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Abstract

Pancreatic ductal adenocarcinoma (PDAC) remains one of the most lethal malignancies with
dismal prognosis and limited treatment options. The complex interplay between tumor cells and
their microenvironment contributes significantly to treatment resistance, yet technological
challenges have hindered comprehensive spatial characterization of immune components in
PDAC tissues. Here, we performed high-dimensional spatial proteomics using multiplexed ion
beam imaging (MIBI) to quantify 27 protein markers across tissues from twelve treatment-naive
PDAC patients who subsequently underwent adjuvant chemotherapy. We achieved confident
single-cell phenotypic mapping of the PDAC ecosystem through deep-learning based
segmentation and expert-validated phenotypic annotation. Our analysis revealed significant
enrichment of immunosuppressive myeloid populations in patients who eventually experienced
disease relapse. Conversely, cytotoxic CD8+ T cells were depleted in these relapse-prone
tumors. Using spatial probabilistic topic modeling, we identified eight distinct cellular
neighborhoods with unique compositions and functional states, including the enrichment of an
immune suppressive neighborhood in relapsed patients. While immunogenic cell neighborhoods
were present in both patient populations, analysis of the tumor-immune neighborhoods
demonstrated altered functional marker expression profiles, suggesting distinct immune
activation in patients who relapsed versus those who did not. Our findings provide a high-
resolution spatial atlas of the PDAC immune landscape and identify prognostic
microenvironmental signatures that may inform the development of novel immunotherapeutic

strategies for this recalcitrant disease.

Introduction

Pancreatic ductal adenocarcinoma (PDAC) composes the vast majority of pancreatic cancer

cases, exhibits a five year survival rate below 10%, and is often treated with palliative
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chemotherapy (1-3). While immunotherapy approaches have seen widespread success treating
several types of cancer, anti-PD1 and anti-CTLA4 therapies have shown little to no benefit in
PDAC to date (4-6). This lack of response initially suggested limited immune infiltration in the
PDAC tumor microenvironment (TME); however, growing evidence now demonstrates
significant immune cell presence within these tumors, prompting expanding efforts to
characterize these populations to help develop more effective therapeutic strategies.

Our group and others have contributed towards characterizing the immune infiltrate (7-10),
including demonstrating that prognosis can be determined by the amount of infiltrating
lymphocytes in the resection specimen (8). Within tumor infiltrating lymphocytes, we further
observed limited exhaustion in a subset of CD8 T cells, and that the majority of CD8 and CD4s
were senescent (7, 9). We additionally demonstrated activated regulatory T-cells (Tregs)
expressing multiple checkpoint molecules, including TIGIT, ICOS, CTLA4 and CD39,
suggesting the presence of an immunosuppressive microenvironment (7, 9). Recent efforts in
charting the single cell immune atlas of infiltrating immune cells in PDAC further unraveled the
complexities of the immune cells present in the disease (10—-14). While these studies have
provided crucial insights into the phenotypic and functional characteristics of immune cells in
PDAC, they largely lack the spatial context necessary to understand the complex cellular
interactions that shape anti-tumor immunity. The spatial organization of immune cells relative to
tumor cells and stromal elements has profound implications for their function, with proximity to
tumor cells, exclusion by fibrotic barriers, and formation of tertiary lymphoid structures all
potentially influencing therapeutic response (15). Additionally, distinct immune
microenvironments may coexist within the same tumor, creating regional heterogeneity that
cannot be captured by bulk or single-cell approaches alone. To address these critical
knowledge gaps, we employed multiplexed ion beam imaging (MIBI) (16) to visualize 27 protein
markers in PDAC tissues simultaneously, enabling comprehensive spatial mapping of immune

cell phenotypes, functional states, and their relationships to clinical outcomes.
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Experimental procedures

Human tissue acquisition and patient consent

Patients who underwent a curative resection for pancreatic ductal adenocarcinoma were
consented for this study. Eight patients were recruited from Oxford under the Oxford Radcliffe
biobank (09/H0606/5 + 5, project: 19/A177, REC: NRES Committee South Central - Oxford C).
Four patients were recruited from Aachen medical centre under RWTH Aachen biobank project:
EK360/19. Informed consent was obtained for all patients. The study was in strict compliance
with all institutional ethical regulations. All tumor samples were surgically resected primary
pancreatic ductal adenocarcinomas, and subsequently processed into formalin-fixed paraffin-
embedded (FFPE) tissue blocks. All tumors were subjected to pathological re-review and
histological confirmation by two expert PDAC pathologists before analysis. Individual clinical
information used in this study can be found in Supplementary Table 1 and is also referenced in

Sivakumar et al. (10).

