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Abstract

Glioblastoma is a heterogeneous tumor for which effective treatment options are limited and
often insufficient. Studies examining the intratumoral transcriptional and proteomic heterogeneity
of the glioblastoma microenvironment to characterize the spatial distribution of potential
molecular and cellular therapeutic immuno-oncology targets are limited. We applied an integrated
multimodal approach comprised of NanoString GeoMx® Digital Spatial Profiling (DSP),

single cell RNA-seq (ScRNAseq), and expert neuropathological assessment to characterize
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archival formalin-fixed paraffin-embedded (FFPE) glioblastoma specimens. Clustering analysis
and spatial cluster maps highlighted the intratumoral heterogeneity of each specimen. Mixed
cell deconvolution analysis revealed that neoplastic and vascular cells were the prominent

cell types throughout each specimen, with macrophages, oligodendrocyte precursors, neurons,
astrocytes, and oligodendrocytes present in lower abundance and illustrated the regional
distribution of the respective cellular enrichment scores. Spatial resolution of the actionable
immunotherapeutic landscape showed that robust B7H3 gene and protein expression was
broadly distributed throughout each specimen and identified STING and VISTA as potential
targets. Lastly, we uncovered remarkable variability in VEGFA expression and discovered
unanticipated associations between VEGFA, endothelial cell markers, hypoxia, and the expression
of immunoregulatory genes, indicative of regionally distinct immunosuppressive microdomains.
This work provides an early demonstration of the ability of an integrated panelbased spatial
biology approach to characterize and quantify the intrinsic molecular heterogeneity of the
glioblastoma microenvironment.

BACKGROUND

Tumors are dynamic tissues comprised of malignant cells, various immune cell subtypes,
distinct non-immune stromal cells, metabolites, soluble signaling molecules, and differential
oxygenation and nutritional gradients.12 To truly harness the potential of immuno-oncology
and identify rational therapeutic targets, a detailed molecular and cellular understanding

of the tumor microenvironment is required. Spatial profiling is a novel approach that

is well suited to meet this challenge by generating dozens to thousands of regionally
distinct gene expression profiles from a single tissue.3-8 Glioblastoma is a challenging
molecularly and cellularly heterogeneous malignancy of the central nervous system (CNS)
with variable penetration of immune cells and resistant cancer stem cell subclones.%-16 We
aimed to utilize spatial profiling using the NanoString GeoMx platform to characterize the
intratumoral heterogeneity of this disease and reveal region-specific microenvironmental
gene expression profiles. The data presented here demonstrates the utility of integrating
clinical neuropathology, single cell sequencing, and spatial profiling technologies to identify
and characterize the multiple region-specific tumor microenvironments within individual
archived formalin-fixed paraffin embedded human glioblastoma specimens.

MATERIALS AND METHODS

Patient specimens

Archived FFPE specimens were obtained from the Department of Pathology at the

Keck School of Medicine of the University of Southern California under Institutional
Review Board protocol HS-11-00385 and in compliance with the Declaration of

Helsinki. Specimens were obtained from adult patients with a neuropathological diagnosis
of glioblastoma, /DH-wildtype, CNS World Health Organization (WHO) Grade 4.17
Representative hematoxylin and eosin (H&E) stained slides from each specimen were
evaluated for the following features to determine their suitability for profiling: tissue

size, percent necrosis, and hemorrhage. IDH mutation status and specimen age were also
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evaluated. Of the seven specimens identified, three were selected for further investigation.
Serial 5um slides were cut from each block and used for spatial RNA and protein profiling.

