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Machine Learning Links T-cell Function and Spatial

Localization to Neoadjuvant Immunotherapy and Clinical

Outcome in Pancreatic Cancer
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Tumor molecular data sets are becoming increasingly complex,
making it nearly impossible for humans alone to effectively analyze
them. Here, we demonstrate the power of using machine learning
(ML) to analyze a single-cell, spatial, and highly multiplexed
proteomic data set from human pancreatic cancer and reveal
underlying biological mechanisms that may contribute to clinical
outcomes. We designed a multiplex immunohistochemistry anti-
body panel to compare T-cell functionality and spatial localization
in resected tumors from treatment-naive patients with localized
pancreatic ductal adenocarcinoma (PDAC) with resected tumors
from a second cohort of patients treated with neoadjuvant agonistic
CD40 (anti-CD40) monoclonal antibody therapy. In total, nearly
2.5 million cells from 306 tissue regions collected from 29 patients
across both cohorts were assayed, and over 1,000 tumor microen-
vironment (TME) features were quantified. We then trained ML

Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the most
aggressive treatment-refractory cancers with a median overall survival
rate of just months (1). Thus, there is a critical need for an improved
understanding of the immunobiology of PDAC to inform future
treatment strategies for this disease. Recent reports reveal immuno-
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models to accurately predict anti-CD40 treatment status and dis-
ease-free survival (DFS) following anti-CD40 therapy based on
TME features. Through downstream interpretation of the ML
models’ predictions, we found anti-CD40 therapy reduced canon-
ical aspects of T-cell exhaustion within the TME, as compared with
treatment-naive TMEs. Using automated clustering approaches, we
found improved DFS following anti-CD40 therapy correlated with
an increased presence of CD44 " CD4" Th1 cells located specifically
within cellular neighborhoods characterized by increased T-cell
proliferation, antigen experience, and cytotoxicity in immune
aggregates. Overall, our results demonstrate the utility of ML in
molecular cancer immunology applications, highlight the impact of
anti-CD40 therapy on T cells within the TME, and identify potential
candidate biomarkers of DFS for anti-CD40-treated patients with
PDAC.

logic responses in PDAC are induced via approaches that promote
priming of T-cell responses against PDAC, such as occurs following
agonistic CD40 monoclonal antibodies (anti-CD40; ref. 2) and mRNA
vaccination (3) strategies. We and others have previously reported that
anti-CD40 binds to CD40 on dendritic cells (DC), thereby licensing
DCs to subsequently enhance T-cell activation and bolster antitumor
immunity (4). In addition, we previously described the global immune
contexture of the PDAC tumor microenvironment (TME) at baseline
and after anti-CD40 therapy and found anti-CD40-treated TMEs
contained reduced densities of M2-like tumor-associated macro-
phages, increased DC maturation, and increased T-cell enrich-
ment (2, 5). However, little is known regarding the selective impact
of anti-CD40 therapy on granular T-cell states within the TME, and
studies interrogating how anti-CD40 stimulation sculpts the T-cell
response specifically (6, 7) are needed to optimize anti-CD40 use in the
clinical setting.

Upon antigen stimulation, T cells exist along a spectrum of diverse
differentiation states with varying functionalities (8). On one end, T
cells possess stem-cell-like plasticity, accompanied by memory, pro-
liferative, and cytotoxic capabilities, and are identified by expression of
T-BET, and/or TCF-1 (9, 10). On the other end, T cells are exhausted
and/or dysfunctional and express TOX1 and/or EOMES (11). Along
the spectrum, expressed in varying combinations, T cells express
immune-checkpoint molecules such as PD-1, LAG-3, and TIM3, with
increased expression of immune-checkpoint molecules correlating
with more exhausted T cells (12). These partially exhausted T cells
are susceptible to reinvigoration by immune-checkpoint blockade
(ICB) and regain the ability to proliferate and produce effector
cytokines (13). However, terminally differentiated T cells expressing
TOX1 or EOMES areresistant to rescue by ICB and fail to proliferate or
exert cytotoxic activity (14). Flow-cytometric analyses of T cells in
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preclinical tumor models or tissues following viral infection have
elucidated notable T-cell states; however, characterizations of effector
versus exhausted T-cell phenotypes from tumors in patients are scant.
Moreover, with the advent of single-cell sequencing approaches, the
diversity of T-cell subsets within tumors is seemingly endless (15, 16).
We sought to clarify T-cell characteristics within the PDAC TME and
identify subsets associated with therapeutic anti-CD40 responses.
Recognizing that both the cellular composition and spatial organiza-
tion of cells is a critical metric associated with therapeutic response and
clinical outcome (17-22), we investigated the impact of anti-CD40
therapy on the complex spatial contexture of T cells within the PDAC
TME and associated survival.

We previously developed a multiplex immunohistochemistry
(mIHC) single-cell spatial proteomics imaging platform to interrogate
leukocyte heterogeneity and spatial landscape within various
TME:s (5, 23, 24). Following a cyclical staining protocol, the mIHC
platform iteratively deploys up to 30 antibodies on a single tissue
specimen, thus preserving TME spatial context. Resulting data provide
single-cell resolution maps quantifiable by a number of metrics that
can be correlated with therapeutic response or clinical outcome.
However, this reductionist approach does not combine or weigh TME
features together to capture the biological complexities of the TME.
Machine learning (ML), a form of artificial intelligence, can address
TME complexity by creating computational models that weigh and
combine data features to predict a given output. ML models can be
used to make accurate predictions for new data and analyzed to
identify the feature combinations most important in the predictions.
As a result of this capability, ML is becoming widely utilized in
precision oncology to decipher patterns in large data sets resulting
from deep interrogations (21, 25-27).

Here, we leveraged ML to elucidate the frequency of various T-
cell states in PDAC and investigated the impact of anti-CD40
therapy on those states. We first designed an mIHC antibody panel
to deeply audit T-cell functionality and spatial organization in
patients from either treatment-naive or neoadjuvant anti-CD40-
treated PDAC cohorts. Using this mIHC panel, we generated a data
set of nearly 2.5 million cells with spatially resolved single-cell
phenotypic and functional measurements. Interrogation of this data
set presented a unique opportunity to elucidate: First, the types of T
cells present at baseline in a treatment-refractory disease, and
second, to what degree anti-CD40 therapy sustains T-cell function-
ality in situ, or instead promotes T-cell dysfunction that may limit
the potential use of anti-CD40 or other T-cell priming therapies in
the clinical setting. Given the vast amount of spatially resolved data
and the complexity of T-cell function in the TME, we leveraged ML
approaches to discern new biological insights regarding T cells in
the pancreatic TME and their association with clinical outcomes for
pancreatic cancer patients.