MIBI Antibody conjugation and panel

Antibody conjugation was performed using the Maxpar X8 Multimetal Labeling Kit (Fluidigm,
201300) and lonpath Conjugation Kits (lonpath, 600XXX) with a similar protocol as previously
reported (17). Briefly, with a 50 kDa Amicon Ultra Filter (Millipore Sigma, UFC505096) as the
reservoir, 100 ug of BSA-free was first washed quickly with buffer for conjugation reaction, then
reduced with TCEP for 30 min in a 37 °C water bath at a final concentration of 4 yM (Thermo
Fisher Scientific, 77720). After washing to remove excessive TCEP, the reduced antibody was
mixed and incubated with lanthanide-loaded polymers for 90 min in a 37 °C water bath. Then,
the product was washed five times with wash buffer and quantified using a NanoDrop (Thermo

Scientific, ND-2000) in IgG mode at 280 nm. The concentration of products was then adjusted
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to an easy-to-use number with at least 30% v/v Candor Antibody Stabilizer (Thermo Fisher
Scientific, NC0414486), then stored at 4°C until staining. The MIBI panel for this study consisted
of antibodies targeting PDAC-specific markers, stromal components, and immune cell markers
to comprehensively analyze the pancreatic tumor microenvironment For more details regarding

the antibodies used in this study, see Supplementary Table 2.

Tissue staining

The FFPE blocks of patient samples were sectioned at 4 ym thickness and mounted on the
MIBlscope slides (lonpath, #567001). MIBI staining was performed as previously described (18—
21). Briefly, the slides with FFPE sections were first baked at 70°C for 90 min, followed by
antigen retrieval at 95°C for 20 min with Target Retrieval Solution (Agilent, S236784-2) on a PT
Module (Thermo Fisher Scientific, A80400012). The section was then blocked by BBDG (5%
normal donkey serum, 0.05% NaNs in 1x TBS-T) and stained with a cocktail of conjugated
antibodies at 4°C overnight. Subsequently, the sample was washed with wash buffer (0.1% BSA
in 1x TBS-T) and post-fixed with 4% PFA and 2% glutaraldehyde in 1x PBS, before undergoing
a series of dehydration steps on the linear stainer (3x with 100 mM Tris pH 7.5, 3x with ddH-0,
1x with 70% EtOH, 1x with 80% EtOH, 2x with 95% EtOH, 3x with 100% EtOH, 180 s for each
wash), before storage in a vacuum desiccator until acquisition. The panel and concentration of

each antibody can be found in Supplementary Table 2.

MIBI image acquisition and pre-processing

The multiplexed image datasets of MIBI were acquired using a commercially available
MIBlIscope™ system from lonpath. In addition to the built-in quality control, the beam current
was measured and adjusted using a Faraday cup before each run to ensure it fell within the

recommended range. A quick scan of a Molybdenum foil target was then performed, and the
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count yields of Molybdenum isotopes were recorded to confirm proper ion detection. Except the
built-in quality control, before every run, the beam current was measured and adjusted over a
Faraday cup to be located within the recommended range; then, a quick run over a
Molybdenum foil target was performed, and counts yields of Molybdenum isotopes were noted
to assure good ion detection. For real runs, the field of view (FOV) acquired and the parameters
used for each FOV can be found in Supplementary Table 3, with typical conditions listed as
below:

- Pixel dwell time: 2 ms

- Image area: 400 x 400 pm

- Image size: 512 x 512 pixels

- Probe size: ~400 nm

- Primary ion current: Coarse mode (9.5-10 nA on a built-in Faraday cup)

- Number of planes: 1 depth

- Time cost per image: 8.5 min

Specifically, due to the rather limited FOVs area that MIBI is able to acquire at scale, a board-
certified pathologist (L.R.H.) first selected the FOVs of pathological interest (focusing on tumor
and immune infiltrates) from the accompanying sequential H&E sections. These FOVs were
subsequently acquired by MIBI.

