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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 computa-
tional 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 inde-
pendent 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.
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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-fluoro-
uracil based chemotherapy, but because it generally does
not respond to immune checkpoint inhibitors and is min-
imally impacted by intrinsic anti-tumor immune mecha-
nisms [31]. Although immune evasion is a key hallmark
of malignancy, impacting cancer initiation and progres-
sion, 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 sepa-
rate categories through transcriptomics, proteomic anal-
ysis, gene signatures or immunological status using bulk
RNA-Seq, immunohistochemical, and single-cell RNA
(scRNA) approaches [9, 13, 64]. 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 pheno-
types, 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 histo-
logical subtype stratification with the tumoral microen-
vironment 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 bio-
marker of the most aggressive (basal) molecular subtype
of PDAC [35, 37, 38, 46, 47]. K17 expression also impacts
the immune response in several cancer types, including
basal cell carcinoma, head and neck cancer [14, 57, 58],
and cervical squamous cell carcinoma [5]. At a mechanis-
tic level, K17 has also been reported to impact the patho-
genesis of cervical squamous cell carcinoma, at least
in part via immunomodulatory mechanisms [59] 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 stratifi-
cation schemes into a novel classification of pancreatic
cancer, based on robust and clinically deployable bio-
markers to predict survival and to rationalize thera-
peutic 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 infiltra-
tion [43]. Since successful immunotherapy is dependent
on the infiltration into the tumor of sufficient effector
cells, including CD8+ T cells and tumor-associated mac-
rophages, we aimed to characterize the PDAC immune
microenvironment relative to K17 expression by focus-
ing 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 immunomodula-
tory 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.

Methods

Patient demographics

Primary PDAC surgical resection specimens (n=235)
were provided as formalin-fixed paraffin-embedded
(FFPE) surgical tissue blocks from the archival collec-
tions of the Department of Pathology at Stony Brook
University Hospital (n=54, 23%), Thomas Jefferson Uni-
versity (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 (Pan-
CAN/Perthera) (n=107, 45%).

Hematoxylin and eosin-stained sections from each
specimen were reviewed to identify the single tis-
sue 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 respec-
tive institution’s registry. Case stratification was based
on tumor stage, histologic subtype, and histologic grade.
Tumor stage was assigned based on 8th edition Ameri-
can Joint Committee on Cancer (AJCC) criteria [3, 11]
and histopathologic grade was based on World Health
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Organization (WHO) criteria [33]. Table 1 summa-
rizes the demographic and clinicopathologic features
of all cases. Missense mutations, copy number altera-
tions (CNA), truncations, splicing events, and fusions
of KRAS, p53, SMAD4, and CDKN2A were tested for
potential correlation to CD4+, CD8+, CD16+, and
CD163+ immune cell infiltrates. Missense mutations
were classified as tolerant versus deleterious using the
Sorting Intolerant From Tolerant (SIFT) tool, which pre-
dicts the impact of single amino acid substitutions [34].

miIHC

Multiplexed immunohistochemistry (mIHC) was per-
formed on 5 pm formalin-fixed paraffin-embedded tis-
sues using a Discovery Ultra Automated Slide Staining
System (Roche, Oro Valley, AZ). Briefly, slides were baked
at 60° for 32 min and deparaffinized at 70 C for 8 min for
3 cycles. Antigen retrieval was performed for 64 min
at 100 C using TRIS-EDTA buffer (Ventana Medical
Systems, Catalog #: 950-500). Slides were then treated
with Discovery inhibitor (Roche, Catalog #: 760-4840)

Table 1 Patient cohort demographics

Cohort

Total cases included n=235
Overall survival, mean+SD 20.7+17.1
Age at diagnosis, mean+SD 629+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-1B (early) 65 (27%)

[1I-IV (advanced) 165 (70%)

Unknown 5 (3%)
Chemotherapy

Neoadjuvant 41 (17%)

No neoadjuvant 194 (83%)
Histologic subtypes

Conventional 180 (77%)

Foamy gland [2] 20 (9%)

Large duct [50] 18 (8%)

Other 17 (6%)
Genetic mutation status

KRAS, p53, SMAD4, CDKN2A 90 (38%)
Availability of survival information, number (%)

Number of cases 219 (93%)

Unavailable 16 (7%)
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for 8 min to block endogenous peroxidase activity and
blocking performed with S Block (Roche, Catalog #: 760-
4212) for 8 min. Slides were stained sequentially with
primary antibody, linking antibody, enzyme-conjugated
antibody, and chromogen. After each round of staining,
antibody complexes were removed using CC2 (Roche), a
pH6.0 citrate/acetate-based buffer containing 0.3% SDS,
and heating the slide to 93 degrees for 8 min. Antibod-
ies for CD4 (helper T cells), CD8 (effector T cells), CD16
(pan-macrophage), CD163 (M2 macrophage), pancy-
tokeratin (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 microenvi-
ronment. Details of the mIHC protocol are outlined in
Supplementary Table 1.

Optimization of mIHC protocol

mIHC conditions were optimized and validated using
tissue controls for each individual antibodies. Serial sec-
tions of PDAC and tonsil cases were stained with indi-
vidual antibodies. Upon slide review by a board-certified
clinical pathologist, quality of staining, color intensity,
and patterns of IHC staining was assessed for each anti-
body before inclusion on the mIHC sequence protocol.
In addition, we ran negative controls that substituted
diluent for each of the primary antibodies and second-
ary antibodies. Additionally, sensitivity of the antigens
to repeated denaturation steps was evaluated by run-
ning several staining protocols and localizing the pri-
mary antibody in different locations within the sequence
and adding multiple denaturation steps before or after
as needed to account for denaturations in the full mIHC
protocol. Antigens that were sensitive to repeated dena-
turation were placed later in the sequence.

Whole slide image acquisition

All slides were reviewed by a board-certified clini-
cal pathologist and regions of interest (ROIs) drawn
around tumor areas and to exclude areas of pancrea-
titis, large areas of necrosis, and normal pancreas. An
Olympus VS120 microscope (Olympus, Tokyo, Japan)
was used to scan glass slides and generate digital whole
slide images (WSIs) at 20X magnification with a resolu-
tion of 0.346 um per pixel. Scanned bright field images
were annotated using Quantitative Imaging in Pathol-
ogy (QulP) Software [49]. Pathologist-defined ROIs were
transposed onto scanned mIHC images and supervised
image classification, and output applications were subse-
quently performed.
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Cell detection and classification

The ensemble of ColorAE and U-Net were previously
developed for the detection and classification of cells
in mIHC images based on the decomposition of mIHC
images into their constituent stain maps, where the dom-
inant stain at each location indicates the corresponding
biomarker and hence the corresponding cell type [17, 20].
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 comple-
mentary information and are used together to predict
K17 positive and negative cells as well as four immune
cell types [20]. Each model is trained separately, and pre-
dictions from each model are combined in the inference
phase to create multi-class masks. The multiplex segmen-
tation ensemble is applied on patches of size 580580
pixels extracted from whole slide images (WSIs) at
0.346 um/pixel resolution. The spatial analysis is applied
on patches extracted from tumor bed regions that were
manually annotated by two pathologists as depicted in
Supplementary Fig. 1. Multi-class masks are generated
on patches using ColorAE and U-Net as described [20].

