispectral imaging of diverse immune cell populations within the cancer microenvironment. Details of
the mIHC protocol are outlined in Supplementary Table 1.

Cell Detection and Classification

The ensemble of ColorAE and U-Net was developed previously'? for the detection and classification of
cells in mIHC images. ColorAE is a deep autoencoder which segments stained objects based on color; U-
Net is a convolutional neural network (CNN) trained to segment cells based on color, texture and shape.
The two methods provide complementary information and are used together to predict K17 and cell
types (Hasan et al., 2022). Each model is trained separately, and predictions from each model are
combined in the inference phase to create multi-class masks. The multiplex segmentation ensemble is
applied on patches of size 580 x 580 pixels extracted from whole slide images (WSls) at 0.346 ym/pixel
resolution. The patches are extracted from tumor bed regions that were manually annotated by
pathologists. Multi-class masks are generated on patches using ColorAE and U-Net as described (Hasan
et al,, 2022).

Dataset and Model Training

The training and validation datasets for the deep learning models were generated from 23 WSIs. Expert
pathologists manually put labeled dots into the vicinity of each cell over 1000x1000-pixel tiles extracted
from these 23 WSiIs. To speed up the manual annotation process, we generated superpixel masks using
simple linear iterative clustering (SLIC) with 6000 segments. SLIC groups pixels into superpixels based
on their color and spatial proximity, using a k-means clustering approach.

Model Validation and Experimental Setup

We carried out a quantitative evaluation of our detection and classification model as previously
described (Hasan et al., 2022). In summary, we obtained the following F1 scores for our ensemble model
- CD4F1=0.92,CD8F1=0.89,CD16 F1=0.77,CD163 F1=0.93,K17+F1=0.98,K17-F1=0.99. An F1
score is a statistical measure used in classification tasks, combining precision and recall into a single
metric by calculating their harmonic mean. We used a dropout rate of 0.3 in the U-Net and the following
color concentration thresholds in the colorAE model: 0.7 for K17-positive, 0.1 for K17-negative, 0.1 for
CD4, 0.1 for CD8, 0.1 for CD16, and 0.1 for CD163. We carried out computation using resources provided
through the National Science Foundation digital cyberinfraestructure eXtreme Science and Engineering
Discovery Environment (XSEDE) (Towns et al., 2014).

Quantification of Tumor-Immune Cell Spatial Relationships

The tumor regions were partitioned into K17-positive and K17-negative zones, leveraging the masks
generated with the ensemble model. Our goal was to compare immune cell density in regions close to
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K17-positive vs K17-negative tumor zones as well as intra-tumoral immune cell densities. First, we
assessed the relative density of stromal immune cells in a range from 25 to 200um of the closest tumor
border (defined as peritumoral immune cells) versus those that are in direct contact with K17-positive vs
K17-negative tumor cells (defined as intratumoral immune cells). As the maximal differences in
peritumoral immune cell counts relative to K17 status were seen at a stromal depth of 25um the analsysi
of all cases included in the study was done only at 25um (Supp. Figure 1). In a conceptual sense, the
approach we took was to associate each immune cell with K17-positive tumor cells when the closest
tumor boundary to the cell was K17-positive and to associate immune cells with K17-negative tumor
when the closest tumor boundary was K17-negative. The analysis described below formalizes this
approach.

A distance transform mapped each pixel to the closest boundary of interest. We only considered stromal
immune cells that are within 25um of the closest tumor boundary; this region was computed using the
distance transform (Fabbri et al., 2008; Strutz, 2021). We then partitioned this tumor-associated stromal
region into K17-positive and K17-negative zones, leveraging the distance transform field of the stromal
area. A stroma pixel was assigned to the K17-positive influence area when the closest tumor boundary
was K17-positive, according to distance transform calculation; otherwise, the pixel was assigned to the
K17-negative influence area. We devise a metric that we named the “Tumor/Stromal Zone Score”,
denoted by A4Sy , calculated by the following equation:

C’ellCountéf/_,

Tumor/StromaZone,,

ZSY =

In the equation, i, represents immune cells (e.g., CD4, CD8, CD16 and CD163), and M represents the
marker of tumor nest boundary (e.g., K17-positive boundary and K17-negative boundary). CellCounté\}
represents the number of immune cells of type i, in either a K17 positive zone or in a K17 negative zone.
The equation represents the approximate count of each immune cell (humerator) normalized by the total
tumor-associated stromal zones (denominator). The estimation of immune cell count is achieved
through a series of steps, commencing with the computation of total pixel numbers specific to distinct
cellular subtypes. Following this, the pixel measurements were converted into square micron area units,
subsequently undergoing normalization based on the average dimensions of immune cells. Notably,
lymphocytes (CD4, CD8) average dimensions were approximated as circles with a diameter of around
8um, while macrophages (CD16, CD163) average dimensions are approximated as circles with a larger
diameter of 16um. This normalization process culminated in the derivation of an estimated count of
immune cells, designated as CellCoun f,(} and represented in the Equation. In addition to calculating
Tumor/Stroma Zone Score, we normalized Tumor/Stromal Zone Score for K17-negative (ZS}?N_) with
respect to Tumor/Stromal Zone Score for K17-positive (ZS}?IH) for visualization and interpretation
purposes, as depicted in multiple figures. Lastly, we performed proof of concept demonstrating that our
observed pattern for Tumor/Stroma zone score for all the WSI is not random. We tested a statistical null
hypothesis by randomly placing simulated immune cells in the tumor microenvironment and observed a
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statistically significant difference between the real and simulated scenarios, as previously reported
(Hasan et al., 2022).

Statistical analysis

Paired t tests were performed to define the difference between peritumoral and intratumoral immune cell
counts in K17 positive and K17 negative regions of each case. Statistical significance was set at p-value
< 0.05, and analysis was done using SAS 9.4 (SAS Institute, Cary, NC, USA) and Graph Pad Prism 7
(Graph Pad Software, La Jolla, CA, USA). All p values were calculated using a two-sided test.

Results

Quantification of Tumor-Immune Cell Spatial Relationships
Model

As the immune system is known to have a crucial role in cancer and play an essential role in eradicating
tumor cells, the characterization of the immune component of the tumor microenvironment (TME) can
provide valuable information regarding the ways in which the host immune response interacts with
cancer cells (Karamitopoulou, 2019). We deployed mIHC and machine-learning tools to quantify T cells
and macrophages in the tumor microenvironment relative to K17 expression by tumor cells across a
broad range of clinically diverse PDAC cases (Supp. Figure 2.