Protein assay slide preparation

Slides were baked in a drying oven, deparaffinized, rehydrated in an ethanol gradient, and
placed in ditheyl pyrocarbonate (DEPC)-treated water. Antigen retrieval was performed with
1X citrate buffer,pH6 in a pressure cooker on high temperature setting for 15 minutes. The
slides were then blocked and incubated with the primary antibody mix and the fluorescently
conjugated morphology markers. The morphology markers used are as follows: 1bal-647

at 1:75 dilution (EMD Millipore, MABN92-AF647), CD3-594 at 1:50 dilution (Abcam,
ab196147), GFAP-532 at 1:3000 dilution (Novus Biologicals, NBP2-33184AF532), and
SYTO 13 at 1:5 dilution (Thermo Scientific S7575).

RNA assay slide preparation

Slides were prepared by baking in a drying oven and then processed using the Leica BOND
platform (Leica Biosystems) as specified by the NanoString GeoMx DSP Slide Preparation
User Manual. Briefly, slides were deparaffinized with xylene then rehydrated through a
graded ethanol series. Targets were exposed by incubating the slides in a pressure cooker at
100°C in 1X Tris-EDTA buffer, pH9 followed by proteinase K digestion. Next, the GeoMx
NGS-RNA Probe Mix (NanoString Technologies) was applied to each slide, and slides were
incubated at 37°C for 16-24 hours. This probe mix contained barcoded oligonucleotide
probes against 1,700 gene targets and included internal positive and negative control probes.
After washing, the slides were then blocked in Buffer W (NanoString Technologies) and
stained with morphology markers for 1 hour. The fluorescently conjugated morphology
markers used are as follows: Ibal at 1:75 dilution (EMD Millipore, MABN92-AF647),
CD3 at 1:50 dilution (Abcam, ab196147), GFAP at 1:3000 dilution (Novus Biologicals,
NBP2-33184AF532), and SYTO 13 nuclei acid stain at 1:5 dilution (Thermo Scientific
S7575).

Neuropathological assessment and ROI selection criteria

Regions of interest (ROISs) in each tissue were arbitrarily selected without regard to the
morphology markers in attempts to broadly sample multiple regions of each tissue. H&E-
stained sections for each histologically-determined glioblastoma specimen were divided
into individual ROIs. The mean ROI diameter and average nuclei/ROI are listed in
Supplemental Table 1. Each ROI was reviewed by a board-certified neuropathologist (PJC)
and annotated for histological features of glioblastoma according to the 2016 revised
fourth edition of the World Health Organization Classification of Tumors of the Central
Nervous System.1” Noted histological features included microvascular proliferation, blood
vessels without microvascular proliferation, necrosis, pseudopalisading cells, hemorrhage,
and tumor cellularity. Tumor cellularity was further provided as a qualitative visual estimate
of cellularity (low, medium, and high) according to guidelines previously published for
glioblastoma.16 Estimates of each feature were given as a percentage of ROl occupancy.
Discriminating factors for ROI selection included the avoidance of areas with significant
hemorrhage, necrosis, and other acellular regions that would result in a low signal-to-noise
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ratio. ROIs were matched as best as possible between serial sections for the RNA and
protein assays.

Library preparation and sequencing

Samples were prepared for next generation sequencing (NGS) on an Illumina NextSeq

550 as specified by GeoMx — NGS Readout User Manual (MAN-10117, Nanostring
Technologies). The quality of the libraries were checked using an Agilent Bioanalyzer and
subsequently sequenced on an Illumina NextSeq 550 at a concentration of 1.6pM with a 5%
PhiX spike-in as per Illumina manual instructions.

Normalization of GeoMx data

RNA Data: The negative control probes were used to estimate the number of background
counts in each data point. This calculation was performed separately for each of the two
probe pools used in this study. Expected background was subtracted from the raw counts,
and negative values were reset to 0. Finally, each segment’s data was scaled such that all
segments had the same 85™ percentile expression value. Protein Data: Individual ROls were
examined to identify outliers with low signal and/or high background. Next, the data were
normalized by dividing the antibody count value by the geometric mean of the housekeeping
antibodies GAPDH and S6 as suggested by the GeoMx - NGS Data Analysis User Manual
(MAN-10119-05, NanoString Technologies).