Dataset description

The Training and Validation datasets were generated
from 23 randomly chosen whole slide images (WSIs).
From these 23 WSIs, 57 1000 1000 pixels ROIs were
selected for training and four 1000x 1000 pixels ROIs
were selected for validation. Training and validation data-
sets were derived from different sets of WSIs. The Test-
ing dataset was generated from 8 randomly chosen WSIs
(disjoint from the training and validation WSIs), and 32
400x 400 ROIs were selected from these 8 WSIs. We aug-
mented the training data and validation data by extract-
ing 16 overlapping 400x400 patches from each ROL In
summary, we used 912 400 x 400 overlapping patches for
training, 64 400x 400 overlapping patches for validation
and 32 400 x 400 non-overlapping patches for testing. In
addition, two pathologists independently carried out an
extensive qualitative evaluation of 60 ROIs drawn from
more than 20 slides. For the training and evaluation, we
use weak labels in the form of dot annotations performed
by independent pathologists (Supplementary Fig. 1). The
dot annotations are transformed into multi-class super-
pixel masks using simple linear iterative clustering (SLIC)
algorithm [1]. SLIC groups pixels are then transformed
into super pixels based on their color and spatial prox-
imity, using a k-means clustering approach. Supplemen-
tary Fig. 2 shows an example from a training ROI with
its corresponding ground truth annotation (combination
superpixel label and dot annotation) overlaid on top of
the original image.
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Model validation and experimental setup

We carried out a quantitative evaluation of our detec-
tion and classification model as previously described [17,
20]. Briefly, we assessed the performance of our meth-
ods using: F1 score, Recall, and Positive Predictive Value
(PPV) to evaluate the predictions from ColorAE: U-Net
ensemble methods against pathologist-generated ground
truth. For our ColorAE: U-Net ensemble model evalua-
tion, we tabulated PPV, Recall, and F1 scores using dif-
ferent dilations of seed in Supplementary Table 2. In
summary, we employed positive predictive value, recall,
and F1 scores to assess stain detection by comparing pre-
dictions against dilated seed labels. The seed labels were
dilated into 10 pm diameter disks and 5 pm diameter
disks to evaluate the sensitivity of the evaluation scores.
Each colored stain mask underwent a separate evalua-
tion. Evaluating true positives (TP), false positives (FP),
and false negatives (FN) involved assessing the overlap
between the predictions and dilated seed labels. Specifi-
cally, TP denotes the number of connected components
in the mask overlapping with the dilated disks; FP signi-
fies the number of connected components that lack over-
lap with any disks; and FN indicates the number of disks
without overlap with the mask. TP, FP, and FN values
were aggregated across all 6 testing patches to address
potential sparse cell types in certain patches. These aggre-
gated values were then utilized to compute the F1 score,
precision, and recall. Comparing the F1 scores, precision,
and recall for both 10 pm diameter disks and 5 um diam-
eter disks, we did not detect a high deviation between the
scores for any of the immune cell types except for CD4+
T cells. Hyperparameters including color concentration
thresholds were selected based on the quantitative and
qualitative evaluation of the validation set. Based on our
evaluation on validation set, we selected 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 Foun-
dation digital cyberinfraestructure eXtreme Science and
Engineering Discovery Environment (XSEDE) [54].

Quantification of tumor-immune cell spatial relationships

The tumor regions were partitioned into K17-positive
and K17-negative zones, leveraging the masks gener-
ated with the ensemble model. Our goal was to compare
immune cell density in regions close to K17-positive
vs K17-negative tumor zones as well as intra-tumoral
immune cell densities. First, we assessed the relative den-
sity of stromal immune cells in a range from 5 to 200 um
of the closest tumor border (defined as peritumoral
immune cells) versus those that are in direct contact with
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K17-positive vs K17-negative tumor cells (defined as
intratumoral immune cells). Distances were chosen based
on the potential to define cell neighbors participating in
direct cell-cell contact (25 um) or close-range signal-
ing (200 um). As the maximal differences in peritumoral
immune cell counts relative to K17 status were seen at a
stromal depth of 25 pum the analysis of all cases included
in the study was done only at 25 pm (Supp. Figure 3). 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 analy-
sis described below formalizes this approach.

A distance transform mapped each pixel to the clos-
est boundary of interest. We only considered stromal
immune cells that are within 25 um of the closest tumor
boundary; this region was computed using the distance
transform [16, 52]. We then partitioned this tumor-asso-
ciated stromal region into K17-positive and K17-negative
zones, leveraging the distance transform field of the stro-
mal area. A stroma pixel was assigned to the K17-posi-
tive influence area when the closest tumor boundary was
K17-positive, according to distance transform calcula-
tion; otherwise, the pixel was assigned to the K17-neg-
ative influence area. We devise a metric that we named
the “Tumor/Stromal Zone Score’, denoted by ZS%, calcu-
lated by the following equation:

Cell Countjf,l
Tumor |Stroma Zoney;

z8 =

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). Cell Countﬁf,l 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 (numerator)
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, subse-
quently 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 8 pm, while macrophages
(CD16, CD163) average dimensions are approximated as
circles with a larger diameter of 16 pm. This normaliza-
tion process culminated in the derivation of an estimated
count of immune cells, designated as Cell Count’; and
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represented in the Equation. In addition to calculating
Tumor/Stroma Zone Score, we normalized Tumor/Stro-
mal Zone Score for K17-negative (ZS%,,_) with respect
to Tumor/Stromal Zone Score for K17-positive (ZS}?17 )
for visualization and interpretation purposes, as depicted
in multiple figures. Lastly, we performed proof of con-
cept 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 statistically significant difference between
the real and simulated scenarios, as previously reported
[20].

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 valu-
able information regarding the ways in which the host
immune response interacts with cancer cells [23]. 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 4).

Overall immune cell landscape in PDAC

The immune populations of 235 PDAC patients were
processed by mIHC for a panel of myeloid and lym-
phoid 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 CD1634+ macrophages, and 16% were CD16+
macrophages (respective mean counts 1.04x 10%/pm?
3.00x10*/pum?,  3.03x10*/pm* and 2.44x10*/pm?)
(Fig. 1a). We confirmed that K17 is a negative prognostic
biomarker by IHC with the available survival information
from patients included in this study (n=219), applied the
same threshold (10%) and confirmed that high levels of
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K17 was a negative prognostic biomarker, with a median
survival of 22.1 months for high K17 cases (HR=1.548,
P=0.0391) compared to those in the low K17 expression
group (median=36.2 months) (Supp. Figure 5). To deter-
mine 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-quan-
titative 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 relation-
ships at the macro level between K17 expression and any
immune cell type (Fig. 1c).

Based on the premise that not only the relative abun-
dance 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 con-
text of direct interaction, reflected by immune cells that
overlapped or directly contact tumor cells (intratumoral
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immune cells) versus those present within 25 pm 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 intratu-
moral and peritumoral immune cells (respectively those
that directly contact tumor cells versus stromal immune
cells located within 25 um of the closest tumor cells, rela-
tive 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 differ-
ences in K17 negative versus K17-positive zones, rather
than relative differences in overall immune cell counts
across the entire tumor region.
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Cytotoxic T cells target tumor cells that expose
tumor-specific antigens in various malignancies,
including pancreatic ductal adenocarcinoma [7, 29, 44]
and higher CD8+ T-cell density in tumor is generally
associated with prolonged pancreatic cancer survival
[10, 26, 55, 63]. 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 exclu-
sion [60, 66]. Thus, to test for relationships between
K17 expression the tumor inflammatory microenvi-
ronment, 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
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versus K17-positive zones, not relative differences in overall immune cell counts
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83% of PDACs (Fig. 2a). Even more profoundly, intratu-
moral 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. 2g).