Overall Immune Cell Landscape in PDAC

The immune populations of 235 PDAC patients were processed by mIHC for a panel of myeloid and
lymphoid cell markers encompassing CD8 + T cells, CD4 + T cells, CD16+/CD163- (M1) macrophages
and CD16+/CD163+ (M2) tumor-promoting macrophages. Based on overall cell counts across all cases,
16% of immune cells were CD4 + T cells, 35% were CD8 + T cells, 40% were CD163 + macrophages, and
16% were CD16 + macrophages (respective mean counts 1.04 x 10* /um?2, 3.00 x 10* /pm?, 3.03 x10°%/
um? and 2.44x10%/um?) (Fig. 1a). To determine if the immune microenvironment was correlated with
K17 status and to verify the accuracy of digital score, we confirmed that the K17 status based on a semi-
quantitative manual scoring within a single representative histologic section from each case to K17
scoring based on image analysis of corresponding whole slide digital images (r=0.71, p<0.0001)

(Fig. 1b). We then tested for correlations between the overall digital K17 score derived each tissue
section to the immune cell counts for each case. Sorting patient’s immune densities in ascendant order
of K17 expression revealed no obvious relationships at the macro level between K17 expression and any
immune cell type (Fig. 1c).

Based on the premise that not only the relative abundance of T cells, but also the distribution and spatial
relationship between T-cell subpopulations and cancer cells reflect biological interactions, we next set
out to develop a model to score immune cells in the spatial context of direct interaction, reflected by
immune cells that overlapped or directly contact tumor cells (intratumoral immune cells) versus those
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present within 25pum of the closest tumor cells (peritumoral immune cells), relative to the expression of
K17 (Fig. 1d).

K17 has profound effects on the PDAC immune microenvironment.

Analytic algorithms were developed to count intratumoral and peritumoral immune cells (respectively
those that directly contact tumor cells versus stromal immune cells located within 25pum of the closest
tumor cells, relative to K17 status). Immune cell counts were normalized relative to cell counts in K17-
positive zones and results were ranked in order of increasing immune cell density ratios. In this analysis,
immune cell ratios reflect differences in K17 negative versus K17-positive zones, rather than relative
differences in overall immune cell counts across the entire tumor region.

Cytotoxic T cells target tumor cells that expose tumor-specific antigens in various malignancies,
including pancreatic ductal adenocarcinoma(Carstens et al., 2017; Masugi et al., 2010; Raghavan et al.,
2021) and higher CD8 + T-cell density in tumor is generally associated with prolonged pancreatic cancer
survival (Z. gang Chen et al., 2021; Li et al., 2022; Tsujikawa et al., 2017; B. Yang et al., 2021). Conversely,
K17 has been associated with immune cell response in psoriasis as well as in basal cell skin cancer and
in cervical carcinoma and is a negative prognostic biomarker in PDAC, suggesting that K17 might have
some role in CD8 + T cell exclusion (Xiao et al., 2020; Zhou et al., 2022). Thus, to test for relationships
between K17 expression the tumor inflammatory microenvironment, we analyzed intratumoral and
peritumoral CD8 + T cells, CD4 + T cells, CD16+/CD163- tumor-targeting (M1) macrophages and
CD16+/CD163 + tumor promoting (M2) immune cells ratios across all cases. CD8 + peritumoral T cells
were more numerous in K17-negative areas than in K17 + areas p< 0.0001) in 83% of PDACs (Fig. 2a).
Even more profoundly, intratumoral CD8 + T cell ratios were greater in K17-negative regions than in K17-
positive regions in 93% of PDACs (p=<0.0001) (Fig. 2c). Although the magnitude of the correlation with
K17 was much less than seen for CD8 + T cells, peritumoral CD4 + T ratios were also greater in K17
negative areas for 59% of cases (Fig. 2e) but were increased in K17 + intratumoral areas in 62% of cases

(Fig. 29).

To uncover any relationships between K17 expression and macrophage distribution, we then analyzed
the immune cell density of CD16 + macrophages and CD163 + macrophages across all cases. CD16 +
cells were more abundant in K17 negative versus K17 positive peritumoral areas in 77% of cases (p <
0.0001) (Fig. 2i). Intratumoral CD16 + macrophages were more numerous in K17-negative tumor zones
compared to the K17-negative regions in 62% of cases (p < 0.0001) (Fig. 2k). In peritumoral zones,
CD163 + macrophages were more abundant in K17-negative zones in 66% of cases (p < 0.0001)

(Fig. 2m). Conversely, intratumoral CD163 + macrophages were more numerous in K17-positive zones in
57% of cases (p=<0.0001) (Fig. 20). The relationships between CD16 + and CD163 + macrophages and
K17 expression were independent of other clinicopathologic features, including tumor grade,
pathological stage, treatment history, histologic variant, and mutational status (data not shown

To explore changes in tumor-infiltrating immune cells in PDACs after neoadjuvant immunotherapy we
separate our cohort into two categories, including patients that received gemcitabine-based or 5-FU
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based neoadjuvant treatment (n = 23, 10%) versus those that did not receive any neoadjuvant treatment
before surgery (n =212,90%). CD8 + T cell ratios were consistently greater in K17-negative peritumoral
and intratumor zones, for both no-neoadjuvant and neoadjuvant treatment groups (Fig. 3a-d). These
results suggest that neoadjuvant therapy has minimal impact on CD8 + T cell ratios in K17-negative
versus K17-positive tumor zones.

We next tested for relationships between tumor stage, grade and lymph node status and found that the
inverse correlations between K17 + expression and CD8 + T cells are independent of each of these
tumor-specific clinicopathologic variables (Fig. 4). Furthermore, CD8 + cell counts relative to K17 status
were independent of tumor histologic subtype, including conventional, foamy cell, and large duct PDAC
variants (Supp. Figure 3).

Several studies have reported that TP53 missense mutations lead to reduce the infiltration of cytotoxic
CD8 + T cells and approximately 70% of all PDACs harbor TP53 gene mutations (Maddalena et al., 2021,
McCubrey et al., 2022; M. Pan et al., 2023). Furthermore, wild-type (WT) and mutant variants of p53 can
modulate the antigen presentation machinery and can influence cytokine and chemokine secretion from
the cancer cells, thereby impacting the immune TME (Maddalena et al., 2021). We set out to elucidate
the impact of the 4 most common mutations on the immune TME of PDAC based on the analysis PDACs
from the KYT cohort that had undergone comprehensive genomic sequencing through the Precision
Promise program of the Pancreatic Cancer Action Network (Pishvaian et al., 2018, 2020) (Fig. 5a). We
divided our samples based on their genomic status into WT or Mutant for each gene and we found that
regardless of the mutational landscape, the impact of K17 CD8 + T cell rations within the immune
microenvironment was unchanged (Fig. 5b-q).