After the raw .bin files were generated by the MIBIscope machine, the single-channel mass
spectrometry images were extracted using the toffy package (v0.2.2)

https://github.com/angelolab/toffy (22). The mass range for extraction of each channel can be

found in Supplementary Table 2. Imaging stitching was performed with custom MatLab scripts

(https://qgithub.com/dtebaykin/MibiStitch) followed by flat-field correction. MIBI data often

contains several sources of background noise, including gold ions from the conductive slide,
isotopic impurities, and elemental contamination. To systematically correct for any sources of

contamination, we performed Rosetta image compensation using toffy v0.2.2
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(https://github.com/angelolab/toffy/) (22). Coefficients for sources of noise spillover were

empirically determined using a grid search method to remove noise while retaining biological
signal.
Single Cell Segmentation and Expression Matrix Extraction

Cell segmentation was performed using Mesmer (v0.12.2) (23) with the following parameters:

Nucleus channel: Histone H3

Membrane channels: sum of channel HLA-DR, CD45-RA, CD3, CD20, CD68

Mpp = 0.78,

interior_threshold = 0.05

- maxima_threshold = 0.075

The signals of all markers within each segmented cell area were summed and then normalized
by the cell size, to create a final cell expression matrix in which each row represents a single
cell. Each column represents the size-normalized expression level of different markers. We next
perform a percentile cutoff at 0.5% (floor) and 99.5% (ceiling) for each marker, before scaling
the final expression to 0-1. This final cell expression matrix was used for the rest of the analysis.

Additional processed data information can be found in the Data Availability section.

Cell Type Annotation, Clustering, Neighborhood Modeling

Using the final cell expression matrix generated as described above, initial cell clusters were
identified using PhenoGraph [v0.99.1] (24). Clusters were manually assigned putative cell type
identities based on canonical phenotypic marker expression, before visual validation by plotting
back the phenotypes to the multiplexed MIBI image. Further subclustering was performed as
needed iteratively. Final tumor cell populations were manually distinguished from normal

epithelial cell populations with the guidance and expertise from a certified pathologist (L.R.H)
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using MIBI images and the accompanying H&E scans from a sequential section. All final
staining and annotations were visually validated by L.R.H.

Cell neighborhoods were identified across tissue regions using Spatial-LDA (25) with parameter
admm_rho = 0.1. The model was fitted with n € N = {6, 7, 8, 10, 11} neighborhoods before
identifying n = 8 as the optimal number of neighborhoods with maximum resolution and legibility
(Fig. S3A). Cells interfacing at the borders of cell neighborhoods were determined via Delaunay
triangulation using deldir (2.0.4). Codes that used to generate each figure can be found in the

Data Availability section.

Cancer Buffering Zone Analysis

To extract the tumor patches in the PDAC image, the mix_keratin MIBI images were binarized,
morphologically transformed, and size filtered to generate epithelial patches images. After that,
the pathologist-guided tumor annotations from L.R.H. were used to identify whether those
patches were cancerous, to generate tumor patch maps for each FOV.

The tumor-cell-distance was then generated for every cell of each FOV by looping through each
cell and measuring the distance between it and the closest tumor patches. The cells were then
binned together based on distance for subsequent visualization. Codes that used to generate

each figure can be found in the Data Availability section.

Statistical Modeling

In order to have a comprehensive view of effects of the functional profile of the neutrophils on
patient response (relapse vs. non-response) and its interaction with the spatial location of
associated neutrophils either near or far from tumor, a modeling approach with principal
component analysis (PCA) and random forest was implemented with 10 repeated 3-fold cross

validation where each fold was stratified at patient level.
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Neutrophils were first categorized into “near tumor” (25 pm from the closest tumor area) and
“far from tumor” (>25 pm but <100 ym). Then PCA was performed on the each group’s
functional profile (CD16, MPO, CD45RA, CD45R0, HLA-DR, Ki-67, PD-L1) to get two sets of
principle components, one for the near tumor profile and the other for the far from tumor profile.
Then these PCs were used to fit random forest models with relapse status as the response
variable. 10 repeated 3-fold cross validation was used to get more robust estimates.

The variable importance metrics for each model were recorded and the PCs were ranked based
on their frequency of being the top 5 most important variables in a model. Then, the top PCs
were picked and their loadings were inspected to determine the biological interpretation of the
PCs. Codes used to generate each figure can be found in a Github repository under the Data

Availability section.

Power Calculation

To identify relapse-associated differences, we first quantified the relative abundance of each cell
type and cell neighborhood (CN) within every FOV or non-overlapping sub-FOVs. For each sub-
FQOV, the proportion of a given cell type or CN was calculated by dividing its cell count by the total
number of cells in that sub-FOV. These proportions were then compared between relapse and
non-relapse groups using the two-sided Wilcoxon rank-sum test, a non-parametric method
suitable for non-normally distributed data. Statistical significance was determined at a threshold
of a=0.05, and fold differences were expressed as log2-transformed ratios between the mean
proportions of the two groups. To assess the robustness of these findings under limited sample
size, we conducted an empirical simulation-based power analysis (26—28). An equal number of
non-overlapping sub-FOVs were randomly dropped from the relapse and non-relapse groups
across 200 iterations, and the Wilcoxon test was repeated at each iteration. This stratified

subsampling strategy allowed us to estimate the empirical probability of detecting significant
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differences (p < 0.05) across a series of reduced-sample scenarios. The resulting empirical power
was summarized as the proportion of iterations in which significance was retained, and 95%
confidence intervals were computed using binomial estimates (29). This simulation-based
approach accounts for biological heterogeneity and spatial sampling variability, providing a
realistic measure of statistical stability under the current cohort size. Consistently high empirical
power (=80%) across multiple subsampling levels indicates that the observed relapse-associated

cellular and spatial features are reproducible and not driven by overfitting.