Materials and Methods

Tissue acquisition

Human PDAC tissue specimens from cohort 1 were obtained from
patients with approval from the Oregon Pancreas Tissue Registry
under Oregon Health and Science University (OHSU) IRB protocol
#3609 and Dana-Farber Harvard Cancer Center protocols #03-189
and #12-013. Cohort 1 consisted of 18 treatment-naive tumors,
selected as a representative subset of a larger PDAC cohort (n =
104 tumors) from a prior study evaluating global immune contex-
ture (5). These 18 samples were selected based on cellular subsets not
statistically differing from the full cohort in terms of leukocyte
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densities or patient survival durations (Supplementary Table S1).
Specimens from cohort 2 were obtained from patients treated
with neoadjuvant selicrelumab with approval under the IRBs of
four sites across the United States involved in an open-label phase
I clinical trial (Cancer Immunotherapy Trials Network CITN11-01;
NCT02588443), including 8 patients with neoadjuvant selicrelumab
alone and 3 patients with neoadjuvant selicrelumab combined with
gemcitabine and nab-paclitaxel. Patients from this trial were com-
bined into a single cohort for the present study, as the anti-CD40-
treated cohort was previously analyzed in two separate cohorts for
total immune contexture (2). Additionally, healthy tonsil and spleen
samples were from the Knight Tissue Bank, collected under the
OHSU IRB protocol #4918. All studies were conducted in accor-
dance with the Declaration of Helsinki and written informed
consent was obtained.

mlHC image acquisition and analysis

Formalin-fixed, paraffin-embedded (FFPE) surgical tissue samples
were sectioned and assessed using hematoxylin and eosin (H&E), as
well as chromogen-based mIHC. Briefly, slides with 5-pum tissue
sections were rehydrated as described (5), followed by 2 minutes in
hematoxylin, 2 minutes in tap water, 10 seconds in eosin, and 2
minutes in tap water. Slides were then dehydrated and coverslipped
prior to scanning and annotation by a pathologist. Next, using the
pathologist annotations overlaid from the H&E-stained slides, serial
sections were assessed with regard to histopathologic regions of
interest annotated as tumor (T), immune aggregate (IA), tumor-
adjacent stroma (TAS), or normal-adjacent pancreas (NAP), as
defined by the pathologist (5). Regions were selected with the aim of
maximizing both the diversity of regions selected from each patient
and the tissue area captured for each histopathologic region. Across all
patients, a mean of 15.2% of tissue was analyzed per entire resection,
ranging from 4.4% to 35.6%, and across the entire data set, 14.6% of
available tissue was analyzed (Supplementary Fig. S1A; Supplementary
Table S2). Of note, our prior investigation of PDAC immune contex-
ture found NAP regions to contain increased leukocyte density as
compared with true healthy normal pancreas tissue collected from
organ donors (5). Multiplex staining was performed on 5-pim sections,
as previously described, and each stained image was scanned at 20x
magnification on an Aperio AT2 scanner (Leica Biosystems; ref. 5).
The antibody panel used in the present study delineated 18 T-cell
subpopulations and contained 10 functionality biomarkers to assess
differentiation/exhaustion status on all T cells (TOX1, TIM3, TCF-1,
CD38, PD-1, EOMES, CD39, CD44, LAG-3, and T-BET), as well as
antibodies for proliferation (Ki-67) and cytotoxicity (granzyme B,
GrzB; Supplementary Fig. S1B; Supplementary Table S3). Addition-
ally, the panel only broadly delineated epithelial cells, mesenchymal
cells, B cells, and myeloid cells, given our previous efforts at describing
those subsets in these same patient cohorts (2, 5,19). Human tonsil and
spleen were included in all rounds of mIHC as staining controls. Image
processing was performed using previously described methods (5).
Each region was registered to the final hematoxylin using Matlab
Computer Vision Toolbox (The Mathworks, Inc.), color deconvolu-
tion and watershed-based nuclei segmentation were performed using
Image], and single-cell mean intensity for each stain was quantified
using Cell Profiler (28). Single biomarker positivity thresholds were set
using FCS Express Image Cytometry RUO (De Novo Software) to
visually validate protein biomarker expression overlaid on signal-
extracted images. Single-cell classification was performed using R
Statistical Software based on filtering exclusive populations in a
defined hierarchy.
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T-cell phenotyping

423,317 T cells were identified by CD3 expression and then sub-
sequently stratified by CD8a. expression. CD8™ T cells were further
classified as one of six cell states (Txaives Teer Tem> TEmra> TEXs OF
TrEx). Due to biomarker selection and positional restrictions within
the cyclic multiplex panel, a CD4 antibody was not included. However,
the majority (72%) of CD3"CD8™ T cells were CD4 " as determined in
a testing panel using a subset of the data (Supplementary Fig. S1C);
therefore, CD3"CD8"™ T cells are referred to as CD4" T cells herein,
although it is possible other minor lineages may be represented (15).
Based on this schema, CD37CD8" T cells were further evaluated;
CD4" Thl cells were defined by T-BET™" expression, and further
classified as one of three cell states (Tggr, Tem, OF Temra)- Only 6% of
CD8" T or CD4" Th1 cells were phenotyped as one of these six T-cell
states (TNATVEi TEFF’ TEM) TEMRA’ TEX’ or TTEX; Supplementary
Table S4). The other 94% of the T cells were labeled as Torprr and
were stratified based on the expression of CD44, a canonical biomarker
of prior cognate antigen experience (29). A population of
T-BET CD4" Th cells (non-Thl-specific T helper cells) was also
stratified into two cell states based upon CD44 expression. The
remaining CD3*CD8™ T cells were FOXP3™ regulatory T (Tggc) cells
and classified into three cell states (naive Trpg, mTrpg, and T-BET™
Treg). All 18 T-cell states were included in downstream analyses given
calculations from previous single-cell studies (30), and the fact that
these populations were manually gated and thus represent real phe-
notypes of T cells present in the PDAC TME despite low numbers of
certain T-cell states (Supplementary Table S4).