Thus, K17 expression correlates with major differences in the immune microenvironment, most notably
through profound exclusion of CD8 + T cells that is independent of clinicopathologic features or tumor
intrinsic variables, treatment history, tumor grade, pathological stage, lymph node status, histologic
variant, and tumor mutational status.

DISCUSSION

Although K17 expression impacts gene expression, cell proliferation, and numerous other hallmarks of
cancer, the impact of K17 on the immune response to PDAC has not previously been explored. In this
study, we found that tumor cell expression of K17 expression impacts the PDAC microenvironment by
shielding tumor cells from CD8 + T cells responses, while recruiting tumor promoting CD163+ (M2)
macrophages, indicating that K17 impacts the immune response as a fundamental hallmark of
aggression in PDAC. This work also provides a platform for image analysis of multiplexed
immunohistochemical protocols that can efficiently analyze the immune composition of the cancer
microenvironment.

PDAC is generally regarded as a “cold tumor” with a low T cell infiltration and low tumor mutation burden
(TMB) with few neoantigens (Ullman et al., 2022). This makes the successful application of
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immunotherapy a very challenging task. High levels of T cell infiltration, however, correlate with improved
outcome in PDAC (Goulart et al., 2021; Kiryu et al., 2021), including CD8 + T Cells (Orhan et al., 2020).
Interestingly, the proximity of CD8 + T cells to tumor cells in the PDAC TME correlates to longer patient
survival (Carstens et al., 2017). Consistent with our previous works which showed that K17 expression in
PDAC is associated with shorter survival (Roa-Pena et al., 2021a; Roa-Pefia et al., 2021b), our current
findings also support the hypothesis that K17 blocks immune cell infiltration, with the most profound
impact being on CD8 + T cells.

A multiparameter analysis of the immune landscape in PDAC revealed heterogeneous expression of
immune checkpoint receptors in individual patients’ T cells and increased markers of CD8 + T cell
dysfunction in the disease stage (Steele et al., 2020). /n vivo studies have also shown that blockade of
IL-1B increased the numbers of tumor-infiltrating lymphocytes and CD8 + T-cell responses. Furthermore,
Wang et al. 2022 studied the role of K17 in cancer metastasis using an immunocompetent mice model
and their results suggest that K17 confers resistance to immunotherapy. One mechanism through which
K17 downregulates T cell infiltration could be through the suppression of CXCL9 production in
macrophages through tumor cell-macrophage interactions. Other in vivo studies, also suggest that K17
expression suppressed T cell infiltration and enhanced neutrophil infiltration in in the tumor
microenvironment of cervical cancers (Wang et al., 2023).

The delicate balance between the populations of CD4 + and CD8 + subsets determines whether the TME
is anti- or pro-tumorigenic (Saka et al., 2020). Notably, regulating the differentiation of naive CD4 + T cells
into Th1, Th2, Th17, Th9, Th22, and Tregs is essential for eliminating immunosuppressive restrictions
from the tumor environment and boosting effector T-cell activity (Huber et al., 2020; Karamitopoulou,
2019; Murakami et al., 2019). It is possible that the disruption of the correct ratio of these cell
populations causes immune evasion in cancer and even the failure of several immune cell targeted
therapies. We hypothesize that most CD4 T cells associated with K17-positive tumor areas are Tregs and
that K17 contributes to PDAC growth by suppressing T cell infiltration. Although the mIHC panel
described in this paper was not designed to identify CD4 T cells subsets, further studies to identify CD4 T
cell subsets and their association with K17 expression in PDACs are ongoing in our lab.

K17 has a wide range of effects on the immune response in different tissues. For example, increased
K17 expression upregulates the expression of multiple proinflammatory cytokines and chemokines,
including IFN-y, IL-22, and CXCL1, and plays an important role in the development of psoriasis. Whereas
in models of head and neck cancer, the knockout of K17 gene expression slowed tumor growth and
increased CD8 + T cell infiltrate in immunocompetent syngeneic C57/BL6 mice compared to parental
MOC2 tumors(Rickman et al., 2008; Wang et al., 2022a). Here, we observed an inverse correlation
between K17 and CD8 + T cells, as reported previously in other skin and allergic disease processes.
Insight into the mechanism that underlie these effects may be inferred from previous studies that have
linked K17 and CD8 + T cells in psoriasis and allergic contact dermatitis (ACD) (Luo et al., 2022; Xiao et
al., 2020). Providing further insight into the mechanisms through which K17 acts in ACD, it was found
that K17 translocates into the nucleus of activated keratinocytes, facilitating activation of STAT3 and
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downstream CCL20 production as well as T cell trafficking. Our lab previously reported that the soluble
form of K17 undergoes nuclear translocation and serves as a nuclear shuttle of p27 (Escobar-Hoyos et
al., 2015). Thus, it is possible that similar mechanisms may have a role in the immune response to PDAC.
M2 macrophages contribute to chronic inflammation, cancer cell stemness, desmoplasia, immune
suppression, and metastasis in PDAC, highlighting their importance in pancreatic cancer (Poh, 2021).
Our observations that CD163+ (M2) macrophages are more numerous in K17-positive intratumoral areas
are consistent with previous studies in colorectal cancer(Xue et al., 2021) and align with work depicting
CD163 CD + T cells as promoter of biologic aggression in pancreatic cancer (J. Yang et al., 2022b).

In conclusion, our data support the hypotheses that K17 shields tumor cells from CD8 + T cells and
recruits tumor promoting CD163 + M2 macrophages, indicating that K17 fundamentally impacts the
immune response to PDAC. These effects are independent of neoadjuvant treatment, clinical pathologic
features, or PDAC mutational status, suggesting that the interactions between K17 and immune cell
responses in cancer are robust and could be important in both early stage and advanced stage disease.
Beyond our exploration of tumor and immune cell interactions that are impacted by K17, the
development of a platform for image analysis of multiplexed immunohistochemical protocols may also
be applicable for the analysis of immune composition for solid tumors of other anatomic sites. Further
studies are still needed to uncover how K17 expression facilitates evasion from immune surveillance,
and to identify new druggable targets, relative to K17 status, that could enhance the efficacy of
immunotherapy for PDAC. Whether K17 could also be used as a biomarker to identify subgroups of
PDAC patients who may benefit from immunotherapy or could be therapeutically targeted to restore the
efficacy of the innate immune response against PDAC should also be subjects of future research.

Conclusions

K17 expression shields tumor cells from CD8 + T cells and recruits tumor promoting CD163 + M2
macrophages, indicating that K17 fundamentally impacts the immune response to PDAC. These effects
are independent of neoadjuvant treatment, clinical pathologic features, or PDAC mutational status,
suggesting that the interactions between K17 and immune cell responses in cancer are robust and could
be important in both early stage and advanced stage disease. Therefore, targeting K17-mediated
immune effects on the immune system could potentially restore the innate immunologic response to
PDAC and might provide novel immunotherapeutic approaches for this devastating disease.