To uncover any relationships between K17 expres-
sion 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 peri-
tumoral areas in 77% of cases (p <0.0001) (Fig. 2i). Intra-
tumoral 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 peritu-
moral zones, CD163+ macrophages were more abun-
dant in K17-negative zones in 66% of cases (p<0.0001)
(Fig. 2m). Conversely, intratumoral CD163+ mac-
rophages 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, treat-
ment history, histologic variant, and mutational status
(data not shown).
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To explore changes in tumor-infiltrating immune cells
in PDAC:s after neoadjuvant immunotherapy, we separate
our cohort into two categories, including patients that
received gemcitabine-based or 5-FU 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-neg-
ative peritumoral and intratumor zones, for both no-neo-
adjuvant and neoadjuvant treatment groups (Fig. 3a—d).
These results suggest that neoadjuvant therapy has mini-
mal 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 clinico-
pathologic 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 6).

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 [28, 30, 39]. Further-
more, 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 [28].
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We set out to elucidate the impact of the 4 most com-
mon 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 Pancre-
atic Cancer Action Network [40, 41] (Fig. 5a). SIFT pre-
dicted that 96% of 137 KRAS mutations, 40% of 132 p53
mutations, 22% of 36 SMAD4 mutations, and 3% of 60
CDKN2A mutations were deleterious. Mutational sta-
tus summary can be found in Supplementary Table 3.
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 microen-
vironment was unchanged (Fig. 5b—q).
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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
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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 immuno-
histochemical 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 [56]. This has undermined
attempts to develop immunotherapeutic approaches for
PDAC. High levels of T cell infiltration, however, corre-
late with improved outcome in PDAC [19, 24], includ-
ing CD8+ T Cells [36]. Interestingly, the proximity of
CD8+ T cells to tumor cells in the PDAC TME correlates
to longer patient survival [7]. Consistent with our previ-
ous works which showed that K17 expression in PDAC is
associated with shorter survival our current findings also
support the hypothesis that K17 blocks immune cell infil-
tration, with the most profound impact being on CD8+
T cells.

Therefore, advancing our understanding of the immu-
nobiology of PDAC by identifying new targets and bio-
markers predicting immunotherapy response is crucial
for improving clinical outcomes. Although K17 impacts
numerous hallmarks of cancer [5] and has been estab-
lished as a defining biomarker of the basal molecular
subtypes of pancreatic cancer [35, 46, 47] emerging clini-
cal and research data support its mechanistic role in the
regulation of the immune response [5, 6].

While the mechanisms underlying the immunomodu-
latory function of K17 are not fully understood and have
not been explored in pancreatic cancer, previously pub-
lished data suggests that K17 expression has been associ-
ated with the production of pro-inflammatory cytokines
and chemokines that regulate the recruitment of immune
cells to sites of inflammation and modulate immune
responses. In basal cell carcinoma of the skin (BCC),
increased K17 expression correlates with the expression
of key pro-inflammatory chemokines such as CXCR3
andCXCL10, among others [5] and the genetic ablation
of K17 delays BCC onset in mouse models that correlates
with a global cytokine switch that differentially regulates
T cell infiltration [14]. Furthermore, genetic knockout
of K17 in a mouse papillomavirus (MmuPV1) model of
cervical cancer results in rapid regression of papillomas
and increased CD8+ T cell infiltration [59] whereas K17
expression promoted the expression of pro-inflamma-
tory cytokines IFN -y, CXCL9, CXC110, CXC111, TNE-
a, and TGF-B, among others [65]. Similarly, in head and
neck squamous cell carcinoma, the knockout of K17 in
immunocompetent mouse model also resulted in tumor
regression due to alterations in IFN -y and CXCL9, and
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PD-L1 expression and increased CD8+ T-cell infiltra-
tion, thereby sensitizing tumors to immune-checkpoint
blockade [59]. In PDAC, single-cell RNA seq analysis of
18 human biopsies identified a population of cells with
high KRT17, CXCL8, and multiple other inflammatory
cytokines, inducing the emergence of immunosuppres-
sive immune cell populations [6]. Consistent with these
observations, Raghavan et al. [44] identified TGF-f sign-
aling by single-cell RNA seq analysis as a top-upregulated
pathway in basal subtype PDAC, associated with exclu-
sion of both CD8+ and CD4+ T cells from the tumor
microenvironment. As K17 has been widely accepted as a
marker of basal subtype (ref), this study further supports
a possible link between K17 and TGF-f as a mechanism
to drive the exclusion of CD8+ T cells.

Moreover, Bailey et al. [4] found that CD8A expres-
sion was low in PDACs, despite the high expression of
HLA class I genes, presence of neoantigens and muta-
tional load, and suggest this phenotype is associated
with increase oxidative stress, mainly through the over-
expression of iNOS/NOS2. Oxidative stress and hypoxia
are known hallmarks of solid tumors, and iNOS can be
induced by hypoxia [25]. Expression of K17 increased the
Akt/mTOR/hypoxia-inducible factor (HIF)-la pathway
in osteosarcoma cells [62], and knockout of K17 restored
this pathway expression.

Additionally, the role of K17 protein as an antigen in
PDAC is unknown but may also play a role in modulating
the PDAC TME, given K17 is normally expressed dur-
ing embryogenesis but is silenced in mature somatic tis-
sues [5]. Whether self-tolerance to K17 epitopes remains
during PDAC tumor development is unknown, but anti-
K17 Treg cells could play a role in dampening immune
responses in the TME as well, as evidence suggest that
during the formation of central tolerance, CD4+ T cells
that react to self-derived epitopes are less likely to be
deleted than CD8+ Tcells, and differentiate into Tregs
[53].

Moreover, K17 has been shown to modulate pathways
involved in immunity and inflammation, including the
NEF-«kB and STAT3 signaling. Hobbs et al. [21] demon-
strated that K17-dependent expression of an autoim-
mune regulator, Aire, is required for the timely onset of
the Gli2-induced skin tumorigenesis in mouse model.
The functional interaction between K17 and the het-
erogeneous nuclear ribonucleoprotein hnRNP K leads
to activation of p65 (NF-kB) program in tumor-prone
keratinocytes [21]. In the contact dermatitis mouse
model, nuclear translocation of K17 facilitates the acti-
vation and nuclear translocation of signal transducer
and activator of transcription 3 (STAT3) activating
CCL20 production and CD8+ and CD4+ T cell traffick-
ing to skin lesions [27]. Thus, the role of K17 in immune
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response in PDAC is complex and multifaceted. Fur-
ther investigations are needed to fully understand the
mechanisms underlying the immunomodulatory func-
tion of K17 in PDAC and to explore its potential as a bio-
marker of immune evasion a therapeutic target in cancer
immunotherapy.

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 [51]. In 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. [57] studied the role of K17
in cancer metastasis using an immunocompetent mice
model and their results suggest that K17 confers resist-
ance 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 sup-
pressed T cell infiltration and enhanced neutrophil infil-
tration in in the tumor microenvironment of cervical
cancers [58].