TME feature quantifications

Three approaches were used to quantify treatment-naive and anti-
CD40-treated PDAC TMEs, resulting in a total of 1,252 TME features
quantified per tissue region:

Cell-state densities

To identify the types and amounts of cell states present in the PDAC
TME, densities of each of the 23 cell states for each tissue region
assayed were quantified by dividing raw counts of cells (Supplemen-
tary Table S4) by tissue area of the region.

T-cell functionality barcodes

To investigate T-cell functionality, we assigned all T-cell states a
“functionality barcode,” as defined by binary positive or negative
expression of unique combinations of 10 T-cell functionality bio-
markers (TOX1, TIM3, TCF-1, CD38, PD-1, EOMES, CD39, CD44,
LAG-3, and T-BET). Among the 423,317 T cells present in the data
set, we identified the expression of 961 unique barcodes (Supple-
mentary Table S5).

Cell-cell spatial interactions

To address the spatial organization of cells in the PDAC TME, we
leveraged the fact that mIHC preserves spatial context and quantified
the frequency of two cell states interacting, based on their cell centers
being within 20 pm from each other, as previously reported (31). Total
cell-cell interactions were normalized by dividing summed densities of
cell states involved in the interactions to avoid skewing by cell states
present in high abundances. We identified 268 unique pairs of cell-cell
interactions present in the data set (Supplementary Table S6).

Machine learning classifiers and feature importance analyses

Elastic net (EN) classifier models were built using scikit-learn’s (32)
LogisticRegression function to predict (i) treatment status and (ii)
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disease-free survival (DFS), from 1,252 TME features calculated
herein. EN models perform well on data sets as generated in this
present study where there are more data features than examples
for learning (33). EN models use mathematical regularization
approaches to identify and upweight the most informative subset
of features to make model predictions while accounting for feature
collinearity (34). Using regularization reduces model overfitting,
which is important when there are a large number of data features
and a limited number of examples. Further, this approach is
unbiased, as no prior feature selection is performed. Instead, all
1,252 TME features were provided to the models, leveraging the EN
algorithm’s ability to perform aggressive feature selection within
model training.

Predictions were made on an individual region basis, rather than a
patient basis, to maximize sample size and model robustness, as well as
to mitigate tissue region selection biases. As such, tissue regions were
not averaged across patients and were instead evaluated independent-
ly, thus: (i) reducing the impact of each region on overall model
performance and (ii) providing the models with more examples
to extract biologically meaningful information from the data set.
Separate models were created for regions of each histopathologic site
to: (i) compare the performance of models derived from different
histopathologic sites; (ii) identify where therapy was exerting greatest
impact; and (iii) mitigate broad variation in average tissue area from
each histopathologic site. A leave-one-patient-out cross-validation
approach was used to split the train and test sets. Thus, within each
cross-validation loop, a new EN model was created and trained on all
regions except those from one patient, and testing was then performed
on regions from the patient withheld from training. This process was
repeated until all patients were cycled through the test set. This
approach prevents data leakage by ensuring regions from the same
patient were not in both the train and test sets for one model, thus
preventing the EN models from learning patient-specific features,
which often artificially increases model accuracy.

Test set predictions were aggregated across all cross-validation
loops to construct one final confusion matrix, from which the per-
formance of the models was assessed by calculating accuracy, F1 score,
and area under the receiver operating characteristic curve (AUC).
These metrics address both precision and recall (F1 score), in addition
to the true positive rate and false-positive rate (AUC)—these are often
used to assess the performance of classifier models. Model overfitting
was mitigated by using the same model hyperparameters across
cross-validation loops. The penalty term was set to “elasticnet,” and
the “l1_ratio” hyperparameter was set to 0.5, representing an equal
balance of the lasso model and ridge model effects. All features were
logl0+1 normalized and scaled using a minmax [0,1] scaler to
equally compare features spanning different orders of magnitude
and improve model interpretability. To further prevent data leak-
age, in each cross-validation loop, the scaler was fit to the train set
and then applied to the train set and subsequently the test set. Test
feature outliers were clipped to [0,1] following this normalization.
The train set was balanced within each cross-validation loop using
Synthetic Minority Oversampling Technique (SMOTE) to up-
sample the minority class to equal the majority class (35). Feature
importance analyses were conducted by computing Shapley Addi-
tive exPlanations (SHAP) values for each model (36). SHAP values
enable the interpretation of which combinations of features con-
tribute to the overall model predictions, as SHAP values denote the
relative importance of a given feature in driving a model’s predic-
tion. SHAP values have been used to explain ML predictions in
prior cancer studies (25, 26).
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Recurrent cellular neighborhood analysis

Recurrent cellular neighborhoods were quantified to assess the
spatial organization of tissues. A neighborhood was created for every
cell by counting all cells within a 60-pum radius of each seed cell’s
center, as inferred from previous studies (37, 38). Using proportions of
cells comprising the neighborhoods as features, neighborhoods were
grouped using K-means clustering. The elbow method was used to
determine the number of clusters, resulting in groupings of spatial
neighborhoods that were similar in cellular composition that could be
found across all regions of interest in the analysis.

Statistical analysis

Mann-Whitney U tests were used to determine statistically signif-
icant differences in top TME features between treatment cohorts or
DFS groups. The Benjamini-Hochberg correction was used to account
for multiple hypothesis testing for each analysis. P values less than 0.05
were considered statistically significant. Statistical calculations were
performed with the Scipy and statsmodels packages using Python
software (39, 40).

Data availability

mIHC data used for this study are available for download on Zenodo
at https://zenodo.org/records/10476868. All other data are available in
the article and its supplementary files or from the corresponding
author upon reasonable request.

Code availability

The code used to generate all computational results of this
research was created using Python version 3.9.4 and is available
at https://github.com/kblise/PDAC_mIHC_paper.