Abbreviations
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ACD Allergic contact dermatitis

AJCC American Joint Committee on Cancer

CITI Collaborative Institutional Training Initiative
CNN Convolutional neural network

FFPE Formalin-fixed paraffin-embedded

IRB Institutional Review Board

K17 Keratin 17

mIHC Multiplexed immunohistochemistry

PanCAN  Pancreatic Cancer Action Network
panCK Pancytokeratin

PDAC Pancreatic ductal adenocarcinoma
ROI Region of interest

SCRNA Single-cell RNA

SLIC Simple linear iterative clustering
TMB Tumor mutation burden

TME Tumor microenvironment

WHO World Health Organization

WSI Whole slide image

WT Wild type

XSEDE eXtreme Science and Engineering Discovery Environment

Declarations

Ethics approval and consent to participate\

All studies were performed in accordance with guidelines and regulations of the Stony Brook Medicine
Institutional Review Board (IRB) protocol 94651-36 and University of Massachusetts IRB protocol
HO00015796. Patient written consent was waived by the IRB of both institutional IRBs because the
research was restricted to the analysis of de-identified remnant waste surgical pathology specimens that
were provided by each institution.

Consent for publication

Not applicable

Page 14/26



Availability of data and materials

The datasets generated and/or analyzed during the current study are not publicly available due to IRB
regulations but are available from the corresponding author on reasonable request. All required pipelines
for digital image processing and related computational manuals are available at https://github.com/SBU-
BMI/shroyer_lab_workflow to expand biomarker-based discovery and deployment in oncoimmunology
research and improved ability to stratify and monitor patients receiving diverse immune based
therapeutics.

Competing interests

KRS and LEH are consultants to KDx Diagnostics Inc. EB is an employee of Perthera and owns stock in
the company. EFP has received compensation as an officer of Perthera, Inc. and owns stock in the
company. He has also consulted for Theralink Technologies, Inc. and received compensation as Chair of
their Science Advisory Board and owns stock in the company. Other authors report no competing
interests with the current study.

Funding

This work was supported by academic enrichment funds of the Department of Pathology at the
Renaissance School of Medicine, the Marvin Kuschner endowed professorship (KRS) of Stony Brook
University, the Pancreatic Cancer Action Network, and Perthera Inc. KRS and LEH were supported by a
Pancreatic Cancer Action Network American Association for Cancer Research Acceleration Network
Grant (18-65-SHRO). LEH is supported by NCI R01CA274355-01, DP2CA280625-01, RO0 CA226342-01,
the William Raveis Charitable Fund / Rachleff Innovator of the Damon Runyon Cancer Research
Foundation, the Pew-Stewart Cancer Research Scholars, the AACR Career Development Award to Further
Diversity, Equity, and Inclusion in Pancreatic Cancer Research, and the Dr. Ralph and Marian Falk Medical
Research Trust, Bank of America, Private Bank. JS is supported by the NCI SUH3CA225021, NCI
U24CA215109, the Stony Brook University Provost’'s ProFund and generous donor support from Bob
Beals and Betsy Barton.

Authors' contributions

Luisa F. Escobar-Hoyos, Kenneth R. Shroyer and Joel Saltz contributed equally to this work and are
regarded as co-principal investigators.

Study concept and design: L.F.E.-H., K.R.S. C.V.L.; development of methodology: L.R.-P, L.F.E.-H.,K.R.S.
J.S. C.C.; acquisition of data: (managed patient samples): L.R.-P, L.A.D.-C..S.B.,D.F, FD.A., J.0. M.H., J -
D.K.B.,LM.M,EM.B., EFP,WJ,B.L,AH,SA,D.S, TK,;analysis and interpretation of data: L. A.D.-C.,
M.H.L.R-P, S.B., M.T.G,, L.EE.-H., K.R.S. N.M.; writing, editing/review, and intellectual content of the
manuscript: L A.D-C., M.H.L.R-P, C.V.L, S.B., L.FE-H., K.R.S ; study supervision: L.F.E.-H., K.R.S. All
authors have read and approved the final manuscript.

Page 15/26



Acknowledgements

The authors thank the Stony Brook Cancer Center Biorepository, Cedars-Sinai Medical Center, Thomas
Jefferson University and PanCAN-Perthera for providing access to tissue specimens, Michael Kearney
and Peter Stavros of Artists in Medicine from Stony Brook University for creating illustrations. Daniel
Christensen, Brendon Wummer, John Wiliamson, Noah Allanoff, Charles Yeo, Harish Lavu, and Wilbur
Bowne from Thomas Jefferson University, and Veronica Placencio-Hickok and Natalie Moshayedi from
Cedars-Sinai Medical Center provided clinical data, including demographics and treatment history. The
authors wish to thank Richard Kew form Stony Brook Medicine Biobank for procuring access to tissue
samples: Jason Harper and Xin Yao Zheng from Stony Brook University for collaborating in data analysis.

References

1.

Adsay, V., Logani, S., Sarkar, F,, Crissman, J., & Vaitkevicius, V. (2000). Foamy gland pattern of
pancreatic ductal adenocarcinoma: a deceptively benign-appearing variant. Am J Surg Pathol, 24(4),
493-504. https://doi.org/10.1097/00000478-200004000-00003

. Amin, M. B., Greene, F. L., Edge, S. B., Compton, C. C., Gershenwald, J. E., Brookland, R. K., Meyer, L.,

Gress, D. M., Byrd, D. R., & Winchester, D. P. (2017). The Eighth Edition AJCC Cancer Staging Manual:
Continuing to build a bridge from a population-based to a more “personalized” approach to cancer
staging. CA: A Cancer Journal for Clinicians, 67(2), 93-99. https://doi.org/10.3322/CAAC.21388

. Baraks, G., Tseng, R., Pan, C. H., Kasliwal, S., Leiton, C. V, Shroyer, K. R., & Escobar-Hoyos, L. F. (2022).