Results

Spatial immune profiling reveals distinct immune signatures in
pancreatic adenocarcinoma

To elucidate the key immune determinants that drive this treatment resistance and disease
recurrence, we conducted a prospective study of 12 treatment-naive PDAC patients who
subsequently underwent adjuvant chemotherapy (Fig. 1A). At the time of this analysis, 8
patients had experienced cancer relapse while 4 patients remained relapse-free, providing a
rare opportunity to identify potential pre-treatment immune signatures associated with clinical
outcomes.

To interrogate the tumor immune landscape at single-cell resolution, we employed multiplexed
ion beam imaging (MIBI) using a comprehensive 27-marker panel. This panel captured key
lymphoid, myeloid, and stromal phenotype markers, alongside functional markers indicative of
cell activation and exhaustion states (Fig. 1B, Fig. S1A). By integrating MIBI with advanced
single-cell segmentation and annotation algorithms, we were able to resolve distinct cell
phenotypes and their spatial relationships within the preserved tissue architecture This

approach enabled simultaneous visualization and quantification of tumor cells, diverse immune
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populations, and their functional states within the intact tumor microenvironment (Fig. 1C, Fig.
S2A). 39 multiplexed images were acquired on regions of interest with MIBIscope under the
guidance of a board-certified pathologist using the H&E scan from the sequential section (Fig.

1D).

Recurrent pancreatic tumors are enriched with immune-suppressive
myeloid cell populations

To characterize the cellular composition of the PDAC tumor microenvironment, we performed
unsupervised clustering of cellular marker expression profiles across all tissue samples. This
analysis identified 16 distinct cell populations, including multiple T cell subsets, B cells,
macrophages with diverse phenotypic states, as well as non-immune stromal and epithelial
components (Fig. 2A, Fig. S2B). The clustering results exhibited clear delineation between
lymphoid and myeloid lineages, while also capturing functional heterogeneity within these major
lineages. This diverse panel enabled the further delineation of cell populations based on their
proliferative capacity (Ki67), immune checkpoint expression (PD-1, PD-L1), and activation
status (CD25, ICOS) (Fig. 2B).

When comparing samples from patients who experienced disease relapse to those who
remained relapse-free, we observed a striking enrichment of immunosuppressive myeloid
populations in the relapse group (Fig. 2C, Fig. S3A). Comparative enrichment analysis revealed
that macrophages exhibiting an M2-like, anti-inflammatory phenotype and normal epithelial cell
populations were the most significantly enriched in treatment-naive samples from relapsed
patients. This enrichment pattern extended to monocytes as well, suggesting a broadly
immunosuppressive microenvironment in tumors prone to recurrence. In contrast, cytotoxic

CD8+ T cells were significantly depleted in the relapse group before treatment, indicating



Runnlng e opdtdl Froteomics uncovers rumaor-immune interraces in FuAv

compromised anti-tumor immunity in these patients and confirming the presence of cytotoxic T
cells as a strong indicator of tumor clearance (30). Importantly, these cellular composition
differences were consistently observed across individual patients, reinforcing the robustness of
this immunosuppressive signature as a potential determinant of treatment response (Fig. 2D).
We postulated that the relatively small sample size may pose challenges to the robustness of
the findings. To our knowledge at the time of this study, no publicly available PDAC multiplex
imaging dataset includes explicit relapse versus relapse-free annotations, which precludes
external validation. To address this limitation, we implemented a simulation-based empirical
power analysis to assess the reproducibility of the observed phenotypic differences within the
existing dataset. Specifically, each field of view (FOV) was divided into 20 non-overlapping sub-
FOVs to increase the number of statistically independent sampling units while avoiding pseudo-
replication. We then conducted a stratified random subsampling experiment, in which an equal
number of sub-FOVs were randomly dropped from both relapse and non-relapse groups at each
iteration (200 iterations per drop level). For every cell type, a Wilcoxon rank-sum test was
recalculated, and empirical power was defined as the proportion of iterations where p < 0.05,
with 95% binomial confidence intervals.