The delicate balance between the populations of CD4+
and CD8+ subsets determines whether the TME is anti-
or pro-tumorigenic [48]. Notably, regulating the differen-
tiation of naive CD4+ T cells into Th1, Th2, Th17, Th9,
Th22, and Tregs is essential for eliminating immunosup-
pressive restrictions from the tumor environment and
boosting effector T-cell activity [22, 23, 32]. It is possi-
ble 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 con-
tributes to PDAC growth by suppressing T cell infiltra-
tion. 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 associa-
tion 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
IEN-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 expres-
sion slowed tumor growth and increased CD8+ T cell
infiltrate in immunocompetent syngeneic C57/BL6 mice
compared to parental MOC2 tumors [45, 57]. Here, we
observed an inverse correlation between K17 and CD8+
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T cells, as reported previously in other skin and aller-
gic 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 psoria-
sis and allergic contact dermatitis (ACD) [27, 60]. Provid-
ing further insight into the mechanisms through which
K17 acts in ACD, it was found that K17 translocates into
the nucleus of activated keratinocytes, facilitating acti-
vation of STAT3 and downstream CCL20 production as
well as T cell trafficking. Our lab previously reported that
the soluble form of K17 undergoes nuclear transloca-
tion and serves as a nuclear shuttle of p27 [15]. 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, desmopla-
sia, immune suppression, and metastasis in PDAC, high-
lighting their importance in pancreatic cancer [42]. Our
observations that CD163+ (M2) macrophages are more
numerous in K17-positive intratumoral areas are consist-
ent with previous studies in colorectal cancer [61] and
align with work depicting CD163 CD+ T cells as pro-
moter of biologic aggression in pancreatic cancer [64].

In conclusion, our data support the hypotheses that
K17 shields tumor cells from CD8+ T cells and recruits
tumor promoting CD1634+ M2 macrophages, indicating
that K17 fundamentally impacts the immune response
to PDAC. These effects are independent of neoadjuvant
treatment, clinical pathologic features, or PDAC muta-
tional 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 devel-
opment 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 tar-
gets, relative to K17 status, that could enhance the effi-
cacy 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 mac-
rophages, indicating that K17 fundamentally impacts the
immune response to PDAC. These effects are independ-
ent of neoadjuvant treatment, clinical pathologic features,
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or PDAC mutational status, suggesting that the interac-
tions 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-medi-
ated immune effects on the immune system could poten-
tially restore the innate immunologic response to PDAC
and might provide novel immunotherapeutic approaches
for this devastating disease.
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Supplementary Material 1: Supplementary Fig. 1. Example of region of
interest with manual dot annotation on the training set is illustrated.
Expert pathologists manually placed dots on each cell over the ROIs

a. Original mIHC ROI from PDAC testing case retrieved from QulP; and
ground truth (Superpixel Label and dot annotation) overlaid on original
Image of b. K17 positive tumor cells (brown); c. K17 negative tumor cells
(panCKiin teal); d. CD163+ macrophages in green; e. CD16+ mac-
rophages; f. CD8+ T cells in purple g. CD4+T cells in red. Supplementary
Fig. 2. Example of Region of interest with ground truth annotation. (A)
Original mIHC ROI from PDAC testing case retrieved from QuIP (B) ground
truth (Superpixel Label and dot annotation) overlaid on original Image.
The following colors represent different stains: (black=CD4, purple=CD8,
yellow=CD16, green=CD163, brown =K17+, Teal=K17. Supplementary
Fig. 3. Immune cell density at different distances from the closest tumor
nest margin. a. Bar graph depicting mean CD4+ cell density and standard
deviation for 8 cases; b. CD8+ cell mean density; c. CD16+ and; d. CD163+
cells. Supplementary Fig. 4. High K17 expression is correlated with shorter
survival in patients. Kaplan—Meier curves for the overall survival analysis
of K17 from PDAC cases of all stages. P values were calculated using the
log-rank test. HR, hazard ratio; K17, keratin 17; PDAC, pancreatic ductal
adenocarcinoma. Supplementary Fig. 5. Flowchart of Multiplex Immu-
nohistochemical Whole Slide Image Analysis Pipeline mIHC: multiplex
immunohistochemistry, WSI: whole slide image, ROI: Region of Interest.
Supplementary Fig. 6. There are more CD8+ T cells in K17-negative
regions, regardless of histologic variant. 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. a—c.
Peritumoral CD8+ T cell density ratios in conventional, foamy cell, and
large duct PDAC variant cases. d—f. Intratumoral CD8+ T cell density ratios
in conventional, foamy cell, and large duct PDAC variant cases. g-I. Rep-
resentative H&E photomicrographs of conventional, foamy cell, and large
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duct PDAC variants, respectively. Supplementary Table 1. List of targeted
populations, antibodies, incubation times, chromogens, and localization
of each marker used in mIHC staining. Supplementary Table 2. Model
Validation. Supplementary Table 3. Mutational status.

Acknowledgements

The authors thank Roche Tissue Diagnostics and all funding agencies and
organizations that have provided financial support for this research, 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.

Author 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: LEE-H, KRS, CV.L,; development of methodology: LR-P, LFE-H.,
K.R.S. JS. C.C, acquisition of data: (managed patient samples): LR-P, LA.D--C,
S.B,DF,FDA, JO.MH, J-DKB, LMM, EMB, EFP,WJ,BL, AH,SA, DS, TK;
analysis and interpretation of data: LA.D-C, MH,, LR-P, S.B, MT-G,, LFE-H,
KRS, N.M; writing, editing/review, and intellectual content of the manuscript:
LAD-C,MH, LR-P, CVL, SB, LFE-H, KRS, study supervision: LFE-H, KRS.
All authors have read and approved the final manuscript.

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) and a research agreement sup-
ported by Roche Diagnostics Corporation (RD005216). LEH is supported by
NCIR0O1CA274355-01, DP2CA280625-01, ROO 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 5SUH3CA225021, NCI
U24CA215109, the Stony Brook University Provost's ProFund and generous
donor support from Bob Beals and Betsy Barton. CC is partially supported by
NSF CCF-2144901 and NIH ROTCA253368.

Availability of data and materials

The datasets generated and/or analyzed during the current study are not pub-
licly available due to IRB regulations but are available from the corresponding
author on reasonable request. All required pipelines for digital image process-
ing 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.

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 HO0015796. Patient written con-
sent 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.


https://doi.org/10.1186/s12967-024-05252-1
https://doi.org/10.1186/s12967-024-05252-1
https://github.com/SBU-BMI/shroyer_lab_workflow
https://github.com/SBU-BMI/shroyer_lab_workflow

Delgado-Coka et al. Journal of Translational Medicine (2024) 22:443

Consent for publication
Not applicable.

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 con-
sulted 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.

Author details

'Department of Pathology, Renaissance School of Medicine, Stony Brook
University, 101 Nicolls Road, Stony Brook, NY 11794, USA. 2Program of Public
Health and Department of Preventative Medicine, Renaissance School of Med-
icine, Stony Brook University, Stony Brook, NY, USA. *Department of Pathology,
School of Medicine, Universidad Nacional de Colombia, Bogota, Colombia.
“Department of Computer Science, Stony Brook University, Stony Brook, NY,
USA. °*Center for Applied Proteomics and Molecular Medicine, George Mason
University, Fairfax, VA, USA. ®Perthera, McLean, VA, USA. ’Scientific and Medi-
cal Affairs, Pancreatic Cancer Action Network, Manhattan Beach, CA, USA.
8Department of Pathology, University of Arkansas for Medical Sciences, Little
Rock, AR, USA. °Department of Pathology and Genomic Medicine, Sidney
Kimmel Cancer Center, Thomas Jefferson University Hospital, Philadelphia, PA,
USA. "°Departments of Pathology and Medicine, Cedars-Sinai Medical Center,
Los Angeles, CA, USA. "' Department of Biomedical Informatics, Renaissance
School of Medicine, Stony Brook University, Stony Brook, NY, USA. '?Depart-
ment of Therapeutic Radiology, Yale University, New Haven, CT, USA. '*Depart-
ment of Molecular Biophysics and Biochemistry, Yale University, New Haven,
CT, USA. "Division of Oncology, Department of Medicine, Yale University, New
Haven, CT, USA.