Dissecting the Oncogenic Roles of Keratin 17 in the Hallmarks of Cancer. Cancer Res, 82(7), 1159-
1166. https://doi.org/10.1158/0008-5472.CAN-21-2522

. Carstens, J. L., De Sampaio, P. C., Yang, D, Barua, S., Wang, H., Rao, A, Allison, J. P, Le Bleu, V. S., &

Kalluri, R. (2017). Spatial computation of intratumoral T cells correlates with survival of patients with
pancreatic cancer. Nature Communications 2017 8:1, 8(1), 1-13.
https://doi.org/10.1038/ncomms15095

. Cerami, E., Gao, J., Dogrusoz, U., Gross, B. E., Sumer, S. 0., Aksoy, B. A., Jacobsen, A., Byrne, C. J.,

Heuer, M. L., Larsson, E., Antipin, Y., Reva, B., Goldberg, A. P, Sander, C., & Schultz, N. (2012). The
cBio cancer genomics portal: an open platform for exploring multidimensional cancer genomics
data. Cancer Discovery, 2(5), 401-404. https://doi.org/10.1158/2159-8290.CD-12-0095

. Chen, Y., Chen, D., Wang, Q., Xu, Y., Huang, X., Haglund, F,, & Su, H. (2022). Immunological

Classification of Pancreatic Carcinomas to Identify Immune Index and Provide a Strategy for Patient
Stratification. Frontiers in Immunology, 12, 719105.
https://doi.org/10.3389/FIMMU.2021.719105/FULL

. Chen, Z. gang, Wang, Y., Fong, W. P, Hu, M. tao, Liang, J. ying, Wang, L., & Li, Y. hong. (2021). A

quantitative score of immune cell infiltration predicts the prognosis in pancreatic ductal
adenocarcinoma. International Immunopharmacology, 98, 107890.
https://doi.org/10.1016/J.INTIMP.2021.107890

Page 16/26



10.

11.

12.

13.

14.

15.

16.

17.

18.

.Chun, Y. S, Pawlik, T. M., & Vauthey, J. N. (2018). 8th Edition of the AJCC Cancer Staging Manual:

Pancreas and Hepatobiliary Cancers. Annals of Surgical Oncology, 25(4), 845-847.
https://doi.org/10.1245/S10434-017-6025-X

. de Bruijn, I., Kundra, R., Mastrogiacomo, B., Tran, T. N., Sikina, L., Mazor, T, Li, X., Ochoa, A., Zhao, G.,

Lai, B., Abeshouse, A., Baiceanu, D., Ciftci, E., Dogrusoz, U., Dufilie, A., Erkoc, Z., Lara, E. G, Fu, Z.,
Gross, B., ... Schultz, N. (2023). Analysis and Visualization of Longitudinal Genomic and Clinical Data
from the AACR Project GENIE Biopharma Collaborative in cBioPortal. Cancer Research, 83(23),
3861-3867. https://doi.org/10.1158/0008-5472.CAN-23-0816

de Santiago, I., Yau, C., Heij, L., Middleton, M. R., Markowetz, F., Grabsch, H. I, Dustin, M. L., &
Sivakumar, S. (2019). Immunophenotypes of pancreatic ductal adenocarcinoma: Meta-analysis of
transcriptional subtypes. International Journal of Cancer, 145(4), 1125.
https://doi.org/10.1002/1JC.32186

Depianto, D., Kerns, M. L., Dlugosz, A. A., & Coulombe, P. A. (2010). Keratin 17 promotes epithelial
proliferation and tumor growth by polarizing the immune response in skin. Nature Genetics 2010
42:10, 42(10), 910-914. https://doi.org/10.1038/ng.665

Escobar-Hoyos, L. F, Shah, R., Roa-Pefia, L., Vanner, E. A., Najafian, N., Banach, A, Nielsen, E., Al-
Khalil, R., Akalin, A., Talmage, D., & Shroyer, K. R. (2015). Keratin-17 promotes p27KIP1 nuclear export
and degradation and offers potential prognostic utility. Cancer Research, 75(17), 3650-3662.
https://doi.org/10.1158/0008-5472.CAN-15-0293

Fabbri, R., Da F. Costa, L., Torelli, J. C., & Bruno, O. M. (2008). 2D Euclidean distance transform
algorithms. ACM Computing Surveys (CSUR), 40(1). https://doi.org/10.1145/1322432.1322434

Gao, J., Aksoy, B. A, Dogrusoz, U., Dresdner, G., Gross, B., Sumer, S. 0., Sun, Y., Jacobsen, A., Sinha,
R., Larsson, E., Cerami, E., Sander, C., & Schultz, N. (2013). Integrative analysis of complex cancer
genomics and clinical profiles using the cBioPortal. Science Signaling, 6(269).
https://doi.org/10.1126/SCISIGNAL.2004088

Goulart, M. R, Stasinos, K., Fincham, R. E. A, Delvecchio, F. R., & Kocher, H. M. (2021). T cells in
pancreatic cancer stroma. World Journal of Gastroenterology, 27(46), 7956.
https://doi.org/10.3748/WJG.V27.146.7956

Hasan, M., Kaczmarzyk, J. R., Paredes, D., Oblein, L., Oentoro, J., Abousamra, S., Horowitz, M.,
Samaras, D., Chen, C., Kurc, T,, Shroyer, K. R., & Saltz, J. (2022). A Novel Framework for
Characterization of Tumor-Immune Spatial Relationships in Tumor Microenvironment.
https://arxiv.org/abs/2204.12283v3

Huber, M., Brehm, C. U., Gress, T. M., Buchholz, M., Alhamwe, B. A., von Strandmann, E. P, Slater, E. P,
Bartsch, J. W., Bauer, C., & Lauth, M. (2020). The Immune Microenvironment in Pancreatic Cancer.
International Journal of Molecular Sciences, 21(19), 1-33. https://doi.org/10.3390/1JMS21197307
Karamitopoulou, E. (2019). Tumour microenvironment of pancreatic cancer: immune landscape is
dictated by molecular and histopathological features. British Journal of Cancer 2019 121:1, 121(1),
5-14. https://doi.org/10.1038/s41416-019-0479-5

Page 17/26



19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Kiryu, S., Ito, Z., Suka, M., Bito, T, Kan, S., Uchiyama, K., Saruta, M., Hata, T,, Takano, Y., Fujioka, S.,
Misawa, T., Yamauchi, T., Yanagisawa, H., Sato, N., Ohkusa, T., Sugiyama, H., & Koido, S. (2021).
Prognostic value of immune factors in the tumor microenvironment of patients with pancreatic
ductal adenocarcinoma. BMC Cancer, 21(1). https://doi.org/10.1186/S12885-021-08911-4

Li, A., Ye, B, Lin, F, Wang, Y., Miao, X., & Jiang, Y. (2022). A novel immunogenomic signature to
predict prognosis and reveal immune infiltration characteristics in pancreatic ductal
adenocarcinoma. Precision Clinical Medicine, 5(2). https://doi.org/10.1093/PCMEDI/PBAC010