As shown in the Figure S3A, several immune and epithelial cell populations maintained = 80%
statistical power even after random subsampling, indicating robust and reproducible group
differences. Notably, neutrophils retained high empirical power even after 100~150 sub-FOVs
were dropped from each group, demonstrating that the neutrophil phenotype remains
statistically stable under reduced sampling. Similar stability was observed for CD4 T cells, CD8
T cells, epithelial cells, lymphatic cells, M2-like macrophages, monocytes, and plasmablasts,
which collectively support the biological robustness of the relapse-associated immune
signatures. This empirical scaling analysis provides an internal validation framework that mimics
testing across smaller, hypothetical cohorts and demonstrates that the key neutrophil and

immune cell patterns are not artifacts of limited sampling.
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Spatial organization reveals neighborhoods of immune suppression
associated with patient relapse

Beyond individual cell populations, the spatial organization of immune cells and their
interactions within the tumor microenvironment may critically influence disease progression. To
characterize these spatial patterns, we implemented a probabilistic topic modeling approach
that defined distinct tissue multicellular structures, which we term "cellular neighborhoods" (Fig.
3A, Fig. S3B). This unsupervised analysis identified eight distinct neighborhood types, each
with a unique cellular composition and spatial arrangement.

Marker expression analysis within these neighborhoods revealed coordinated patterns of
immune modulation that transcended individual cell types, suggesting emergent properties of
cellular communities (Fig. 3B). We identified an "immune suppressive" neighborhood
characterized by co-localization of M2-like macrophages and monocytes. Interestingly, we also
identified a neighborhood dominated by normal epithelial cells with Ki67 expression, suggesting
potential abnormal proliferation. Both neighborhood types were significantly enriched in relapse-
positive patients and may potentially play a role in enabling tumorigenesis and tumor recurrence
(Fig. 3C, Fig. S3C).

To further characterize tumor-immune interactions, we constructed an Euclidean distance matrix
to measure the proximity between cells within tumor neighborhoods and those in other
neighborhood types (Fig. 3D). This spatial mapping revealed which immune modules were most
frequently occupied at the tumor-immune interface. Complementing this analysis, we employed
Delaunay triangulation, where edges represent direct cellular interactions, to quantify the
proportion of tumor neighborhood cells directly interfacing with cells from different neighborhood
types. The "active immune" and "immune rich" neighborhoods comprised the most frequent
interactions with tumor regions in non-relapsed patients (Fig. 3E). Analysis of the functional

marker profile of cells at these tumor-immune interfaces identified differential expression of
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immune checkpoint and activation markers (Fig. 3F). At the “active immune” interface, cell
populations expressed lower levels of CD11b, CD15, and CD16 myeloid and CD45R0O, HLA-
DR, and MPO immune activation markers, suggesting the presence of functionally distinct and

potentially immunosuppressive cell states despite phenotypic similarity.

Tumor buffer zone analysis reveals distinct spatial distribution of
immune cells and functional features of neutrophils associated with

disease recurrence

A distance-based analysis was next performed to evaluate how different cell phenotypes are
spatially distributed relative to tumor regions. By combining keratin staining with pathologist-
annotated tumor areas, tumor masks were generated for each FOV. For each cell, the minimum
distance to the tumor area was calculated (Fig. 4A), enabling precise spatial mapping of
immune populations relative to the tumor boundary. Cell phenotype ratios were then binned
based on their distance from the tumor, and plotted according to patient relapse status (Fig. 4B,
Fig. S4A).

This spatial analysis revealed striking differences in the immune cell composition surrounding
tumor regions between relapsed and non-relapsed patients. Neutrophils emerged as the most
abundant and differentially distributed cell type near tumor regions in both patient groups, but
with distinct distribution patterns and functional characteristics (Fig. 4B). In relapsed patients,
we observed a concentrated zone of neutrophils immediately proximal tumor border, while non-
relapsed patients showed increased neutrophil presence further away (>25um) from the
immediate tumor interface (Fig. 4B).