Single-sample gene set enrichment analysis

Single-sample gene set enrichment analysis (ssGSEA) was performed with the gene set
variation analysis (GSVA) R library using the ssGSEA method with a Poisson kernel,
applied to the normalized gene expression data described above. The fgsea R package was
used to access the Reactome gene sets, and all sets with 5-500 genes were considered.

Mixed cell deconvolution

Cell type abundance was estimated using the SpatialDecon algorithm.18 The expected
expression profiles for each cell type were derived using a publicly available SCRNA-seq
dataset derived from glioblastoma specimens.1® Cells that fell below the inflection point,
were considered empty by emptyDrops, had a gene count above 2.5x the average gene
count, or had a percentage of mitochondrial genes > 0.05 were removed from the data
matrix.20 Genes were removed if they appeared in less than 2 cells or had low biological
significance as measured by scran.2! The original cell type calls were retained with the
exception of the myeloid cell cluster. Cells with the myeloid cell label were re-clustered
and marker genes identified using Seurat.22 Clustered marker genes were compared to
PanglaoDB markergenes (ubiquitousness index < 0.1, sensitivity > 0.6, specificity < 0.4,
canonical marker).23 Cell clusters were named according to the PanglaoDB cell type

with the most overlapping marker genes. Both new cell cluster names, “macrophage”

and “microglia”, were manually reviewed for correctness. Each cell cluster’s profile was
reported as the arithmetic mean of its cells’ expression profiles. From the matrix of expected
cell type expression profiles, a subset of 432 informative genes was defined as all genes
that surpassed a minimal expression level in at least one cell type and had a single cell type
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accounting for at least 40% of their total expression level across the columns of the cell type
matrix. This yielded a reference matrix of 432 genes in 8 cell types.

Statistical Analysis

Constellation plots were generated using JMP Pro 15 (SAS). Heatmaps, correlation
matrices, and dendrograms were generated using Morpheus visualization and analysis
software (https://software.broadinstitute.org/morpheus/). Uniform Manifold Approximation
and Projection (UMAP) plots of the processed glioblastoma scRNA-seq data from Darmanis
et al. were generated using the Single Cell Expression Atlas web interface (https://
www.ebi.ac.uk/gxa/sc/home).19 Stacked bar plots, dot plots, line graphs, and scatter plots
were generated using Prism9 (GraphPad).

Spatial Heatmaps

RESULTS

The ROIs used for spatial profiling were manually applied to full slide images of the
hematoxylin and eosin-stained tissues as individual vector graphics using Adobe Illustrator
2021 (Adobe). Individual ROI vector graphics were pseudo-colored according to the
corresponding color profile representing the value attributed to the gene/score in question.

Region-specific transcriptional profiles reveal intratumoral heterogeneity within individual
glioblastoma specimens.

Glioblastoma is a markedly heterogeneous malignancy, both morphologically and
molecularly.1415 To assess the intratumoral transcriptional heterogeneity within each
specimen, 32 spatially distinct ROIs were randomly chosen to capture a range of regions

in each specimen, avoiding hemorrhagic and acellular portions of the tissues (Figure 1A-C).
After processing and normalization, 29/32 ROIs in HGGO03, 29/32 ROIs in HGGO5, and
31/32 ROIs in HGGO06 were deemed sufficient for downstream analysis based on quality
control thresholds and abundance of normalized gene counts.

Unsupervised hierarchical clustering was used to investigate the relatedness of the gene
expression profiles for each ROl within each specimen (Figure 1D-F, left). Spatial cluster
maps were generated to visualize the regional distribution of the ROIs comprising the
different constellation plot clusters within each glioblastoma specimen (Figure 1D-F,
right). This analysis illustrated the intrinsic transcriptional heterogeneity within individual
glioblastoma specimens by showing the regional enrichment or dispersion of ROIs
belonging to the same cluster assignment.