Luo, Y., Zhu, Z., Li, B., Bai, X., Fang, H., Qiao, P, Chen, J., Zhang, C., Zhi, D., Dang, E., & Wang, G. (2022).
Keratin 17 Promotes T Cell Response in Allergic Contact Dermatitis by Upregulating C—C Motif
Chemokine Ligand 20. Frontiers in Immunology, 13, 764793.
https://doi.org/10.3389/FIMMU.2022.764793/BIBTEX

Maddalena, M., Mallel, G., Nataraj, N. B., Shreberk-Shaked, M., Hassin, O., Mukherjee, S., Arandkar, S.,
Rotkopf, R., Kapsack, A., Lambiase, G., Pellegrino, B., Ben-lsaac, E., Golani, O., Addadi, Y., Hajaj, E.,
Eilam, R, Straussman, R, Yarden, Y., Lotem, M., & Oren, M. (2021). TP53 missense mutations in
PDAC are associated with enhanced fibrosis and an immunosuppressive microenvironment.
Proceedings of the National Academy of Sciences of the United States of America, 118(23),
€2025631118.
https://doi.org/10.1073/PNAS.2025631118/SUPPL_FILE/PNAS.2025631118.SD02.CSV

Masugi, Y., Yamazaki, K., Hibi, T., Aiura, K., Kitagawa, Y., & Sakamoto, M. (2010). Solitary cell
infiltration is a novel indicator of poor prognosis and epithelial-mesenchymal transition in pancreatic
cancer. Hum Pathol, 41(8), 1061-1068. https://doi.org/10.1016/j.humpath.2010.01.016

McCubrey, J. A, Yang, L. V,, Abrams, S. L., Steelman, L. S., Follo, M. Y., Cocco, L., Ratti, S., Martelli, A.
M., Augello, G., & Cervello, M. (2022). Effects of TP53 Mutations and miRs on Immune Responses in
the Tumor Microenvironment Important in Pancreatic Cancer Progression. Cells, 11(14).
https://doi.org/10.3390/CELLS11142155

Muller, M., Haghnejad, V., Schaefer, M., Gauchotte, G., Caron, B., Peyrin-Biroulet, L., Bronowicki, J. P,
Neuzillet, C., & Lopez, A. (2022). The Immune Landscape of Human Pancreatic Ductal Carcinoma:
Key Players, Clinical Implications, and Challenges. Cancers, 14(4).
https://doi.org/10.3390/CANCERS 14040995

Murakami, T., Hiroshima, Y., Matsuyama, R., Homma, Y., Hoffman, R. M., & Endo, I. (2019). Role of the
tumor microenvironment in pancreatic cancer. In Annals of Gastroenterological Surgery (Vol. 3,
Issue 2, pp. 130-137). Wiley-Blackwell Publishing Ltd. https://doi.org/10.1002/ags3.12225
Nagtegaal, I. D., Odze, R. D., Klimstra, D., Paradis, V., Rugge, M., Schirmacher, P., Washington, K. M.,
Carneiro, F,, Cree, |. A., & Board, W. H. O. C. of T. E. (2020). The 2019 WHO classification of tumours
of the digestive system. Histopathology, 76(2), 182-188. https://doi.org/10.1111/his.13975

Oblein, L., Roa-Pefa, L., Babu, S., Horowitz, M., Petricoin, E., Matrisian, L. M., Blais, E., Marchenko, N.,
Allard, F. D., Akalin, A., Jiang, W., Larson, B., Hendifar, A., Picozzi, V. J., Choi, M., Shroyer, K. R., &

Page 18/26



29.

30.

31.

32.

33.

34.

35.

36.

Escobar-Hoyos, L. (n.d.). Keratin 17 as a Predictor of Chemotherapy Response in Pancreatic Ductal
Adenocarcinoma. https://doi.org/10.2139/SSRN.4550616

Orhan, A, Vogelsang, R. P, Andersen, M. B., Madsen, M. T,, Holmich, E. R., Raskov, H., & Gogenur, I.
(2020). The prognostic value of tumour-infiltrating lymphocytes in pancreatic cancer: a systematic
review and meta-analysis. European Journal of Cancer (Oxford, England: 1990), 132, 71-84.
https://doi.org/10.1016/J.EJCA.2020.03.013

Pan, C.-H., Chaika, N. V,, Tseng, R., Siraj, M. A,, Chen, B., Donnelly, K. L., Horowitz, M., Leiton, C. V.,
Chowdhury, S., Roa-Pefia, L., Oblein, L., Marchenko, N., Singh, P. K., Shroyer, K. R., & Escobar-Hoyos, L.
F. (2022). Targeting keratin 17-mediated reprogramming of de novo pyrimidine biosynthesis to
overcome chemoresistance in pancreatic cancer. BioRxiv, 73104(631), 2022.08.24.504873.
https://doi.org/10.1101/2022.08.24.504873

Pan, C.-H., Tseng, R., Donnelly, K., Leiton, C. V., Hogg, S. J., Marchenko, N., Singh, P. K., Shroyer, K. R,,
& Escobar-Hoyos, L. F. (2022). Targeting Keratin 17 in Pancreatic Cancer: A Novel Rewired Pathway
of Nucleotide Metabolism that Drives Chemoresistance. The FASEB Journal, 36(S1).
https://doi.org/10.1096/FASEBJ.2022.36.S1.R3889

Pan, M., Jiang, C., Zhang, Z., Achacoso, N., Alexeeff, S, Solorzano, A. V., Tse, P, Chung, E.,
Sundaresan, T., Suga, J. M., Thomas, S., & Habel, L. A. (2023). TP53 Gain-of-Function and Non-Gain-
of-Function Mutations Are Associated With Differential Prognosis in Advanced Pancreatic Ductal
Adenocarcinoma. Https.//Doi.Org/10.1200/P0.22.00570, 7. https://doi.org/10.1200/P0.22.00570

Pishvaian, M. J., Bender, R. J., Halverson, D., Rahib, L., Hendifar, A. E., Mikhail, S., Chung, V., Picozzi, V.
J., Sohal, D, Blais, E. M., Mason, K., Lyons, E. E., Matrisian, L. M., Brody, J. R., Madhavan, S., &
Petricoin, E. F. (2018). Molecular profiling of patients with pancreatic cancer: Initial results from the
know your tumor initiative. Clinical Cancer Research, 24(20), 5018-5027.
https://doi.org/10.1158/1078-0432.CCR-18-0531/72973/AM/MOLECULAR-PROFILING-OF-
PANCREATIC-CANCER-PATIENTS

Pishvaian, M. J., Blais, E. M., Brody, J. R., Lyons, E., DeArbeloa, P, Hendifar, A., Mikhail, S., Chung, V.,
Sahai, V,, Sohal, D. P. S., Bellakbira, S., Thach, D., Rahib, L., Madhavan, S., Matrisian, L. M., & Petricoin,
E. F. (2020). Overall survival in patients with pancreatic cancer receiving matched therapies
following molecular profiling: a retrospective analysis of the Know Your Tumor registry trial. The
Lancet Oncology, 21(4), 508-518. https://doi.org/10.1016/S1470-2045(20)30074-7