Results

Deep phenotyping of T cells within the PDAC TME using mIHC

Twenty-nine PDAC tumors were surgically resected from patients
across two treatment cohorts (Fig. 1A). Tumors from 18 treatment-
naive patients comprised cohort 1 and were previously evaluated for
immune contexture in a larger study (5). Specimens from cohort 1
served as a representative baseline comparison with the 11 specimens
from cohort 2, which reflected patients who had received neoadjuvant
anti-CD40 therapy alone (n = 8) or in combination with gemcitabine
and nab-paclitaxel (n = 3) prior to resection (2), and were combined
here to a single cohort to evaluate impact of CD40 stimulation on T
cells given our prior study using this cohort (2). Three to 26 tissue
regions per PDAC resection were selected by a pathologist and
quantitatively assayed by mIHC, with each region annotated as one
of four histopathologic sites within the resected samples: tumor (T),
immune aggregate (IA), tumor-adjacent stroma (TAS), or normal-
adjacent pancreas (NAP); Fig. 1B; ref. 5). The breakdown of region
types assayed per patient is shown (Fig. 1C).

In total, nearly 2.5 million cells were assayed across 306 tissue
regions by our 21-antibody mIHC panel (Fig. 1D and E; Supplemen-
tary Table S3; Supplementary Fig. S1B). 423,317 T cells were identified
by CD3 and CD8 expression (Supplementary Fig. S1C) and subse-
quently classified into 18 distinct T-cell states (Fig. 1F), including eight
CD8™" T-cell states, five CD4 " Th1-cell states, two CD4" Th-cell states
(non-Th1-specific T helper cells), and three Trgg states. In addition,
T-cell functionality was further assessed by 10 biomarkers character-
izing differentiation/exhaustion, and by biomarkers of proliferation
and cytotoxicity (Fig. 1D and E). The remaining CD3™ (non-T) cells
were defined by a hierarchical gating strategy and classified as B cells,
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myeloid cells, mesenchymal fibroblast-like cells (also referred to as
mesenchymal cells), or neoplastic epithelial cells (Fig. 1F; Supple-
mentary Fig. SID). Altogether, cells were phenotyped as one of 23
different cell lineages and states (Fig. 1F).

Interrogating cell states and spatial interactions within the
PDAC TME

Using single-cell spatial data collected from the mIHC assay, we
calculated three types of TME features to create a granular map of
leukocyte infiltration, T-cell functionality status, and cellular spatial
orientation in the PDAC TME.

Varying densities of leukocytes, mesenchymal fibroblast-like cells,
and neoplastic epithelial cells were present in annotated histopatho-
logic regions across treatment cohorts (Fig. 2A, top). T regions were
dominated by neoplastic epithelial cells; IA regions were dominated by
T and B cells, and distal NAP regions were dominated by myeloid cells.
TAS regions, which encompassed tumor borders, comprised a mix of
neoplastic cells, T cells, myeloid cells, and mesenchymal cells. On
average, CD4" T cells were present at a density that was nearly 2-fold
that of CD8™ T cells (Fig. 2A, middle, bottom rows) across regions and
cohorts. However, average densities of the CD8" and CD4" T-cell
states often differed by histopathologic site and treatment cohort,
demonstrating the importance of identifying spatial and histopatho-
logic information for interpreting how—and where—anti-CD40 ther-
apy alters T cells in the PDAC TME, important information that could
not be captured by flow-cytometric methodologies.

T-cell functionality was then assessed through the quantification of
a T-cell “functionality barcode,” for each T-cell present in the data set.
The top 15 most common barcodes by average density are shown for
each histopathologic type and treatment cohort (Fig. 2B). Over half of
the most common barcoded T cells were present in both treatment
cohorts, regardless of histopathologic site, as indicated by brown
bars (Fig. 2B). The majority of barcodes present in the treatment-
naive cohort (orange bars) contained two functionality biomarkers,
whereas the most abundant barcodes present in the anti-CD40 cohort
only (blue bars, Fig. 2B) contained three or more functionality
biomarkers. This result supports the hypothesis that anti-CD40 ther-
apy shifts T-cell differentiation/functionality within the PDAC TME,
as represented by an increase in the number of functionality biomar-
kers expressed.

Finally, the cellular spatial organization was assessed by calculating
cell-cell spatial interactions. On average, there were increased inter-
actions between CD4" T cells with other CD4" T cells in the anti-
CDA40 cohort, regardless of histopathologic site (Fig. 2C, white boxes).
Altogether, these results support the hypothesis that anti-CD40 drives
an increase in CD4" T-cell density, functional capacity, and spatial
proximity in the PDAC TME, as compared with treatment-naive
PDAC TMEs.

Following these single-cell quantifications, all 2,428,274 cells pres-
ent were phenotyped as one of 23 cell states; all 423,317 T cells were
assigned one of 961 T-cell functionality barcodes, and the immediate
spatial neighbors of each cell were computed and binned into one of
268 types of pairwise cell-cell interactions. This quantification resulted
in 1,252 TME features computed for each of the 306 regions, each
annotated as one of four histopathologic sites. Given the complexity
and large amount of data, we leveraged ML and feature importance
analyses to identify: (i) impact of anti-CD40 therapy on these TME
metrics and (ii) the likely mechanism(s) we hypothesized underlying
improved clinical outcome following anti-CD40 therapy. To do this,
we trained EN classifier models to predict treatment status and
DES within the anti-CD40-treated cohort from the 1,252 TME
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Figure 1.

Deep phenotyping of T cells within the PDAC TME using mIHC. A, Overview of two PDAC cohorts assayed via mIHC. B, Representative PDAC tissue resection stained
with H&E (middle) showing four histopathologic sites annotated. Total number of regions assayed per histopathologic site is listed. Scale bars =100 um. C, Number of
regions assayed per patient. Each box represents one tissue region and is colored according to its histopathologic site. D, A 21-antibody mIHC panel used to assay
tissue regions. E, Representative pseudo-colored mIHC images showing T-cell functionality biomarkers with CD3 expression. Scale bars = 50 um. F, Cell phenotyping
strategy by hierarchical gating of lineage and functional biomarkers. Circles indicate colors associated with each cell state in the following figures.
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Figure 2.