Next, we investigated the extent of intertumoral heterogeneity across the three specimens.
Principal component analysis demonstrated that the ROIs in specimens HGG03 and

HGGO5 formed tight independent clusters with little overlap, indicating the transcriptional
distinction between the two specimens (Supplemental Figure 1). The ROIs in specimen
HGGO06 clustered in a more diffuse manner with ROIs overlapping both the HGGO03 and
HGGO5 clusters as well as distally related ROIs, indicating that regions of specimen HGG06
are transcriptionally similar to specimens HGG03 and HGGO5 while other regions are
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transcriptionally divergent (Supplemental Figure 1). Together, these data demonstrate that
glioblastomas are comprised of multiple regionally distinct gene expression profiles, further
highlighting the intrinsic inter- and intra-tumoral heterogeneity of this complex disease.

Regional expression of genes commonly altered in glioblastoma.

EGFR, TP53, PTEN, and CDKNZB are recurrently mutated in a significant fraction of
glioblastomas.1424.25 \We examined the relative expression levels of each of these genes

in each ROI with respect to the percent tumor cellularity as determined by standard
neuropathological assessment and observed regional variability in both tumor cellularity
and gene expression values (Figure 1G-1). We observed profound differences in the percent
viable tumor versus percent necrosis throughout specimen HGGO03 whereas appreciable
necrosis was only present in a single ROI in both specimens HGGO05 and HGGO06. Notably,
CDKNZB expression was uniformly absent in all ROIs in specimen HGG03 and mostly
absent in specimen HGGO5, suggestive of widespread CODKNZ2B loss (Figure 1G-H, bottom
panels). Whether the observed lack of COKNZB was due to genomic deletion, point
mutation, or epigenetic silencing was not determined in this study. Similarly, with little
exception, low PTEN expression was also noted in the ROIs from specimen HGGO03 (Figure
1G, fourth panel).

Marked variation in £EGFR expression was seen in ROIs from specimen HGGO6 (Figure

11, second panel). Next, we determined if the regional alterations in EGFR expression were
associated with differences in tumor cellularity. We observed lower EGFR expression and
decreased tumor cellularity in only 2/32 ROIs examined (Figure 11, first and second panels),
indicating that decreased £GFR expression was not associated with decreased tumor cell
content. We interpreted these data to indicate the presence of clonal glioma populations with
varied EGFR gene expression. While not confirmed as part of this study, the magnitude

of EGFR expression in specimen HGG06 may reflect clonal amplification of the EGFR
locus in ROIs with excessive EGFR expression. Together, these data highlight the regional
heterogeneity in the expression of recurrently mutated genes in glioblastoma.

Quantification and spatial distribution of tumor-infiltrating immune cells.

To determine the abundance and localization of infiltrating immune cells within each tissue,
we examined the expression of known lymphocyte and macrophage marker genes. In each
of the specimens, we found that the expression of the macrophage marker genes was more
abundant than that of the lymphocyte marker genes, excluding CD4 and NCAM!I (Figure
2A-C). To further validate this finding, we mined a publicly available glioblastoma scRNA-
seq dataset.2® The scRNA-seq data supported our spatial profiling data and showed abundant
gene expression of macrophage markers and an absence of lymphocyte markers except for
CD4and NCAM1 (Figure 2D). The scRNA-seq data also showed that NCAMI mapped to
the neoplastic cell cluster (Figure 2D), consistent with the existing data stating that NCAM1
marks glioma cells in addition to NK cells.28:27 Correlation analysis of the spatial gene
expression data showed that CD4 expression significantly correlated with the expression

of various macrophage marker genes rather than lymphocyte marker genes in each of the
specimens (Supplemental Figure 2), suggesting that a population of CD4* macrophages
exists within these specimens.28

Mod Pathol. Author manuscript; available in PMC 2024 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Kim et al.