Received: 21 January 2024 Accepted: 29 April 2024
Published online: 10 May 2024

References

1. AchantaR, Shaji A, Smith K, Lucchi A, Fua P, Ssstrunk S. SLIC superpixels
compared to stateof-the-art superpixel methods. I[EEE Trans Pattern Anal
Mach Intell. 2012;34(11):2274-82. https://doi.org/10.1109/TPAMI.2012.
120.

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

3. Amin MB, Greene FL, Edge SB, Compton CC, Gershenwald JE, Brookland
RK, Meyer L, Gress DM, Byrd DR, Winchester DP. 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 Cancer J
Clin. 2017,67(2):93-9. https://doi.org/10.3322/CAAC.21388.

4. Bailey P, Chang DK, Forget MA, Lucas FAS, Alvarez HA, Haymaker C, Chat-
topadhyay C, Kim SH, Ekmekcioglu S, Grimm EA, Biankin AV, Hwu P, Maitra
A, Roszik J. Exploiting the neoantigen landscape for immunotherapy of
pancreatic ductal adenocarcinoma. Sci Rep. 2016;6(1):1-8. https://doi.
0rg/10.1038/srep35848.

5. Baraks G, Tseng R, Pan CH, Kasliwal S, Leiton CV, Shroyer KR, Escobar-
Hoyos LF. Dissecting the oncogenic roles of keratin 17 in the hallmarks
of cancer. Cancer Res. 2022;82(7):1159-66. https://doi.org/10.1158/0008-
5472.CAN-21-2522.

6. Carpenter ES, Kadiyala P, Elhossiny AM, Kemp SB, Li J, Steele NG, Nicolle
R, Nwosu ZC, Freeman J, Dai H, Paglia D, Du W, Donahue K, Morales
J, Medina-Cabrera P, Bonilla ME, Harris L, The S, Gunchick V, et al.
KRT17high/CXCL8+ tumor cells display both classical and basal features
and regulate myeloid infiltration in the pancreatic cancer microenvi-
ronment. Clin Cancer Res. 2023. https://doi.org/10.1158/1078-0432.
CCR-23-1421.

7. Carstens JL, De Sampaio PC, Yang D, Barua S, Wang H, Rao A, Allison
JP, Le Bleu VS, Kalluri R. Spatial computation of intratumoral T cells cor-
relates with survival of patients with pancreatic cancer. Nat Commun.
2017;8(1):1-13. https://doi.org/10.1038/ncomms15095.

20.

21

22.

23.

24.

Page 14 of 16

Cerami E, Gao J, Dogrusoz U, Gross BE, Sumer SO, Aksoy BA, Jacobsen

A, Byrne CJ, Heuer ML, Larsson E, Antipin Y, Reva B, Goldberg AP, Sander
C, Schultz N. The cBio cancer genomics portal: an open platform for
exploring multidimensional cancer genomics data. Cancer Discov.
2012;2(5):401-4. https://doi.org/10.1158/2159-8290.CD-12-0095.

ChenY, Chen D, Wang Q, Xu Y, Huang X, Haglund F, Su H. Immunological
classification of pancreatic carcinomas to identify immune index and pro-
vide a strategy for patient stratification. Front Immunol. 2022;12: 719105.
https://doi.org/10.3389/FIMMU.2021.719105/FULL.

. Chen ZG, Wang Y, Fong WP, Hu MT, Liang JY, Wang L, Li YH. A quantitative

score of immune cell infiltration predicts the prognosis in pancreatic
ductal adenocarcinoma. Int Immunopharmacol. 2021;98: 107890. https://
doi.org/10.1016/JINTIMP.2021.107890.

. Chun'YS, Pawlik TM, Vauthey JN. 8th edition of the AJCC cancer stag-

ing manual: pancreas and hepatobiliary cancers. Ann Surg Oncol.
2018;25(4):845-7. https://doi.org/10.1245/510434-017-6025-X.

. de Bruijn |, Kundra R, Mastrogiacomo B, Tran TN, 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 EG, Fu Z, Gross B, et al. Analysis and visualization
of longitudinal genomic and clinical data from the AACR project GENIE
biopharma collaborative in cBioPortal. Cancer Res. 2023;83(23):3861-7.
https://doi.org/10.1158/0008-5472.CAN-23-0816.

. de Santiago |, Yau C, Heij L, Middleton MR, Markowetz F, Grabsch Hl,

Dustin ML, Sivakumar S. Immunophenotypes of pancreatic ductal
adenocarcinoma: meta-analysis of transcriptional subtypes. Int J Cancer.
2019;145(4):1125. https://doi.org/10.1002/1JC.32186.

. Depianto D, Kerns ML, Dlugosz AA, Coulombe PA. Keratin 17 promotes

epithelial proliferation and tumor growth by polarizing the immune
response in skin. Nat Gen. 2010;42(10):910-4. https://doi.org/10.1038/ng.
665.

. Escobar-Hoyos LF, Shah R, Roa-Pefia L, Vanner EA, Najafian N, Banach

A, Nielsen E, Al-Khalil R, Akalin A, Talmage D, Shroyer KR. Keratin-17
promotes p27KIP1 nuclear export and degradation and offers potential
prognostic utility. Can Res. 2015;75(17):3650-62. https://doi.org/10.1158/
0008-5472.CAN-15-0293.

. Fabbri R, Costa LDF, Torelli JC, Bruno OM. 2D Euclidean distance transform

algorithms. ACM Comput Surv. 2008;40(1):1-44. https://doi.org/10.1145/
1322432.1322434.

. Fassler DJ, Abousamra S, Gupta R, Chen C, Zhao M, Paredes D, Batool

SA, Knudsen BS, Escobar-Hoyos L, Shroyer KR, Samaras D, Kurc T, Saltz J.
Deep learning-based image analysis methods for brightfield-acquired
multiplex immunohistochemistry images. Diagn Pathol. 2020;15(1):1-11.
https://doi.org/10.1186/513000-020-01003-0.

. Gao J, Aksoy BA, Dogrusoz U, Dresdner G, Gross B, Sumer SO, Sun'Y,

Jacobsen A, Sinha R, Larsson E, Cerami E, Sander C, Schultz N. Integra-
tive analysis of complex cancer genomics and clinical profiles using the
cBioPortal. Sci Signal. 2013;6(269): pl1. https://doi.org/10.1126/SCISIGNAL.
2004088.

. Goulart MR, Stasinos K, Fincham REA, Delvecchio FR, Kocher HM. T cells

in pancreatic cancer stroma. World J Gastroenterol. 2021;27(46):7956.
https://doi.org/10.3748/WJG.V27.146.7956.

Hasan M, Kaczmarzyk JR, Paredes D, Oblein L, Oentoro J, Abousamra S,
Horowitz M, Samaras D, Chen C, Kurc T, Shroyer KR, Saltz J. A novel frame-
work for characterization of tumor-immune spatial relationships in tumor
microenvironment. 2022. https://arxiv.org/abs/2204.12283v3.

Hobbs RP, Depianto DJ, Jacob JT, Han MC, Chung BM, Batazzi AS, Poll BG,
GuoY, Han J,0Ong S, Zheng W, Taube JM, Cihakova D, Wan F, Coulombe
PA. Keratin-dependent regulation of Aire and gene expression in skin
tumor keratinocytes. Nat Genet. 2015;47(8):933-8. https://doi.org/10.
1038/NG.3355.