Interrogating cell states and spatial interactions within the PDAC TME. A, Stacked bar charts showing the average cell-state densities for each treatment cohort and
histopathologic site. Top row: lineage-defining cells including neoplastic epithelial cells, mesenchymal fibroblast-like cells, myeloid cells, B cells, and CD3™" T cells;
Middle row: CD8™" T-cell states; bottom row: CD4 ™ T-cell states. Columns denote histopathologic site, and each plot is further broken into treatment cohort. B, Bar
charts showing average densities of barcoded T cells for each treatment cohort and histopathologic site. Only the 15 most abundant barcodes are shown as measured
by average density. Rows denote the histopathologic site, and columns denote the treatment cohort. Brown bars denote barcoded T cells that are in the top 15 most
abundant barcodes in both cohorts. Orange bars denote barcoded T cells that are in the top 15 most abundant barcodes in the treatment-naive cohort only. Blue bars
denote barcoded T cells that are in the top 15 most abundant barcodes in the anti-CD40-treated cohort only. C, Heat maps showing the average number of spatial
interactions between two cell states for each treatment cohort and histopathologic site. Cell states are denoted by colors shown in Fig. 1F. Interactions were
normalized first by the density of cells participating in the interaction and were then log10+1transformed. Rows denote the treatment cohort and columns denote the
histopathologic site. D, Overview schematic of analyses performed in this study. TME features were calculated for each tissue region. Two ML classifier models were
built for each histopathologic site to predict treatment status and DFS. Feature importance analyses were performed to interpret biological meaning.
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features quantified above (Fig. 2D). Finally, SHAP values were used
to identify which combinations of TME features drove model predic-
tions and thus interpret the cellular biology underpinning model
predictions (36).

ML models classify anti-CD40-treated TMEs as having reduced
T-cell exhaustion phenotypes

To reveal the impact of anti-CD40 therapy on T-cell exhaustion
phenotype, we trained four EN classifier models—one per histopath-
ologic annotation—to predict the treatment status of the tissue. All
models performed well, as measured by the accuracy, F1 score, and
AUC for test sets of each of the models (Fig. 3A and B). Across the four
models, accuracy ranged from 0.83 to 0.85, F1 score ranged from 0.73
t0 0.89, and AUC ranged from 0.87 to 0.90. As models were trained to
differentiate treatment-naive from anti-CD40-treated PDAC, the high
performance of all four models indicates that anti-CD40 modulates all
types of histopathologic regions across the TME evaluated herein.

To identify the features driving model predictions, and thus reveal
how anti-CD40 therapy affected T cells in the PDAC TME, we
calculated SHAP feature importance values for each of the four models
(Supplementary Fig. S2A). The top 30 most important features out of
1,252 total features accounted for the majority of importance accord-
ing to SHAP values (T model: 84%; IA model: 74%; TAS model: 87%;
NAP model: 92%). Comparison of the top 15 features driving model
predictions for each of the four histopathologic models revealed that 13
of the same features were top contributors across multiple models
(Fig. 3C), indicating shared T-cell densities, differentiation states, and
spatial organizations across histopathologic sites within a given treat-
ment cohort. We then compared the normalized values for each of the
top features quantified by SHAP analysis between treatment-naive
samples and anti-CD40-treated samples within each histopathologic
site (Supplementary Fig. S2B, S2C, S2D, and S2E). All 15 features
derived from the T model were significantly different between treat-
ment cohorts, 14 of 15 features derived from the IA and TAS models
were significantly different between treatment cohorts, and 9 of 15
features derived from the NAP models were significantly different
between treatment cohorts, likely because NAP had the fewest number
of regions present in the data.

Overall, the models identified anti-CD40-treated TMEs as contain-
ing increased densities of mesenchymal fibroblast-like cells and several
T-cell states, including three CD4" T helper populations and two
antigen-experienced CD8" T-cell populations (Tgx and CD44"
Toruer; Fig. 3C; Supplementary Fig. S2B, S2C, S2D, and S2E), as
compared with treatment-naive TMEs, which contained increased
densities of naive CD8" T cells and B cells. In addition to cell-state
densities, analysis of T-cell functionality barcodes revealed that anti-
CD40-treated TMEs contained increased densities of T cells expres-
sing combinations of T-BET, CD44, CD39, TIM3, and TCF-1 (Fig. 3C;
Supplementary Fig. S2B, S2C, S2D, and S2E). On the other hand,
treatment-naive TMEs contained increased densities of T cells expres-
sing combinations of TOX1 and EOMES, concordant with mIHC
stained tissue images (Fig. 3D). Finally, spatial interactions involving
CD4" Thl cells were associated with the aCD40-treated cohort,
whereas interactions involving myeloid cells, naive Trggs, and Ki-
67" neoplastic epithelial cells were associated with treatment-naive
tissue (Fig. 3C; Supplementary Fig. S2B, S2C, S2D, and S2E). Alto-
gether, these results indicate anti-CD40 TMEs contained an increased
presence of T cells in close spatial proximity to one another—in
particular, CD4" T helper cells—with reduced exhaustion profiles,
as compared with treatment-naive TMEs.

AACRJournals.org
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Of the top features across all four models, the majority of features
were densities of T-cell functionality barcodes. As all barcodes present
on any T-cell were provided to the ML models, we sought to determine
whether the top barcodes identified by the models were expressed by
similar or different T-cell states. Thus, barcodes were correlated based
on the types and proportions of T-cell states expressing each barcode
(Fig. 3E). This analysis resulted in four clusters (i-iv) of barcodes, each
with distinct compositions of T cells and not influenced by histopath-
ologic site. Barcodes belonging to cluster (i) were expressed by antigen-
inexperienced (as defined by lack of CD44 expression) CD8" and
CD4" T helper cells, naive Trggs and mTyggs. However, barcodes
containing TOX1" and EOMES" dominated these cluster (i) T cells
when predictive of treatment-naive samples, whereas T cells predictive
of anti-CD40-treated samples expressed barcodes containing CD39*
TIM3 ", and TCF-1". This result supports the notion that, whereas the
same T-cell types were present regardless of therapy exposure, their
functional capacity differed following anti-CD40 treatment. Higher
densities of barcodes on multiple antigen-experienced CD4 " Th1 cell
states and T-BET ™" Tgggs—reported to be similar to CD4" Th cells in
their function (41)—in clusters (ii), (iii), and (iv) included combina-
tions of T-BET ™", TIM3™", TCF-1", and CD44"* and were predictive of
tissue samples from patients treated with anti-CD40 therapy.