Page 7

Spatial heatmaps were used to illustrate the regional expression of CD14 (monocyte/
macrophage marker), CD163 (macrophage marker), FOLRZ2 (M2-tumor associated
macrophage (TAM)), and MRCI1 (M2-TAM) and revealed that CD163 was prominently
expressed throughout most regions of the tissues (Figure 2E-G). While both FOLRZ2and
MRCI mark M2-TAMs, we observed that FOLRZ2 gene counts were more abundant and
more widely distributed than that of MRCZ in each of the specimens (Figure 2A-C, E-G).
To validate the spatial gene expression data, we performed spatial proteomic profiling on
serial tissue sections using molecularly barcoded antibodies against a panel of immune cell
markers. Consistent with the gene expression data, this validation experiment showed that
CD14, CD68, CD163, and NCAML1 proteins were highly expressed in each of the specimens
(Figure 2H-J). Both granzyme-B and CD56 mark NK cells and subpopulations of cytotoxic
T-cells. Spearman analysis revealed that CD56 protein expression does not positively
correlate with granzyme-B protein expression, thus providing additional evidence that CD56
marks glioblastoma cells rather than NK cells and/or cytotoxic T-cells (Supplemental Figure
3). Taken together, these data suggest that macrophages are the prevailing immune cells
within these glioblastoma specimens and that variations in the regional expression of the
M2-TAM markers FOLR2and MRCI exist, highlighting the regional macrophage diversity
in glioblastoma.2

Deconvolution and spatial mapping of resident glioblastoma cell types.

The SpatialDecon algorithm was used to compute abundance scores of resident astrocytes,
macrophages, microglia, neoplastic cells, neurons, oligodendrocytes, oligodendrocyte
precursor cells (OPC), and vascular cells based on glioblastoma scRNA-seq data (Figure
3A).18.19 The lack of sufficient infiltrating lymphocytes in the sScRNA-seq data precluded
the generation of a lymphocyte cell score. Analysis of the SpatialDecon results showed
that the ROIs were predominated by neoplastic and vascular cells, albeit in varying relative
proportions (Figure 3B-D). The relatedness in the cellular composition of each ROl was
assessed using unsupervised hierarchical clustering and was subsequently visualized using
spatial cluster maps (Figure 3B-D). Spatial heatmaps were used to localize the relative
abundance of each computationally inferred cell type score within different regions of each
specimen, illustrating the variable intratumoral distribution of resident glioblastoma cell
types (Figure 2E-G).

Comparison between computationally inferred cell type scores and neuropathological
assessment.

To validate the utility and fidelity of our integrated approach, we compared the
computationally inferred neoplastic and vascular cell type scores to the tumor cellularity
and vascularity scores obtained by neuropathological examination (Supplemental Table 2).
We observed a significant positive correlation between the inferred neoplastic score and the
histological determination of percent tumor cellularity (Supplemental Table 3). Significant
positive correlations between the inferred vascular score and vessels with microvascular
proliferation were noted in specimens HGG05 and HGGO06, whereas the computationally
inferred vascular score correlated with vessels lacking microvascular proliferation in
specimen HGGO3. Together, these data validate the deconvolution method used in this study.
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Divergent correlations between VEGFA, immunomodulators, and vascular abundance.

With little variation, our SpatialDecon data identified the vasculature as the most abundant
non-malignant cellular component in these specimens (Figure 3B-D), prompting our
examination of VEGFA expression. In comparison to HGGO05 and HGGO06, specimen
HGGO3 had lower VEGFA expression (Figure 4A-C). Unexpectedly, specimens HGG05
and HGGO06 self-organized into VEGFA-High, VEGFA-Med, and VEGFA-Low ROls,
warranting deeper investigation of these specimens. Further analysis revealed significant
inverse correlations between the vascular score and VEGFA expression in specimens
HGGO05 and HGGO06 (Figure 4D-E), whereas no such correlation was apparent in specimen
HGGO3 (data not shown). Accordingly, we observed significantly higher vascular scores