Although the CD15 expression in the neutrophils was not significantly different across the
relapsed and-non relapsed patients, functional markers showed significant differences between

these two groups (Fig. 4C). Neutrophils in relapsed patients exhibited significantly higher
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expressions of PD-L1, MPO, and lower CD45R0O compared to those in non-relapsed patients
(Fig. 4C). The PD-L1 expressing tumor-associated neutrophils (TANs) generally are considered
as pro-tumor through suppression of cytotoxic T cells, and have been shown to contribute to the
growth and progression of some human cancers (31, 32). Recent evidence also shows that the
regulation towards the PD-1/PD-L1 axis blocks the neutrophil cytotoxicity in cancer (33). Those
evidence may align with the elevated PD-L1 level in TANs of relapsed state patients. A
preliminary report also demonstrated TANs-mediated immunosuppression depends on MPO-
driven ROS, and knocking out or inhibiting MPO reduces suppression and slows tumor growth
(34). Thus, these functional differences align with known features of TANs and suggest distinct
neutrophil phenotypes associated with disease outcomes. While neutrophil populations grouped
by proximity to the tumor (near vs. far) also exhibited functional differences, the contrast was
more pronounced between relapse groups than between distance cohorts (Fig. S4A&B),
indicating that at least in this context of these tumor-associated neutrophils, the functional state
is more predictive than spatial organization for clinical outcome.

To further explore the association of neutrophils with patient relapse status, we next trained a
random forest model using the features from tumor-associated neutrophils. Given the limited
sample size (n = 12; relapsed = 8, non-relapsed = 4), we first applied principal component
analysis (PCA) to reduce dimensionality. This analysis included features from neutrophil
populations categorized as “near” (<25 um from the tumor border) and “far” (>25 ym but <100
pum) (Fig. 4D).

The model revealed consistent patterns showing that features from "near" neutrophil
populations contributed more significantly to relapse than those from "far" populations (Fig.
S4C&D). The partial dependence plots for key neutrophil populations highlighted the correlation
between neutrophil characteristics and relapse probability (Fig. S4E), which is next visualized
via the PCA loading matrix for the model (Fig. 4E). By integrating the PCA loading matrix with

these partial dependence relationships, we identified that at least two distinct neutrophil
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neutrophil-associated signatures are associated closely with the outcomes in PDAC patients
(Fig. 4F). Specifically, features derived from populations 4 and 7 exhibited distinct PD-L1-
associated patterns, differing in their relationships with CD45R0O and CD16, respectively (Fig.
4E&S4E, summarized in Fig. 4F). Despite the nonmonotonic association observed for
population 2, these findings suggest that distinct multivariate neutrophil-associated signatures
may capture complementary information relevant to relapse prediction.

The targeted nature of the antibody-based imaging spatial proteomics also encompasses a
lower number of features measured compared with methods such as scRNA-seq. Furthermore,
tumour neutrophil subsets are frequently defined by scRNAseq-based clustering without
definitive, empirical verification of associated surface markers, thus making it difficult to
construct strict correlations between our neutrophil populations (identified with protein-based
methods) with the established paradigms (35, 36). Nevertheless, an elevated level of PD-L1 in
population 4 functionally suggests their correlation with the immunosuppressive TAN
populations, or “N2” state. Their presence in the pre-treatment state could further enhance the
immune suppressive PD-1/PD-L1 axis in the context of PDAC, resulting in suppression of anti-
tumour T cell responses to drive potential relapse (33). On the other hand, CD16 expression in
neutrophils marks mature neutrophils (37), and high CD16 expressing TANs with lower PD-L1
expression were more enriched in non-relapsed patients prior to treatment. These findings
further emphasize the heterogeneity of TANs across PDAC patients, and imply the potential
association between the functional polarization of neutrophils at the tumor-immune interface and

treatment response and disease progression in PDAC.
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Discussion

Our spatial proteomic profiling of pancreatic ductal adenocarcinoma has revealed insights into
the complex tumor microenvironment that may underlie the poor response to conventional
therapies and immunotherapeutic approaches. By integrating high-dimensional protein
expression data with spatial information at the single-cell resolution, we have identified distinct
cellular neighborhoods and immune cell functional states associated with disease recurrence
following adjuvant chemotherapy.

Despite the highly immunosuppressive nature of PDAC, a key finding of our study is the further
enrichment of immunosuppressive myeloid populations in patients who experienced disease
relapse. The abundance of M2-like macrophages and specific monocyte populations suggests a
coordinated immunosuppressive program that may facilitate tumor escape from immune
surveillance. This observation aligns with previous studies highlighting the importance of
myeloid-derived suppressor cells in PDAC progression (38, 39), and further extends beyond
these findings by demonstrating their spatial organization relative to tumor cells and other
immune populations.

Particularly striking was our discovery of neutrophil phenotypic heterogeneity at the tumor-
immune interface. The distinct functional profiles of neutrophils in relapsed versus non-relapsed
patients, characterized by differential expression of PD-L1, MPO, CD45R0O, and CD16, points to
the polarization of these cells as a potential determinant of disease outcome, and adds to the
growing appreciation of neutrophil plasticity in cancer (40).