Long disease-free survivors have enhanced T-cell effector
functionality following anti-CD40 therapy

The clinical trial from which the anti-CD40-treated specimens were
derived was not designed to assess correlates with survival. However,
despite the small size of our cohort, we hypothesized that we could
train ML models to accurately predict DES for these patients, with the
goal of identifying the combinations of TME features associated with
long versus short DFS within the anti-CD40-treated cohort. The
median DEFS time point (9.8 months) across all patients in the anti-
CD40-treated cohort was used to segregate long and short disease-free
survivors. Separate models were built for each histopathologic site,
although NAP region presence was insufficient to build a model. Only
the model trained from IA regions performed well in predicting both
long and short DFS, with an accuracy of 0.81, F1 score of 0.88, and
AUC of 0.77 (Fig. 4A and B).

To identify TME features driving predictions for the IA-derived
model, we followed a similar model interpretation analysis using
SHAP values (Supplementary Fig. S3A; Fig. 4C). The top 30 features
out of 1,252 features available to the model accounted for 78% of
feature importance. All of the top 15 ranked features identified by the
SHAP analysis were significantly different between DFS groups (Sup-
plementary Fig. S3B), demonstrating how ML can be used to reveal
potential combinations of candidate biomarkers of DFS in the PDAC
TME.

Of note, we observed an increased density of CD44"7CD4" Th cells
and increased spatial interactions between CD4 " Th1 Tgy or CD8*
Tepmra cells and T-BET ' Tygg, in IA regions from patients with long
versus short DFS (Fig. 4C; Supplementary Fig. S3B). However,
increased densities of T-cell functionality barcodes were the most
common feature predictive of DFS, accounting for 12 of the top 15
features. Of these, eight barcode densities were associated with short
DFS, and four were associated with long DFS (Fig. 4C; Supplementary
Fig. S3B). TOX1 was expressed on all eight barcodes associated with
short DFS, whereas PD-1 expression was found exclusively in five of
the eight barcodes associated with short DFS. In contrast, expression of
CD44, CD38, CD39, TIM3, and LAG-3 were unique to the four
barcodes associated with long DFS (Fig. 4C and D).
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Figure 3.

ML models classify anti-CD40-treated TMEs as having reduced T-cell exhaustion phenotypes. A, Bar chart showing accuracy and F1 score for each histopathologic
model that predicts treatment status. B, ROC curve with corresponding AUC for each histopathologic model. C, Bubble chart showing top 15 features whose increased
presence drove each histopathologic model to predict treatment-naive (orange) or anti-CD40-treated (blue). Features are grouped by TME feature type (density,
barcode, interaction). Bubble size denotes the relative importance of the feature for a given histopathologic model. Bubbles appearing multiple times in the same row
indicate TME feature is a top feature across histopathologic models. D, Representative pseudo-colored mIHC images showing TOX1" and/or EOMES ' CD3 " T cellsin
treatment-naive tissue (left) and CD44" and/or T-BET* CD3™ T cells in anti-CD40-treated tissue (right). E, Matrix showing correlations between top barcodes from
the models with each other based on types and proportions of T-cell states expressing the barcodes. Stacked bars at the top of correlation matrixes show proportions
of T-cell states expressing barcodes, with T cells color-coded and listed for each group to the right of the heat map, along with corresponding barcodes in each group.
Leftmost columns are color-coded according to which treatment group the presence of the barcode was predicted by the model, followed by the histopathologic site
the model was derived from.
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Figure 4.

Long disease-free survivors have enhanced T-cell effector functionality following anti-CD40 therapy. A, Bar chart showing accuracy and F1 score for each
histopathologic model predicting anti-CD40 DFS. B, ROC curve with corresponding AUC for the |A histopathologic model. C, Bubble chart showing the top 15 features
whose increased presence drove the IA model to predict short DFS (purple) or long DFS (green). Features are grouped by TME feature type (density, barcode,
interaction). Bubble size denotes the relative importance of the feature. D, Representative pseudo-colored mIHC images showing TOX1" and/or PD-1" CD3™ T cellsin
short DFS tissue (left) and CD44 " and/or CD39" CD3* T cells inlong DFS tissue (right). Scale bars =100 um. E, Matrix showing correlations between the top barcodes
from the IA model with each other based on types and proportions of T-cell states expressing the barcodes. Stacked bars at the top of the correlation matrix show
proportions of T-cell states expressing the barcodes, and T cells are color-coded and listed for each group to the right of the heat map, along with the corresponding
barcodes in each group. The leftmost column is color-coded according to which DFS group the presence of the barcode predicted by the model.
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To determine if the T-cell states expressing each of the predictive
barcodes were similar, we again correlated the barcodes by T-cell-state
expression (Fig. 4E). We found four distinct clusters of barcodes, and
within each cluster, the barcodes were expressed by similar types of T-
cell states and in similar proportions. All but one of the barcodes in
clusters (i) and (ii) were among the features whose increased densities
were associated with short DFS and were expressed by antigen-
inexperienced CD8" and CD4" T helper cells and Trgg, subsets. In
contrast, increased densities of all barcodes in clusters (iii) and (iv)
were associated with long DFS. Cluster (iii) consisted of one barcode
that was uniquely expressed by CD8' Tgy and Tgypa cells,
CD44"CD4™" T helper cells, as well as naive Thegs- Finally, cluster (iv)
barcodes were expressed by CD447CD8™" T cells, CD4" Th1 Tgy; and
Tgnra cells, CD44"CD4 " Th1 cells, and T-BET " Tggg,. In summary,
these findings indicate the following TME changes in IAs—an anti-
tumor T-cell response, characterized by the presence of CD44 ™" T cells
and in particular CD4* Thl cells—are associated with prolonged DFS
in our patient cohort.

T-cell spatial organization correlates with DFS after anti-CD40
therapy

The majority of top TME feature types driving the anti-CD40 DFS
IA model predictions were densities of specifically barcoded T cells.
However, the spatial organization of these cells was not clear from our
model predictions. TME spatial architecture is associated with clinical
outcomes across cancer types (17-22); thus, we aimed to identify the
spatial neighbors of the top barcoded T cells whose densities were
associated with DFS following anti-CD40 therapy within IA regions.