in the VEGFA-Low ROls in specimens HGGO05 and HGGO6 (Figure 4F-H). The vascular
score does not readily distinguish between blood and lymphatic vessels. To determine if the
observed VEGFA-associated differences in the vascular score were specific to blood versus
lymphatic endothelial cells, we compared the expression CDH5, FLT4, KDR, NRP1, and
PECAM!I between VEGFA-Med/High ROIs and VEGFA-Low ROIs in specimens HGG05
and HGGO06. This analysis showed a significantly increased expression of each endothelial
cell marker in the VEGFA-Low ROIs from both specimens (Figure 41-J).

Next we investigated which genes in this 1,700-gene panel correlate with the expression of
VEGFA in specimens HGG05 and HGGO6. Nearest neighbors analysis uncovered positive
correlations between VEGFA expression and the expression of immunomodulatory genes,
immune checkpoint genes, and various markers of T-cell exhaustion in both HGG05 and
HGGO6 (Figure 4K-L). To further contextualize the data, we performed an additional
nearest neighbors analysis using GSVA scores to determine which biological pathways
positively and negatively correlated with VEGFA expression in specimens HGGO5 and
HGGO06 (Supplemental Figure 4). This analysis showed that VEGFA expression positively
correlated with transcription, cell cycle progression, and receptor tyrosine kinase signaling
and inversely correlated with processes related to immune responses and extracellular matrix
remodeling. Additional analyses revealed significant positive and negative correlations
between various endothelial cell markers and pro-angiogenic genes in a specimen-dependent
manner suggesting that VEGFA-independent mechanisms support the vascularization

of these tumors (Supplemental Figure 5). Taken together, these data propose a non-
angiogenic function associated with excessive VEGFA expression that corresponds with

the increased expression of immunomodulatory genes, thus promoting regionally distinct
microenvironments in specimens HGGO05 and HGGO06.

Inter- and intra-tumoral variability in the hypoxic response.

It is well established that hypoxia drives angiogenesis by upregulating the expression of
VEGFA and other pro-angiogenic molecules.3? Given our unanticipated finding that VEGFA
inversely correlates with vascular markers in specimens HGGO05 and HGGO06 (Figure 4), we
sought to investigate the relationship between VEGFA expression and hypoxia. GSVA was
performed using the “Cellular Response to Hypoxia” gene set from the Reactome database
to quantify hypoxia in each ROI. A modest, yet statistically significant decrease of the
hypoxic response gene signature was observed in the VEGFA-Low ROIs from specimens
HGGO03 and HGGO6, whereas this signature was not differentially enriched in specimen
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HGGO5 (Figure 5A-C). Correlation analysis was performed to investigate the relationship
between the hypoxic response and various pro-angiogenic genes in VEGFA-Low and
VEGFA-Med/High ROIs. This analysis showed that VEGFA gene expression positively
correlated with the hypoxic response in VEGFA-Low ROIs (Figure 5D-F). Moreover, the
data shows that the hypoxic response gene signature correlates with the expression of
different pro-angiogenic genes in a specimen-specific manner. Together, these data illustrate
regional differences in the hypoxic response and that this response is associated with
angiokines other than VEGFA in regions with high VEGFA expression.

Regional expression of actionable immuno-oncology targets.

To extend our spatial analysis of the glioblastoma microenvironment, we examined the
relative expression of genes encoding various actionable immuno-oncology targets. Of these
targets, KIRZDL 1, VSIR, and CDZ276 were consistently expressed in most of the ROIs

in each of the three specimens (Figure 6A-C). Spatial heatmaps illustrated the regional
variability of KIRZDL 1, VSIR, and CD276 expression in specimen HGGO3 (Figure 6A).
Widespread and robust expression of CD276 and KIR2DL 1 was observed throughout
specimens HGG05 and HGGO6 whereas regional differences in VS/R expression was noted
(Figure 6B-C).