Pyo, J. S., Son, B. K, Lee, H. Y, Oh, I. H., & Chung, K. H. (2021). Prognostic Implications of
Intratumoral and Peritumoral Infiltrating Lymphocytes in Pancreatic Ductal Adenocarcinoma. Current
Oncology (Toronto, Ont.), 28(6), 4367—4376. https://doi.org/10.3390/CURRONCOL28060371
Raghavan, S., Winter, P. S., Navia, A. W., Williams, H. L., DenAdel, A., Lowder, K. E., Galvez-Reyes, J.,
Kalekar, R. L., Mulugeta, N., Kapner, K. S., Raghavan, M. S, Borah, A. A,, Liu, N., Vayrynen, S. A,, Costa,
A.D. Ng,R. W. S, Wang, J., Hill, E. K., Ragon, D. Y., ... Shalek, A. K. (2021). Microenvironment drives
cell state, plasticity, and drug response in pancreatic cancer. Cell, 184(25), 6119-6137 €26.
https://doi.org/10.1016/j.cell.2021.11.017

Page 19/26



37.

38.

39.

40.

41.

42.

43,
44,

45.

46.

47.

Rickman, D. S., Millon, R., De Reynies, A., Thomas, E., Wasylyk, C., Muller, D., Abecassis, J., & Wasylyk,
B. (2008). Prediction of future metastasis and molecular characterization of head and neck
squamous-cell carcinoma based on transcriptome and genome analysis by microarrays. Oncogene,
27(51), 6607-6622. https://doi.org/10.1038/0nc.2008.251

Roa-Pefia, L., Babu, S., Leiton, C. V., Wu, M., Taboada, S., Akalin, A., Buscaglia, J., Escobar-Hoyos, L. F,,
& Shroyer, K. R. (2021). Keratin 17 testing in pancreatic cancer needle aspiration biopsies predicts
survival. Cancer Cytopathology, 129(11), 865-873. https://doi.org/10.1002/CNCY.22438

Roa-Pena, L., Leiton, C. V, Babu, S., Pan, C. H., Vanner, E. A, Akalin, A., Bandovic, J., Moffitt, R. A.,
Shroyer, K. R., & Escobar-Hoyos, L. F. (2019). Keratin 17 identifies the most lethal molecular subtype
of pancreatic cancer. Sci Rep, 9(1), 11239. https://doi.org/10.1038/s41598-019-47519-4

Saka, D., Gokalp, M., Piyade, B., Cevik, N. C., Sever, E. A,, Unutmaz, D., Ceyhan, G. O., Demir, |. E., &
Asimgil, H. (2020). Mechanisms of T-Cell Exhaustion in Pancreatic Cancer. Cancers 2020, Vol. 12,
Page 2274, 12(8), 2274. https://doi.org/10.3390/CANCERS12082274

Sato, H., Liss, A. S., & Mizukami, Y. (2021). Large-duct pattern invasive adenocarcinoma of the
pancreas-a variant mimicking pancreatic cystic neoplasms: A minireview. World J Gastroenterol,
27(23), 3262-3278. https://doi.org/10.3748/wjg.v27.i23.3262

Steele, N. G, Carpenter, E. S., Kemp, S. B,, Sirihorachai, V. R., The, S., Delrosario, L., Lazarus, J., Amir,
E. ad D., Gunchick, V., Espinoza, C., Bell, S., Harris, L., Lima, F,, Irizarry-Negron, V., Paglia, D., Macchia,
J., Chu, A. K. Y, Schofield, H., Wamsteker, E. J., ... Pasca di Magliano, M. (2020). Multimodal Mapping
of the Tumor and Peripheral Blood Immune Landscape in Human Pancreatic Cancer. Nature Cancer,
7(11), 1097-1112. https://doi.org/10.1038/S43018-020-00121-4

Strutz, T. (2021). The Distance Transform and its Computation. https://arxiv.org/abs/2106.03503v2

Towns, J., Cockerill, T., Dahan, M., Foster, I., Gaither, K., Grimshaw, A., Hazlewood, V., Lathrop, S.,
Lifka, D., Peterson, G. D., Roskies, R., Scott, J. R., & Wilkens-Diehr, N. (2014). XSEDE: Accelerating
scientific discovery. Computing in Science and Engineering, 16(5), 62-74.
https://doi.org/10.1109/MCSE.2014.80

Tsujikawa, T., Kumar, S., Borkar, R. N., Azimi, V., Thibault, G., Chang, Y. H., Balter, A., Kawashima, R.,
Choe, G., Sauer, D,, El Rassi, E., Clayburgh, D. R., Kulesz-Martin, M. F, Lutz, E. R, Zheng, L., Jaffee, E.
M., Leyshock, P, Margolin, A. A., Mori, M., ... Coussens, L. M. (2017). Quantitative Multiplex
Immunohistochemistry Reveals Myeloid-Inflamed Tumor-lImmune Complexity Associated with Poor
Prognosis. Cell Reports, 19(1), 203-217. https://doi.org/10.1016/j.celrep.2017.03.037

Uliman, N. A,, Burchard, P. R,, Dunne, R. F,, & Linehan, D. C. (2022). Immunologic Strategies in
Pancreatic Cancer: Making Cold Tumors Hot. Journal of Clinical Oncology, 40(24), 2789.
https://doi.org/10.1200/JC0.21.02616

Wang, W., Lozar, T,, Golfinos, A. E., Lee, D., Gronski, E., Ward-Shaw, E., Hayes, M., Bruce, J. Y., Kimple,
R. J., Hu, R,, Harari, P. M., Xu, J., Keske, A, Sondel, P. M., Fitzpatrick, M. B., Dinh, H. Q., & Lambert, P. F.
(2022b). Stress Keratin 17 Expression in Head and Neck Cancer Contributes to Immune Evasion and
Resistance to Immune-Checkpoint Blockade. Clinical Cancer Research : An Official Journal of the

Page 20/26



American Association for Cancer Research, 28(13), 2953-2968. https://doi.org/10.1158/1078-
0432.CCR-21-3039

48. Wang, W., Spurgeon, M. E., Pope, A., McGregor, S., Ward-Shaw, E., Gronski, E., & Lambert, P. F. (2023).
Stress keratin 17 and estrogen support viral persistence and modulate the immune environment
during cervicovaginal murine papillomavirus infection. Proceedings of the National Academy of
Sciences of the United States of America, 120(12), e2214225120.
https://doi.org/10.1073/PNAS.2214225120/SUPPL_FILE/PNAS.2214225120.SAPP.PDF