Huber M, Brehm CU, Gress TM, Buchholz M, Alhamwe BA, von Strand-
mann EP, Slater EP, Bartsch JW, Bauer C, Lauth M. The immune microenvi-
ronment in pancreatic cancer. Int J Mol Sci. 2020;21(19):1-33. https://doi.
0rg/10.3390/1JMS21197307.

Karamitopoulou E. Tumour microenvironment of pancreatic cancer:
immune landscape is dictated by molecular and histopathologi-

cal features. Br J Cancer. 2019;121(1):5-14. https://doi.org/10.1038/
$41416-019-0479-5.

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. Prognostic value of immune factors in the


https://doi.org/10.1109/TPAMI.2012.120
https://doi.org/10.1109/TPAMI.2012.120
https://doi.org/10.1097/00000478-200004000-00003
https://doi.org/10.1097/00000478-200004000-00003
https://doi.org/10.3322/CAAC.21388
https://doi.org/10.1038/srep35848
https://doi.org/10.1038/srep35848
https://doi.org/10.1158/0008-5472.CAN-21-2522
https://doi.org/10.1158/0008-5472.CAN-21-2522
https://doi.org/10.1158/1078-0432.CCR-23-1421
https://doi.org/10.1158/1078-0432.CCR-23-1421
https://doi.org/10.1038/ncomms15095
https://doi.org/10.1158/2159-8290.CD-12-0095
https://doi.org/10.3389/FIMMU.2021.719105/FULL
https://doi.org/10.1016/J.INTIMP.2021.107890
https://doi.org/10.1016/J.INTIMP.2021.107890
https://doi.org/10.1245/S10434-017-6025-X
https://doi.org/10.1158/0008-5472.CAN-23-0816
https://doi.org/10.1002/IJC.32186
https://doi.org/10.1038/ng.665
https://doi.org/10.1038/ng.665
https://doi.org/10.1158/0008-5472.CAN-15-0293
https://doi.org/10.1158/0008-5472.CAN-15-0293
https://doi.org/10.1145/1322432.1322434
https://doi.org/10.1145/1322432.1322434
https://doi.org/10.1186/S13000-020-01003-0
https://doi.org/10.1126/SCISIGNAL.2004088
https://doi.org/10.1126/SCISIGNAL.2004088
https://doi.org/10.3748/WJG.V27.I46.7956
https://arxiv.org/abs/2204.12283v3
https://doi.org/10.1038/NG.3355
https://doi.org/10.1038/NG.3355
https://doi.org/10.3390/IJMS21197307
https://doi.org/10.3390/IJMS21197307
https://doi.org/10.1038/s41416-019-0479-5
https://doi.org/10.1038/s41416-019-0479-5

Delgado-Coka et al. Journal of Translational Medicine

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

(2024) 22:443

tumor microenvironment of patients with pancreatic ductal adeno-
carcinoma. BMC Cancer. 2021;21(1):1-13. https://doi.org/10.1186/
$12885-021-08911-4.

Lee M, Wang C, Jin SW, Labrecque MP, Beischlag TV, Brockman MA, Choy
JC. Expression of human inducible nitric oxide synthase in response to
cytokines is regulated by hypoxia-inducible factor-1. Free Radic Biol Med.

2019;130:278-87. https://doi.org/10.1016/J.FREERADBIOMED.2018.10.441.

Li A, Ye B, Lin F, Wang Y, Miao X, Jiang Y. A novel immunogenomic signa-
ture to predict prognosis and reveal immune infiltration characteristics in
pancreatic ductal adenocarcinoma. Precis Clin Med. 2022;5(2): pbac010.
https://doi.org/10.1093/PCMEDI/PBACO10.

LuoY, Zhu Z, Li B, Bai X, Fang H, Qiao P, Chen J, Zhang C, Zhi D, Dang E,
Wang G. Keratin 17 promotes T cell response in allergic contact derma-
titis by upregulating C-C motif chemokine ligand 20. Front Immunol.
2022;13: 764793. https://doi.org/10.3389/FIMMU.2022.764793/BIBTEX.
Maddalena M, Mallel G, Nataraj NB, Shreberk-Shaked M, Hassin O,
Mukherjee S, Arandkar S, Rotkopf R, Kapsack A, Lambiase G, Pellegrino B,
Ben-Isaac E, Golani O, Addadi Y, Hajaj E, Eilam R, Straussman R, Yarden Y,
Lotem M, Oren M. TP53 missense mutations in PDAC are associated with
enhanced fibrosis and an immunosuppressive microenvironment. Proc
Natl Acad Sci USA. 2021;118(23): €2025631118. https://doi.org/10.1073/
PNAS.2025631118.

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

McCubrey JA, Yang LV, Abrams SL, Steelman LS, Follo MY, Cocco L, Ratti

S, Martelli AM, Augello G, Cervello M. Effects of TP53 mutations and mirs
on immune responses in the tumor microenvironment important in
pancreatic cancer progression. Cells. 2022;11(14):2155. https://doi.org/10.
3390/CELLS11142155.

Muller M, Haghnejad V, Schaefer M, Gauchotte G, Caron B, Peyrin-Biroulet
L, Bronowicki JP, Neuzillet C, Lopez A. The immune landscape of human
pancreatic ductal carcinoma: key players, clinical implications, and chal-
lenges. Cancers. 2022;14(4):995. https://doi.org/10.3390/CANCERS 140
40995.

Murakami T, Hiroshima Y, Matsuyama R, Homma Y, Hoffman RM, Endo I.
Role of the tumor microenvironment in pancreatic cancer. Ann Gastroen-
terol Surg. 2019;3(2):130-7. https://doi.org/10.1002/ags3.12225.
Nagtegaal ID, Odze RD, Klimstra D, Paradis V, Rugge M, Schirmacher

P, Washington KM, Carneiro F, Cree 1A, WHO Classification of Tumours
Editorial Board. The 2019 WHO classification of tumours of the digestive
system. Histopathology. 2020,76(2):182-8. https://doi.org/10.1111/his.
13975.

Ng PC, Henikoff S. SIFT: predicting amino acid changes that affect protein
function. Nucleic Acids Res. 2003;31(13):3812. https://doi.org/10.1093/
NAR/GKG509.

Oblein L, Roa-Pena L, Babu S, Horowitz M, Petricoin E, Matrisian LM,

Blais E, Marchenko N, Allard FD, Akalin A, Jiang W, Larson B, Hendifar A,
Picozzi VJ, Choi M, Shroyer KR, Escobar-Hoyos L. Keratin 17 as a predictor
of chemotherapy response in pancreatic ductal adenocarcinoma. (n.d.).
https://doi.org/10.2139/SSRN.4550616.

Orhan A, Vogelsang RP, Andersen MB, Madsen MT, Holmich ER, Raskov

H, Gogenur |. The prognostic value of tumour-infiltrating lymphocytes in
pancreatic cancer: a systematic review and meta-analysis. Eur J Cancer.
2020;132:71-84. https://doi.org/10.1016/J.EJCA.2020.03.013.

Pan C-H, Chaika NV, Tseng R, Siraj MA, Chen B, Donnelly KL, Horowitz M,
Leiton CV, Chowdhury S, Roa-Pefa L, Oblein L, Marchenko N, Singh PK,
Shroyer KR, Escobar-Hoyos LF. Targeting keratin 17-mediated reprogram-
ming of de novo pyrimidine biosynthesis to overcome chemoresistance
in pancreatic cancer. BioRxiv. 2022. https://doi.org/10.1101/2022.08.24.
504873.