To further validate these data, we used serial sections from each specimen and applied

the same ROIs to spatially profile the protein expression of B7-H3, STING, VISTA,

TIM-3, CTLA4, ARG], IDO1, PD-1, PD-L1, PD-L2, LAG3, and GITR using barcoded
antibodies against each target. Antibodies against KIR2DL1 were not included in the
antibody panel used for these experiments. In each specimen, high expression of B7-H3 was
observed in almost all ROIls. (Figure 6D-F). Notably, regional variability in the expression
of STING, VISTA, and CTLA4 was observed in each specimen whereas various other
immuno-oncology targets such as PD-1, PD-L1, PD-L2, TIM3, IDO1, LAG3, ARGL1, and
GITR were minimally or not expressed (Figure 6D-F). The correlation between the antibody
and gene expression counts for any given target in these specimens demonstrated varying
degrees of statistical significance, suggesting an uncoupling of gene transcription from
protein translation and/or post-translational regulation of protein stability. Nonetheless, the
protein data largely agree with the gene expression data consistently showing moderate to
high level expression of CD276 (encoding B7-H3) and 7TMEMI173 (encoding STING) in
each of the three specimens.

Next, we investigated the correlation between the expression of immunotherapeutic targets
and the expression of different cell type marker genes. The marked differences observed

in the correlation matrices between the three specimens shows the differential relationships
between the expression of cell type-specific marker genes and actionable immunotherapeutic
targets (Figure 7A-C). Despite the different correlation patterns observed in the specimens,
CD276, VSIR, TMEM173, and, to a lesser extent, HAVCR?Z, consistently correlated with
macrophage and vascular markers in each specimen (Figure 7A-C). Additionally, although
the lymphocyte abundance in each specimen is low, the significant positive correlations
between lymphocyte marker genes and genes associated with lymphocyte exhaustion
suggest that the few lymphocytes present within these tumors may be exhausted. Taken
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together, these data, combined with the SpatialDecon data showing the regional differences
in cellular composition, highlight the regional heterogeneity of the cellular and molecular
immuno-oncology landscape both within and between individual glioblastoma specimens.

DISCUSSION

We have demonstrated the utility of performing spatial transcriptional profiling on archived
glioblastoma specimens to reveal the molecular heterogeneity within individual patient
tissues. Because of the minimal amount of archival tissue required to generate a robust
dataset, spatial profiling is an ideal platform to enable in depth molecular characterization
of patient specimens that are in limited supply, such as those associated with clinical

trial correlative biology studies, rare tumors, and pediatric tumors. While our gene panel
used in this study was fixed at 1,700 genes, recent advances in the technology has

allowed for spatially-resolved profiling of >18,000 genes, covering almost the entire coding
transcriptome.31-33 Moreover, the NanoString GeoMx platform adds another dimension to
spatial analysis by allowing for highly multiplexed digital antibody-based protein profiling
on serial sections for an integrated multianalyte approach. Lastly, by combining clinical
neuropathological examination, single cell sequencing data, and spatial transcriptomic and
proteomic profiling, we demonstrate the applicability of an integrated multiparametric
approach to characterize the tumor microenvironment of archived FFPE tissues on a per-
specimen basis.

Using deconvolution and marker gene methods to infer cell type is a common approach

to reveal the cellular composition of the tumor microenvironment from RNA sequencing
and gene expression datasets, yet each method has its limitation.3# The genes used to
classify these cell types are not unique and can be expressed by other tissue-specific

resident cell types in both pathologic and non-diseased tissues. For example, NCAMA,
encoding CD56, is one of the primary genes used to describe natural killer cells yet

this gene is highly expressed in non-diseased brain tissue and variably expressed in glial
malignancies. 2627 Additionally, microglia are CNS-resident macrophages yet these cells are
not captured using popular methods such as XCell and CiberSort.35-37 For this reason, we
used the SpatialDecon algorithm to derive resident glioblastoma cell type scores to describe
the cellular composition of these specimens while retaining the contextual relevance.18
While the resultant data from the SpatialDecon algorithm significantly correlated with