To quantify the spatial organization of the tissue, we performed a
recurrent cellular neighborhood (RCN) analysis across all A regions
within the anti-CD40-treated cohort (refs. 18, 22; Fig. 5A). This
resulted in seven RCNs (Supplementary Fig. S4A)—each representing
spatial neighborhood of cells present across multiple IAs that were
distinct in proportions and types of cell states located within the
neighborhood. The average cellular composition of each RCN is shown
(Fig. 5B). We confirmed that no single RCN dominated the IA regions
analyzed (Supplementary Fig. S4B and S4C) and that no RCN was
exclusively derived from any single IA region or patient (Supplemen-
tary Fig. S4D and S4E). Upon viewing the scatterplot reconstructions
of regions, clearly defined spatial patterns within IAs were revealed
(Fig. 5C; Supplementary Fig. S4F). For example, cells in RCN1, whose
neighborhood consisted mostly of B cells, were often found to be
spatially clustered together, potentially representing “germinal cen-
ter”-like pockets within IA regions.

Given our goal of identifying neighbors surrounding the top
barcoded T cells from the anti-CD40 DES model, we first identified
which of the seven RCNs the barcoded T cells were assigned to. We
then performed unsupervised clustering of barcoded T cells from long
and short DFS patients together based on proportions of the seven
RCNis the barcoded T cells resided in (Fig. 5D). This resulted in two
distinct clusters of barcoded T cells, which also segregated according to
DEFS. Cluster 1 (C1) included all barcoded T cells from patients with
long DFS, as well as CD44 " T-BET " barcoded T cells from patients
with short DFS. Cluster 2 (C2) consisted of all remaining barcoded T
cells from patients with short DFS.

The most striking difference between the two clusters was propor-
tions of barcoded T cells residing in RCN5 (Fig. 5E). Of all RCNs,
RCNS5 contained the greatest proportion of CD44™" T cells, spanning
both CD8" T cells and CD4™" T helper lineages, and with only 28% of
cells representing non-T-cell lineages, including mesenchymal cells,
myeloid cells, a small subset of neoplastic cells, and B cells (Fig. 5B).
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45% of T cells in C1 (long DFS) resided in RCN5, whereas only 3% of T
cells from C2 (short DFS) resided in RCN5 (Fig. 5E). Thus, T cells
correlated with long DFS were frequently found to be surrounded by
CD44" T cells, supporting the hypothesis that anti-CD40 therapy
prolongs survival through the promotion of T-cell priming and/or
recruitment of primed T cells to PDAC TMEs.

Finally, to further elucidate potential cellular mechanisms active
within various RCNs, we calculated proportions of T cells expressing
Ki-67 or GrzB in each RCN and compared values to the overall
proportion of Ki-67" or GrzB™ T cells across all anti-CD40 IA regions.
Given our prior findings that the majority of T-cell barcodes whose
increased density correlated with long DFS were assigned to RCN5
(Fig. 5E), we hypothesized that T cells assigned to RCN5 would possess
increased proliferative and/or cytotoxic capabilities. We found a larger
proportion of T cells expressing Ki-67 residing in RCN1 and RCN5 as
compared with the overall T-cell population (dashed line; Fig. 5F). In
addition, we found a larger proportion of T cells (excluding Trggs)
expressing GrzB residing in RCN5, RCN6, and RCN7, as compared
with the overall non-Trgg T-cell population (dashed line; Fig. 5G).
However, raw counts of GrzB™ T cells in RCN6 and RCN7 were low
(RCNG6: n = 8 cells; RCN7: n = 11 cells), whereas RCN5 contained the
highest level of GrzB" T cells across all RCNs (1 = 168). Visualization
of a representative mIHC image depicts the presence of GrzB" T cells
localized to RCN5 in an IA region from a patient with long DFS
(Fig. 5H). Collectively, these results provide further support that T
cells within RCNG5 are likely activated and possess an effector pheno-
type capable of an antitumor cytotoxic response.

Discussion

In this study, we integrated spatial proteomic imaging technology
with ML approaches to understand the role of T-cell phenotypes and
spatial organization in the complex TME of human pancreatic cancer.
In contrast to previous single-cell spatial proteomic studies, which
often group T cells together as CD8" T cells, CD4" T cells, or
Tregs (17-19, 21), our mIHC panel was curated to phenotype T cells
as one of 18 distinct states along with functionality status from 10
different biomarkers, all while preserving the spatial orientation of
each cell in the TME. In considering the full spectrum of T-cell states in
addition to their spatial organization, ML approaches were necessary
due to the complexity of data. ML was used to identify combinations of
TME features most associated with anti-CD40 therapy exposure or
prolonged DFS (Fig. 6). This study demonstrates the value of merging
single-cell spatial proteomic assays with ML analyses to interrogate
how immunotherapy modulates the PDAC TME and potentially
drives improved survival.

Despite the multitude of unique T-cell states identified herein, our
ML models identified T-cell subsets associated with antitumor char-
acteristics and prolonged DES. Consistent with our preclinical studies
revealing that CD4" T cells are a major contributor to PDAC
immunity following anti-CD40 therapy (42), our ML models revealed
that anti-CD40-treated patient tumors contain increased densities of
effector memory cells specifically within the CD4" Thl lineage,
whereas no increase was observed in CD8" memory T-cell popula-
tions. Our models also identified antigen-experienced CD4 " Th1 cells
as the main cell type whose density is associated with prolonged DFS
following anti-CD40 therapy. This result is concordant with two
independent studies, including the characterization of immune cells
in biopsied PDAC liver metastases following CD40 agonism (6), and
the second investigating primary resected PDAC TME:s after treatment
with a granulocyte-macrophage colony-stimulating factor-secreting
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allogenic PDAC vaccine (GVAX; ref. 43). Both studies reported that
the presence of CD4" T helper cells contributes to improved survival
following immunotherapy in PDAC (6, 43). Here, we further char-
acterized expression features of the CD4 " T helper cells as CD44 " Th1
cells, which correlated with improved outcomes. Reports have also
highlighted the direct role of CD4" T cells in mediating antitumor
immunity, including via cytotoxicity (44) and production of effector
cytokines (45). As such, we hypothesize that future therapies
designed to harness the effector and memory functions of CD4"
T helper cells following the administration of anti-CD40 therapy
may be clinically beneficial.