Pan C-H, Tseng R, Donnelly K, Leiton CV, Hogg SJ, Marchenko N, Singh PK,
Shroyer KR, Escobar-Hoyos LF. Targeting keratin 17 in pancreatic cancer: a
novel rewired pathway of nucleotide metabolism that drives chemore-
sistance. FASEB J. 2022. https://doi.org/10.1096/FASEBJ.2022.36.51.R3889.
Pan M, Jiang C, Zhang Z, Achacoso N, Alexeeff S, Solorzano AV, Tse P,
Chung E, Sundaresan T, Suga JM, Thomas S, Habel LA. TP53 gain-of-func-
tion and non-gain-of-function mutations are associated with differential
prognosis in advanced pancreatic ductal adenocarcinoma. JCO Precis
Oncol. 2023;7: €2200570. https://doi.org/10.1200/P0.22.00570.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Page 150f 16

Pishvaian MJ, Bender RJ, Halverson D, Rahib L, Hendifar AE, Mikhail S,
ChungV, Picozzi VJ, Sohal D, Blais EM, Mason K, Lyons EE, Matrisian LM,
Brody JR, Madhavan S, Petricoin EF. Molecular profiling of patients with
pancreatic cancer: initial results from the know your tumor initiative. Clin
Cancer Res. 2018,24(20):5018-27. https://doi.org/10.1158/1078-0432.
CCR-18-0531.

Pishvaian MJ, Blais EM, Brody JR, Lyons E, DeArbeloa P, Hendifar A, Mikhail
S, Chung V, Sahai V, Sohal DPS, Bellakbira S, Thach D, Rahib L, Madhavan
S, Matrisian LM, Petricoin EF. Overall survival in patients with pancreatic
cancer receiving matched therapies following molecular profiling: a
retrospective analysis of the Know Your Tumor registry trial. Lancet Oncol.
2020;21(4):508-18. https://doi.org/10.1016/51470-2045(20)30074-7.

Poh AR, Ernst M. Tumor-associated macrophages in pancreatic ductal
adenocarcinoma: therapeutic opportunities and clinical challenges.
Cancers. 2021;13(12):2860. https://doi.org/10.3390/CANCERS13122860.
Pyo JS, Son BK, Lee HY, Oh IH, Chung KH. Prognostic implications of
intratumoral and peritumoral infiltrating lymphocytes in pancreatic
ductal adenocarcinoma. Curr Oncol. 2021;28(6):4367-76. https://doi.org/
10.3390/CURRONCOL28060371.

Raghavan S, Winter PS, Navia AW, Williams HL, DenAdel A, Lowder KE,
Galvez-Reyes J, Kalekar RL, Mulugeta N, Kapner KS, Raghavan MS, Borah
AA, Liu N, Vayrynen SA, Costa AD, Ng RWS, Wang J, Hill EK, Ragon DY,

et al. Microenvironment drives cell state, plasticity, and drug response in
pancreatic cancer. Cell. 2021;184(25):6119-6137.e26. https://doi.org/10.
1016/j.cell.2021.11.017.

Rickman DS, Millon R, De Reynies A, Thomas E, Wasylyk C, Muller D,
Abecassis J, Wasylyk B. Prediction of future metastasis and molecular
characterization of head and neck squamous-cell carcinoma based

on transcriptome and genome analysis by microarrays. Oncogene.
2008;27(51):6607-22. https://doi.org/10.1038/0nc.2008.251.

Roa-Pena L, Babu S, Leiton CV, Wu M, Taboada S, Akalin A, Buscaglia J,
Escobar-Hoyos LF, Shroyer KR. Keratin 17 testing in pancreatic can-

cer needle aspiration biopsies predicts survival. Cancer Cytopathol.
2021;129(11):865-73. https://doi.org/10.1002/cncy.22438.

Roa-Pena L, Leiton CV, Babu S, Pan CH, Vanner EA, Akalin A, Bandovic J,
Moffitt RA, Shroyer KR, Escobar-Hoyos LF. Keratin 17 identifies the most
lethal molecular subtype of pancreatic cancer. Sci Rep. 2019;9(1):11239.
https://doi.org/10.1038/541598-019-47519-4.

Saka D, Gokalp M, Piyade B, Cevik NC, Sever EA, Unutmaz D, Ceyhan GO,
Demir IE, Asimgil H. Mechanisms of T-cell exhaustion in pancreatic cancer.
Cancers. 2020;12(8):2274. https://doi.org/10.3390/CANCERS12082274.
Saltz J, Sharma A, lyer G, Bremer E, Wang F, Jasniewski A, DiPrima T,
Almeida JS, Gao Y, Zhao T, Saltz M, Kurc T. A containerized software
system for generation, management, and exploration of features from
whole slide tissue images. Can Res. 2017;77(21):e79-82. https://doi.org/
10.1158/0008-5472.CAN-17-0316.

Sato H, Liss AS, Mizukami Y. Large-duct pattern invasive adenocarcinoma
of the pancreas-a variant mimicking pancreatic cystic neoplasms: A
minireview. World J Gastroenterol. 2021,27(23):3262-78. https://doi.org/
10.3748/wjg.v27.i23.3262.

Steele NG, Carpenter ES, Kemp SB, Sirihorachai VR, The S, Delrosario

L, Lazarus J, Amir EAD, Gunchick V, Espinoza C, Bell S, Harris L, Lima F,
Irizarry-Negron V, Paglia D, Macchia J, Chu AKY, Schofield H, Wamsteker EJ,
et al. Multimodal mapping of the tumor and peripheral blood immune
landscape in human pancreatic cancer. Nat Cancer. 2020;1(11):1097-112.
https://doi.org/10.1038/543018-020-00121-4.

Strutz T. The distance transform and its computation. 2021. https://arxiv.
0rg/abs/2106.03503v2.

Tay RE, Richardson EK, Toh HC. Revisiting the role of CD4+T cells in
cancer immunotherapy—new insights into old paradigms. Cancer Gene
Ther. 2020;28(1):5-17. https://doi.org/10.1038/541417-020-0183-x.
Towns J, Cockerill T, Dahan M, Foster |, Gaither K, Grimshaw A, Hazlewood
V, Lathrop S, Lifka D, Peterson GD, Roskies R, Scott JR, Wilkens-Diehr N.
XSEDE: accelerating scientific discovery. Comput Sci Eng. 2014;16(5):62—
74. https://doi.org/10.1109/MCSE.2014.80.