49. Wang, W., Uberoi, A., Spurgeon, M., Gronski, E., Majerciak, V., Lobanoy, A., Hayes, M., Loke, A., Zheng,
Z. M., & Lambert, P. F. (2020). Stress keratin 17 enhances papillomavirus infection-induced disease
by downregulating T cell recruitment. PLOS Pathogens, 16(1), €1008206.
https://doi.org/10.1371/JOURNAL.PPAT.1008206

50. Xiao, C. Y., Zhu, Z. L., Zhang, C., Fu, M., Qiao, H. J., Wang, G., & Dang, E. Le. (2020). Small interfering
RNA targeting of keratin 17 reduces inflammation in imiquimod-induced psoriasis-like dermatitis.
Chinese Medical Journal, 133(24), 2910-2918. https://doi.org/10.1097/CM9.0000000000001197

51. Xue, T, Yan, K., Cai, Y., Sun, J., Chen, Z., Chen, X., & Wu, W. (2021). Prognostic significance of CD163+
tumor-associated macrophages in colorectal cancer. World Journal of Surgical Oncology, 19(1).
https://doi.org/10.1186/S12957-021-02299-Y

52.Yang, B., Zhou, M., Wy, Y., Ma, Y., Tan, Q., Yuan, W., & Ma, J. (2021). The Impact of Immune
Microenvironment on the Prognosis of Pancreatic Ductal Adenocarcinoma Based on Multi-Omics
Analysis. Frontiers in Immunology, 12, 769047.
https://doi.org/10.3389/FIMMU.2021.769047/BIBTEX

53.Yang, J,, Zhang, Q., Wang, J., Lou, Y., Hong, Z., Wei, S., Sun, K., Wang, J., Chen, Y., Sheng, J., Su, W,,
Bai, X., & Liang, T. (2022a). Dynamic profiling of immune microenvironment during pancreatic cancer
development suggests early intervention and combination strategy of immunotherapy.
EBioMedicine, 78, 103958. https://doi.org/10.1016/j.ebiom.2022.103958

54. Zhou, X., Chen, Y., Cui, L., Shi, Y., & Guo, C. (2022). Advances in the pathogenesis of psoriasis: from
keratinocyte perspective. Cell Death & Disease 2022 13:1, 13(1), 1-183.
https://doi.org/10.1038/s41419-022-04523-3

Figures

Page 21/26



Q
o
(1]

M Total CD4

&~ 1000000 ®E Total CD8 100
E Total CD16 -
E m Total CD163 r
] - Digital K17 Score i
100 3 (£
B CD4 16% o r=0.71 = - £ a
= GD16 0% £75 hm20.0001 e H =
= =<0. P
m CDi6340% T ° . g o ” 3
~ 50 -] - H o
= Twie st e s 8 25 &
E e i - g
225 by E
= 10
0 25 50 75 100 1 26 51 7 101 126 151 176 201 226
Digital K17 Score Cases in ascendent order of Digital K17 Score

Intratumoral Cell
Detection

Peritumoral Cell
Detection

<> PanCK+(K17- tumor) - Tea
. KA7+ (K17+ tumor) — Brown
- CD3 (T cell, total) - Red
@ CD4(helper T) - Black
@R CD8(cytotoxic T) - Purple
= CD163(M2 macrophage) -
= CD16 (macrophage, total) —

@ 25x25 pm associated tumor area

Figure 1

Analysis of Keratin 17 relative to the PDAC immune microenvironment. a. Overall fraction of immune cell
types averaged across all cases (n=235). b. Spearman correlation between manual and digital K17
scoring across entire tumor sections. ¢. Overall immune cells stacked bar plot including CD4+ T cells,
CD8+ T cells, CD16+ macrophage, and CD163+ macrophage density (cells/mm?). The right Y-axis
depicts the overall K17 score within each tumor. d. Development of a digital scoring system focused on
spatial relationships between peritumoral and intratumoral immune cells and K17. Intratumoral zones
were defined as those that directly contacted a tumor cell while peritumoral zones included only immune
cells within 25um of the closest tumor cell boundary.
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Figure 2

K17 impacts intratumoral and peritumoral T cells and macrophages. a-h. T cell counts in peritumoral and
intratumoral K17-positive and K17-negative regions. a. Peritumoral CD8+ T cells. ¢. Intratumoral CD8+ T
cells. e. Peritumoral CD4+ T cells. g. Intratumoral CD4+ T cells. i-p. Macrophage counts in peritumoral
and intratumoral K17-negative regions relative to K17-positive regions. i. Peritumoral CD16+
macrophages; k. Intratumoral CD16+ macrophages; m. Peritumoral CD163+ macrophages; o.
Intratumoral CD163+ macrophages. K17 expression profoundly excludes intratumor CD8+ T cells and to
a lesser extent, peritumoral CD8+ T cells, CD16+ and CD163+ macrophages as noted by bargraph
distribution (p<0.0001). Representative mIHC images for each panel highlight intratumor and peritumor
b,d. CD8+ T cells (purple); f, h. CD4+ T cells (red); j, . CD16+ macrophages (yellow) and; n, p. CD163+
macrophages (green) relative to K17-positive tumor cells (brown) and K17-negative tumor cells (teal).
Note that immune cell ratios are normalized to counts in K17-positive zones and relative height of the
bars reflects the magnitude of differences between ratios in K17-negative versus K17-positive zones, not
relative differences in overall immune cell counts.
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The impact of K17 on CD8+ T Cells is independent of neoadjuvant therapy. a-b. Peritumoral and

intratumoral CD8+ T cell density ratios in cases that did not receive neoadjuvant treatment and, c-
d.Cases treated with neoadjuvant treatment.
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Figure 4

The impact of K17 on CD8+ T cells is independent of PDAC stage, grade, and lymph node status.
Immune cell ratios in peritumoral and intratumoral K17-negative regions relative to K17-positive regions,
ordered based on the density of immune cells in K17-positive zones. The inverse correlation between
K17 expression and CD8+ peritumor and intratumoral T cells is independent of a-d. Stage, e-h. Tumor
grade, and i-l. Lymph node status.
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CD8+ T cells are increased in K17-negative regions, regardless of mutation status. Immune cell ratios in
peritumoral and intratumoral K17-negative regions relative to K17-positive regions and mutational status
of KRAS, p53, SMAD4, and CDKN2A. a. OncoPrint (Cerami et al., 2012; de Bruijn et al., 2023; Gao et al.,
2013) depicting the most frequently mutated genes in the KYT cohort. b-q. Wild type versus mutant
KRAS, p53, SMAD4, and CDKN2A.
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