In addition to investigating the presence of various T-cell states, our
ML analyses show that localization and spatial organization of T cells
within PDAC TMEs are associated with prolonged survival following
anti-CD40 treatment. High performance of the IA-derived DFS
prediction model indicates that IAs are a major site of anti-CD40-
induced immune response contributing to prolonged DFS. We pre-
viously reported increased IAs following anti-CD40 treatment in
PDAC-bearing mice (7), and in the aforementioned GVAX study,
survival was linked to increased CD4" T helper pathway genes
specifically within IAs (and not tumor regions; ref. 43). Moreover, a

recent study found enrichment of gene signatures representing mature
tertiary lymphoid structures in pretreatment PDACs associated with
improved survival in patients following treatment with varying che-
moimmunotherapies (46). Our RCN analyses further revealed that the
key T cells associated with prolonged DFS were often surrounded by
antigen-experienced CD8" and CD4 " T helper cells, as well as a higher
proportion of proliferating and cytotoxic T cells, as compared with all
T cells regardless of spatial neighborhood. Although our mIHC panel
in this study focused on T cells, we observed a minor presence of B cells
(compared with other RCNs) as well as a subset of myeloid cells and
mesenchymal cells in RCN5 that could also contribute locally to T-cell
activation or function. Collectively, the results indicate TAs may
function as sites of T-cell priming or second signal, promoting T-
cell activation and function in PDAC TMEs, contributing to prolonged
DFS following multiple types of immunotherapies.

Our interrogation of IAs revealed T-cell states concordant with
dysfunctional tumor-infiltrating T-cell phenotypes correlated with
short DFS following anti-CD40 therapy. TOX1" T cells are at the far
end of the exhausted T-cell spectrum (11), and TOX1 expression
correlates with PD-1 on T cells and impaired immunotherapy
response in hepatocellular carcinoma (47). Correspondingly, we

(Continued.) D, Heat map showing top T-cell barcodes from the anti-CD40 IA DFS model clustered by the proportion of RCNs the T-cell barcodes were assigned to.
Rows are barcoded T cells from IA regions from patients associated with short DFS or long DFS ordered by hierarchical clustering of their RCN assignment. Columns
are RCNs used as clustering features. Proportion of RCNs was normalized using a log10+1transformation prior to clustering. Leftmost columns are color-coded by the
DFS group followed by a barcode. E, Stacked bar chart showing the average fraction of RCNs barcoded T cells were assigned to each of two hierarchically clustered
groups (C1or C2). F, Bar chart showing the percentage of T cells expressing Ki-67 residing in each of seven RCNs for anti-CD40 IA regions. Horizontal dashed line
represents the percentage of Ki-67 " T cells across all anti-CD40 |A regions, regardless of RCN assignment. G, Bar chart showing the percentage of T cells expressing
GrzB residing in each of seven RCNs for anti-CD40 IA regions. The horizontal dashed line represents the percentage of GrzB™ T cells across all anti-CD40 IA regions,
regardless of RCN assignment. Treg populations were excluded from this analysis. H, Representative IA region from a patient with long DFS with cells colored by RCN
assignment in the top left scatterplot. The remaining images show mIHC staining of GrzB" CD44" CD3™" T cells localized within RCN5. Scale bars = 100 um.

OF12 Cancer Immunol Res; 2024 CANCER IMMUNOLOGY RESEARCH



observed expression of TOX1 and/or PD-1 on CD8* and CD4" T
helper cells associated with shorter DFS following anti-CD40 therapy.
T cells linked to short DFS expressing TOX1 and/or PD-1 were largely
CD44", which may represent a population of antigen-naive T cells that
aberrantly upregulated these proteins, or T cells that are terminally
exhausted due to repeated T-cell-receptor stimulation (48). We also
found an increased presence of TOX1" T cells within treatment-
naive TMEs, indicating a baseline terminally exhausted T-cell
phenotype in the PDAC TME. Despite this, and in agreement with
our prior study (5), we did not identify PD-1" T cells as a major
subset, in contrast to tumors such as melanoma (49), where PD-1"
T cells are abundant. The paucity of PD-1" T cells may contribute
to the failure of ICBs targeting PD-1 or PD-LI in the majority of
patients with PDAC (50). Together, our data support the conclusion
that TOX1, but not PD-1, is a dominant feature of exhausted T cells
in PDAC. Thus, therapies that modulate TOX1" T cells in the TME
—such as anti-CD40 agonism—may improve clinical outcomes for
patients with PDAC.

Notably, the data set we used to conduct this study was unique in
several aspects—including therapy administered, mIHC panel
deployed, and histopathologic sites assayed—making validation of
our results challenging, highlighting the need for additional studies on
larger cohorts to build models capable of more generalized predictions,
and cautioning integration of our results in a clinical setting prior to
additional validation. Patient samples were collected from multiple
institutions per treatment cohort, yet our ML models still accurately
classified samples according to therapy. This indicates that any
institutional or technical differences in tissue processing were not
driving features in model predictions. Importantly, the ML models we
trained performed comparably to or better than models derived from
similar studies (21, 25-27). Additionally, our biological conclusions on
the impacts of anti-CD40 are concordant with several prior stud-
ies (6, 7, 11, 42, 43, 47, 50), providing further support for methods
herein and findings despite small sample sizes. Future antibody panels
may incorporate additional biomarkers, such as chemokine receptors,
to further characterize key T-cell subsets, or additional lineage bio-
markers that denote myeloid or B-cell subsets (20), to further phe-
notype cell-cell interactions. It should be noted that in the present
study, treatment with anti-CD40 did not prolong DFS as compared
with the treatment-naive cohort, and future data analyses from clinical
trials with larger cohorts powered for survival analyses will be useful to
validate our findings that associate TME features with longer DFS.
Finally, tumors were resected 12 days after anti-CD40 administration;
thus, it is possible that T cells involved in prolonged DFS had
insufficient time to transit beyond IAs and into surrounding TMEs
following priming. Further analyses investigating the timing of T-cell
trafficking throughout PDAC TMEs are necessary to determine if
analysis of T or TAS regions sampled at later time points following
treatment could be used to assess clinical outcomes for these patients.

This study provides proof-of-principle for leveraging ML
approaches to evaluate highly multiplexed cancer data sets and sup-
ports the use of similar analytics in future studies to identify important,
and otherwise inconspicuous alterations in TMEs correlating with
patient treatment or response. Future studies could utilize these
findings to target pathways identified via this approach to improve
treatment strategies for cancer patients.
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