Tsujikawa T, Kumar S, Borkar RN, Azimi V, Thibault G, Chang YH, Balter A,
Kawashima R, Choe G, Sauer D, El Rassi E, Clayburgh DR, Kulesz-Martin
MF, Lutz ER, Zheng L, Jaffee EM, Leyshock P, Margolin AA, Mori M, et al.
Quantitative multiplex immunohistochemistry reveals myeloid-inflamed
tumor-immune complexity associated with poor prognosis. Cell Rep.
2017;19(1):203-17. https://doi.org/10.1016/j.celrep.2017.03.037.


https://doi.org/10.1186/S12885-021-08911-4
https://doi.org/10.1186/S12885-021-08911-4
https://doi.org/10.1016/J.FREERADBIOMED.2018.10.441
https://doi.org/10.1093/PCMEDI/PBAC010
https://doi.org/10.3389/FIMMU.2022.764793/BIBTEX
https://doi.org/10.1073/PNAS.2025631118
https://doi.org/10.1073/PNAS.2025631118
https://doi.org/10.1016/j.humpath.2010.01.016
https://doi.org/10.3390/CELLS11142155
https://doi.org/10.3390/CELLS11142155
https://doi.org/10.3390/CANCERS14040995
https://doi.org/10.3390/CANCERS14040995
https://doi.org/10.1002/ags3.12225
https://doi.org/10.1111/his.13975
https://doi.org/10.1111/his.13975
https://doi.org/10.1093/NAR/GKG509
https://doi.org/10.1093/NAR/GKG509
https://doi.org/10.2139/SSRN.4550616
https://doi.org/10.1016/J.EJCA.2020.03.013
https://doi.org/10.1101/2022.08.24.504873
https://doi.org/10.1101/2022.08.24.504873
https://doi.org/10.1096/FASEBJ.2022.36.S1.R3889
https://doi.org/10.1200/PO.22.00570
https://doi.org/10.1158/1078-0432.CCR-18-0531
https://doi.org/10.1158/1078-0432.CCR-18-0531
https://doi.org/10.1016/S1470-2045(20)30074-7
https://doi.org/10.3390/CANCERS13122860
https://doi.org/10.3390/CURRONCOL28060371
https://doi.org/10.3390/CURRONCOL28060371
https://doi.org/10.1016/j.cell.2021.11.017
https://doi.org/10.1016/j.cell.2021.11.017
https://doi.org/10.1038/onc.2008.251
https://doi.org/10.1002/cncy.22438
https://doi.org/10.1038/s41598-019-47519-4
https://doi.org/10.3390/CANCERS12082274
https://doi.org/10.1158/0008-5472.CAN-17-0316
https://doi.org/10.1158/0008-5472.CAN-17-0316
https://doi.org/10.3748/wjg.v27.i23.3262
https://doi.org/10.3748/wjg.v27.i23.3262
https://doi.org/10.1038/S43018-020-00121-4
https://arxiv.org/abs/2106.03503v2
https://arxiv.org/abs/2106.03503v2
https://doi.org/10.1038/s41417-020-0183-x
https://doi.org/10.1109/MCSE.2014.80
https://doi.org/10.1016/j.celrep.2017.03.037

Delgado-Coka et al. Journal of Translational Medicine (2024) 22:443

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Ullman NA, Burchard PR, Dunne RF, Linehan DC. Immunologic

strategies in pancreatic cancer: making cold tumors hot. J Clin Oncol.
2022;40(24):2789. https://doi.org/10.1200/JCO.21.02616.

Wang W, Lozar T, Golfinos AE, Lee D, Gronski E, Ward-Shaw E, Hayes M,
Bruce JY, Kimple RJ, Hu R, Harari PM, Xu J, Keske A, Sondel PM, Fitzpatrick
MB, Dinh HQ, Lambert PF. Stress Keratin 17 expression in head and neck
cancer contributes to immune evasion and resistance to immune-check-
point blockade. Clin Cancer Res. 2022;28(13):2953-68. https://doi.org/10.
1158/1078-0432.CCR-21-3039.

Wang W, Spurgeon ME, Pope A, McGregor S, Ward-Shaw E, Gronski E,
Lambert PF. Stress keratin 17 and estrogen support viral persistence and
modulate the immune environment during cervicovaginal murine papil-
lomavirus infection. Proc Natl Acad Sci USA. 2023;120(12): €2214225120.
https://doi.org/10.1073/PNAS.2214225120.

Wang W, Uberoi A, Spurgeon M, Gronski E, Majerciak V, Lobanov A, Hayes
M, Loke A, Zheng ZM, Lambert PF. Stress keratin 17 enhances papilloma-
virus infection-induced disease by downregulating T cell recruitment.
PLoS Pathog. 2020;16(1): e1008206. https://doi.org/10.1371/JOURNAL.
PPAT.1008206.

Xiao CY, Zhu ZL, Zhang C, Fu M, Qiao HJ, Wang G, Dang EL. Small interfer-
ing RNA targeting of keratin 17 reduces inflammation in imiquimod-
induced psoriasis-like dermatitis. Chin Med J. 2020;133(24):2910-8.
https://doi.org/10.1097/CM9.0000000000001197.

XueT, Yan K, CaiY, Sun J, Chen Z, Chen X, Wu W. Prognostic significance
of CD163+ tumor-associated macrophages in colorectal cancer. World J
Surg Oncol. 2021;19(1):186. https://doi.org/10.1186/512957-021-02299-Y.
Yan X, Yang C, Hu W, Chen T, Wang Q, Pan F, Qiu B, Tang B. Knockdown of
KRT17 decreases osteosarcoma cell proliferation and the Warburg effect
via the AKT/mTOR/HIF1a pathway. Oncol Rep. 2020;44(1):103-14. https://
doi.org/10.3892/0R.2020.7611.

Yang B, Zhou M, Wu 'Y, Ma Y, Tan Q, Yuan W, Ma J. The impact of immune
microenvironment on the prognosis of pancreatic ductal adenocarci-
noma based on multi-omics analysis. Front Immunol. 2021;12: 769047.
https://doi.org/10.3389/FIMMU.2021.769047/BIBTEX.

Yang J, Zhang Q, Wang J, Lou Y, Hong Z, Wei S, Sun K, Wang J, ChenYY,
Sheng J, SuW, Bai X, Liang T. Dynamic profiling of immune microenviron-
ment during pancreatic cancer development suggests early intervention
and combination strategy of immunotherapy. EBioMedicine. 2022,78:
103958. https://doi.org/10.1016/j.ebiom.2022.103958.

Zhang W, Dang E, Shi X, Jin L, Feng Z, Hu L, Wu Y, Wang G. The pro-inflam-
matory cytokine IL-22 up-regulates keratin 17 expression in keratinocytes
via STAT3 and ERK1/2. PLoS ONE. 2012;7(7): e40797. https://doi.org/10.
1371/JOURNAL.PONE.0040797.

Zhou X, Chen'Y, Cui L, ShiY, Guo C. Advances in the pathogenesis of
psoriasis: from keratinocyte perspective. Cell Death Dis. 2022;13(1):1-13.
https://doi.org/10.1038/541419-022-04523-3.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 16 of 16


https://doi.org/10.1200/JCO.21.02616
https://doi.org/10.1158/1078-0432.CCR-21-3039
https://doi.org/10.1158/1078-0432.CCR-21-3039
https://doi.org/10.1073/PNAS.2214225120
https://doi.org/10.1371/JOURNAL.PPAT.1008206
https://doi.org/10.1371/JOURNAL.PPAT.1008206
https://doi.org/10.1097/CM9.0000000000001197
https://doi.org/10.1186/S12957-021-02299-Y
https://doi.org/10.3892/OR.2020.7611
https://doi.org/10.3892/OR.2020.7611
https://doi.org/10.3389/FIMMU.2021.769047/BIBTEX
https://doi.org/10.1016/j.ebiom.2022.103958
https://doi.org/10.1371/JOURNAL.PONE.0040797
https://doi.org/10.1371/JOURNAL.PONE.0040797
https://doi.org/10.1038/s41419-022-04523-3

	Keratin 17 modulates the immune topography of pancreatic cancer
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Patient demographics
	mIHC
	Optimization of mIHC protocol
	Whole slide image acquisition
	Cell detection and classification
	Dataset description
	Model validation and experimental setup
	Quantification of tumor-immune cell spatial relationships
	Statistical analysis

	Results
	Quantification of tumor-immune cell spatial relationships model
	Overall immune cell landscape in PDAC
	K17 has profound effects on the PDAC immune microenvironment

	Discussion
	Conclusions
	Acknowledgements
	References