The spatial analysis of cellular neighborhoods revealed organized multicellular structures with
distinct compositions and functional states that reflect differences in immune engagement. This
pattern suggests that relapse is associated with diminished anti-tumoral immune function,

despite phenotypically similar and “active” neighborhood architecture. This rationalizes the need
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to include both spatial context and cellular features in developing robust predictors of treatment
response in PDAC, as demonstrated in our proof of concept here.

Our study has several clinical implications. First, the identification of cellular neighborhoods
associated with disease recurrence provides potential biomarkers for risk stratification. Patients
with high infiltration of immunosuppressive myeloid cells, particularly with specific neutrophil
phenotypes, might benefit from more aggressive treatment approaches or closer surveillance.
Second, the functional heterogeneity of myeloid populations suggests potential targets for
therapeutic intervention. Strategies to reprogram immunosuppressive myeloid cells toward pro-
inflammatory phenotypes or selectively deplete specific subsets could enhance the efficacy of
conventional chemotherapy or immunotherapy (36).

Several limitations of our study should be acknowledged. The relatively small sample size, while
providing statistically significant results and validated by power calculation, can be damaging to
the robustness of above clinical conclusion in light of the heterogeneity of PDAC, this study
would benefit from future validation in larger, independent cohorts. Besides that, we did not
include cancer-associated fibroblasts (CAFs) in our analysis, although they are key parts of the
PDAC TME. While elevated levels of SMA, an established CAFs marker, can be robustly
observed surrounding the malignant epithelial layers, the lack of a clear single lineage marker
and difficulties in segmentation and annotation resulted in CAFs being grouped in the “Other”
cell phenotype category. Additionally, while our multiplexed imaging approach provided detail of
the PDAC microenvironment, integrating these findings with genomic alterations and systemic
immune parameters in the future could provide a more comprehensive understanding of
treatment response determinants.

Exciting future directions also include exploring the mechanisms driving the formation of distinct
cellular neighborhoods in PDAC and investigating whether these spatial patterns change
dynamically during treatment. Longitudinal sampling before and after treatment could provide

insights into how cellular neighborhoods evolve during disease progression and treatment
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resistance. Furthermore, functional studies are direly needed to determine whether targeting
specific cellular neighborhoods could enhance therapeutic efficacy.

In conclusion, our spatial proteomic profiling of PDAC reveals a complex ecosystem of tumor
and immune cells whose organization and functional states are associated with disease
recurrence. The identification of specific cellular neighborhoods and myeloid cell phenotypes
provides new insights into the mechanisms of treatment resistance and offers potential avenues
for therapeutic intervention. The potential association between neutrophil subsets near the
tumor boundary and the disease outcomes further underscores the importance of considering
spatial context in understanding cancer biology, and highlights the potential of spatial
proteomics as a powerful approach for dissecting the tumor microenvironment in PDAC and

other cancer types.
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Figure legends

Figure 1. Study cohort and multiplexed ion beam imaging workflow.

(A) Study design schematic depicting treatment-naive pancreatic cancer patients (n=12)
who underwent tissue sectioning (12 regions, 35 total fields of view) followed by adjuvant
chemotherapy. Patient outcomes were tracked, resulting in two cohorts: those who
relapsed (n=8) and those with no relapse to date (n=4). Created in BioRender. Yeung, J.
(2025) https://BioRender.com/baxw1tg

(B) Multiplexed lon Beam Imaging (MIBI) antibody panel comprising 27 markers organized
into cell phenotype (lymphoid, myeloid, others) and functional markers.Created in
BioRender. Yeung, J. (2025) https://BioRender.com/vvp3ilz

(C) MIBI experimental and computational workflow diagram showing: specimen preparation
with metal-isotope conjugated antibodies, ion beam rastering across tissue samples,
time-of-flight mass spectrometry for isotope detection, multiplexed image assembly,

segmentation and feature extraction from cellular boundaries, iterative graph-based
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clustering for cell type identification, cell type annotation using marker expression
profiles, spatial projection with validation of tissue architecture, and downstream various
distance-based analyses. Created in BioRender. Yeung, J. (2025)
https://BioRender.com/p779wQj

(D) Representative images of pancreatic adenocarcinoma tissue: H&E stained section (left)
and corresponding MIBI multiplex image (right) showing cytokeratin (magenta), CD11b

(yellow), CD4 (green), and Histone H3 (gray).

Figure 2. Annotation and enrichment of PDAC cell populations.

(A) Spatial cell phenotyping visualization showing a multiplexed MIBI image (top) with
cytokeratin (magenta), CD11b (cyan), CD16 (yellow), and Histone H3 (gray), alongside a
cell type annotation map (bottom) with computationally identified cell populations
represented in various colors.

