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Background

The tumor microenvironment (TME) represents a complex network comprising a variety of cell
types including immune, stromal, and extracellular elements in addition to malignant tumor
cells. Growing evidence suggests that the spatial relationships of these components influence
tumor progression and response/resistance to immunotherapeutic agents. However, the
precise mechanisms driving this relationship to clinical outcomes remains poorly understood.
Here, we present a workflow for analyzing spatial proteomic data of the TME at the single-cell
level using the Enable Medicine platform with the aim of providing mechanistic insights into
signatures of response to immunotherapy.

Methods

To demonstrate the utility of this workflow, spatial proteomic data was generated from a tissue
microarray (TMA) comprising a cohort of treatment naive NSCLC samples (n=42) with second-
line immune checkpoint inhibitor (ICl) treatment and clinical follow-up information (Table 1).
The spatial proteomics data was generated with the Akoya PhenoCycler-Fusion multiplexed
tissue imaging platform, using an optimized panel of 51 oligonucleotide-conjugated antibodies
covering a wide variety of immune, epithelial, stromal, and malignant cell markers developed
by Enable Medicine (Table 2). A summary of the analysis workflow is shown in Figure 1.

Table 1. Patient clinicopathological details Table 2. 51-plex biomarker panel
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Results

Using the Enable Medicine platform, multiplex images were processed to extract
single-cell spatial proteomic data and then analyzed in conjunction with clinical

NSCLC IO Responder Non-responder Tumor Stroma Immune Immuno- Activation &
Cohort (n=16) (n=25) regulatory Proliferation
Female 5 9 ATM Vimentin | CD45 | VD68 PD-1 Ki67
Male 11 16 BCL2 CD31 CD3e | CD163 PD-L1 PCNA
Age 58 66 HLA-A CD34 CD4 FoxP3 IDO1 Granzyme B
Nivolumab 11 22 HLA-E Podoplanin| CD8 | GATA3 TIGIT IFNg
Pembrolizumab 4 3 Keratin8/18 | Caveolin 1 [CD45RO| VISTA ICOS HLA-DR
Durvalumab 1 0 E-Cadherin |CollagenIV| CD44 | CD14 CD40
Alive 18 8 EpCAM aSMA CD20 | CD11lc CD39
Deceased 1 17 Era CD21 | CD141
Adenocarcinoma 13 12 PanCK CD38 MPO
Squamous 3 13 Gal3 CD79a | CD66
TP63
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Figure 1. Summary of analysis workflow
Visual QC to assess biomarker staining.
Cell segmentation via pre-trained deep-learning model DeepCell.

Cell quality filtering to remove segmentation artifacts using cell size, DNA signal, signal sum, & signal CV.

Phenotype assignment through Leiden unsupervised clustering.

Spatial analysis of pairwise cell-cell interactions through Delaunay Triangulation and higher-order
multicellular interactions via K-Nearest-Neighbors-based Neighborhood Analysis.

Association of all features with patient clinical and molecular data for cohort comparisons and analysis.
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Figure 3B. Cell interactions between CD68+ macrophages & CD8+ T cells were increased

significantly in the TME of NR to Nivolumab (i), even though the frequency of each cell

type alone was not significantly different (ii & iii).

treatment and response information.

Focusing on Nivolumab treatment, preliminary analyses revealed no significant
difference in the proportion of cell phenotypes that comprised the tumor
microenvironment between responder (R) and non-responder (NR) patient
populations (Figures 2A-C).

Neighborhood analyses did not reveal any statistically significant differences
between the cohorts of interest, although distinct stromal, tumor, and immune
neighborhoods were still detected (Figure 2D).

Pairwise interaction analysis focusing on R vs NR to Nivolumab revealed increased
interactions between CD68+ macrophages and CD8+ T cells in the NR cohort,
indicative of the presence of an immunosuppressive microenvironment and a role
for macrophages in influencing the lack of response to Nivolumab (Figure 3).
Representative images in Figure 4 depict the spatial distribution of CD68+
macrophages and CD8+ cytotoxic T cells for one NR and one R to Nivolumab.

Conclusions

These results show that single-cell spatial analysis using the Enable Medicine
platform can effectively interrogate the TME of patients treated by immune
checkpoint therapy.

Increased interactions between CD68+ macrophages and CD8+ T cells in NR
provides mechanistic insights of interest for further investigation.

These data reveal the utility of TMAs comprising multiple donors with extensive
clinical information to facilitate rapid screening of patient populations for
biomarkers of response and non-response to treatment.

This framework for analysis allows for the comprehensive integration of both
clinical and high-plex imaging data to drive biomarker discovery and insight into
signatures of response and resistance to immunotherapy.
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