(B) Heatmap of marker expression across identified cell types. The upper panel shows
expression levels (Z-scores) of lineage markers with histogram of cell type counts. The
lower panel displays functional marker expression across the identified cell populations.
Color bars at bottom indicate different cell types.

(C) Cell type enrichment analysis comparing Relapse+ (top) versus Relapse- (bottom)
patient samples, showing log2 fold enrichment for each cell type, represented by
corresponding colors. Significance determined by Wilcoxon rank sum test of cell type
proportion between relapse and non-relapse populations (*** = p < 0.001, **=p <0.01, *
= p < 0.05).

(D) Infiltration of various immune cell species across tissue samples from different patients.

Color stratifies patients who have relapsed versus those who have not.

Figure 3. Classification and enrichment of cell neighborhoods in PDAC TME.
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(A) Cellular neighborhood classification workflow showing cell phenotype map (left) and
corresponding cell neighborhood classification (right), with schematic representation of
probabilistic topic modeling approach used to define spatial patterns and calculate
neighborhood composition.

(B) Heatmap displaying distinct marker expression patterns within identified cellular
neighborhoods. The upper panel shows lineage marker expression with histogram of
neighborhood counts. The lower panel shows functional markers across different cellular
neighborhood types. Color bar indicates neighborhood classifications.

(C) Log2 fold enrichment values for each identified cellular neighborhood in relapse-positive
(Relapse+) versus relapse-negative (Relapse-) patients. Significance determined by
Wilcoxon rank sum test of CN proportion between relapse and non-relapse populations
(***: p<0.001, **: p<0.01, *: p <0.05).

(D) Minimum distance from tumor neighborhood cells to cells from other neighborhoods.
Median is calculated based on the median closest distance across all FOVs. Bars
denote 25% and 75% interquartile range.

(E) Proportion of tumor to other neighborhood interfacing interactions based on Delaunay
triangulation.

(F) Functional marker expression of non-tumor neighborhoods at the interface of tumor cell
neighborhoods. Significance determined by Wilcoxon rank sum test (****: p < 0.0001, ***:

p <0.001, **: p<0.01, *: p<=0.05, ns: p > 0.05)

Figure 4. Analysis on neutrophils in PDAC TME based on tumor-cell distance.
(A) Cell-tumor distance measurement workflow: first, the tumor region masks were created
from pathologist validated tumor annotation and keratin-mix marker image; then, the
nearest tumor region was searched for each individual cell on a FOV, and a cell-tumor

distance was calculated.
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(B) The phenotype ratios at different tumor-cell distances were binned together and plotted
against the tumor-cell distance to show the TME changes around tumor regions, data
were splitted by patient status of relapsed and non-relapsed.

(C) Selected phenomarkers and functional markers of neutrophils in relapsed and non-
relapsed patients. (****: p < 0.0001, ns: p > 0.05).

(D) Prediction accuracy of the random forest model based on PCA of neutrophil related
features.

(E) The PCA loading matrix of principal components, or populations that contributed most
significantly to the outcome of the random forest model. Columns of coefficients indicate
the correlation of each individual marker toward the specific principal component, or
population.

(F) Proposed model for the specialized neutrophil-associated signatures detected through
the random forest model based on PCA of neutrophil related features and distance

analysis.
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Spatial Proteomics Uncovers Immune Cell Neighborhoods and Tumor-Immune Interfaces
in Pancreatic Ductal Adenocarcinoma

Highlights:

Mapping and deciphering of the PDAC tumor microenvironment by spatial
proteomics.

Myeloid enrichment and cytotoxic CD8+ T cells depletion in relapsed patients.
Identification of cell neighborhoods with frequent interactions with tumor regions.
Neutrophil heterogeneity at the tumor-immune interface may relate to relapse
status.



Spatial Proteomics Uncovers Immune Cell Neighborhoods and Tumor-Immune Interfaces
in Pancreatic Ductal Adenocarcinoma

In Brief Summary:

The tumor microenvironment of pancreatic ductal adenocarcinoma (PDAC) was profiled
through multiplexed ion beam imaging (MIBI), and linked to disease recurrence. Relapsed
patients exhibited enrichment of immunosuppressive myeloid populations, and depletion
of cytotoxic CD8+ T cells. Although immunogenic neighborhoods were present throughout,
relapsed cases continued characteristic functional marker profiles at the tumor-immune
interfaces. Analysis on neutrophils in the tumor buffer zone associates higher predicted
relapse with PD-L1"e"/CD45R0"" and lower relapse with CD16"€"/PD-L1'°" neutrophil
profiles, highlighting potential recurrence-associated neutrophil states that require further
validation.
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