the data obtained upon expert neuropathological examination, this comparison exposed a
shortcoming in our approach. Computationally, we were unable to discern between vessels
with and without microvascular proliferation, whereas these differences were evident by
neuropathological examination. We attribute this to the fact that the 1,700 gene panel used
for this study was not designed to distinguish between these vascular phenotypes, especially
given the recently discovered transcriptional heterogeneity between different endothelial cell
populations.38-42 To differentially interrogate the region-specific transcriptional programs
associated with these vascular phenotypes additional studies using high resolution, spatially-
resolved whole transcriptome profiling will be needed.

B7-H3 is a cell surface protein that is highly expressed in glioblastoma along with several
other CNS and solid tumors.#3-45 Currently, targeting B7-H3 using chimeric antigen receptor
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T-cells and antibody drug conjugates is an active area of research.#>-°0 Our data is consistent
with the published data showing that B7-H3 is the most highly expressed immunotherapy
target in our panel across all specimens. Although the ROI density used in this study is low,
our data shows that B7-H3 expression is widely distributed throughout the tissues at both the
protein and RNA levels, further highlighting the utility of B7-H3 as a ubiquitous therapeutic
target.

We observed significant positive correlations between macrophage and/or endothelial

cell markers and TMEM173, VSIR, and CDZ276, suggesting a context for combinatorial
immunotherapeutic targeting of both macrophages and the tumor vasculature. As stated
above, studies involving B7-H3 (encoded by CDZ276) are already underway. STING
(encoded by TMEM173) is part of the cytosolic DNA sensing pathway where its activation
induces a potent inflammatory response primarily driven by type I interferons. STING
agonists are currently in development and preclinical studies indicate that STING is an
attractive immunotherapeutic target.51-54 VVISTA (encoded by VS/R) promotes quiescence
of myeloid cells and lymphocytes.55:56 The mechanisms by which VISTA achieves
immunosuppression are quite complex yet studies have demonstrated that blocking VISTA
can enhance the antitumor immune response.6-58 Conceptually, combinatorial targeting of
these three immunoregulatory molecules would allow for localized inflammation via STING
activation, relieve the inhibitory effects of VISTA, and target B7-H3 expressing glioma cells,
TAMs, and tumor vasculature. Preclinical studies will need to be performed to test this
hypothesis and evaluate the therapeutic efficacy of this combinatorial immunotherapeutic
approach.

VEGFA is a known driver of tumor angiogenesis and an important therapeutic target in
glioblastoma.>® Our data has revealed that there are substantial regional differences in
VEGFA expression in specimens HGG05 and HGGO6 and that regions with high expression
of VEGFA inversely correlate with vascularity. VEGFA is subject to alternative splicing,
resulting in the generation of various protein isoforms with both pro- and anti-angiogenic
functions.®% The gene panel used in this study was composed of multiple exon-specific
probes per gene to quantify RNA levels, potentially allowing for the examination of exon
skipping events for certain genes. Unfortunately, we were unable to assess exon usage to
infer alternative splicing as probes targeting the most commonly alternatively spliced exons
of VEGFA were not present in this panel. Our data also show strong positive correlations
between various angiokines and several vascular markers, indicating that alternative
pathways promote and/or maintain the tumor vasculature in the absence of angiogenic
VEGFA signaling in specimens HGG05 and HGG06.51 Importantly, neuropathological
examination of the tissues determined that specimens HGGO05 and HGGO06 exhibited
microvascular proliferation whereas specimen HGGO03 did not and this may contribute to
the differences described in this study.

Vascular mimicry is a phenomenon whereby tumor cells adopt transcriptional and
phenotypic characteristics reminiscent of endothelial cells to establish a network of
dysfunctional vascular-like structures to supply the tumor.%2 Yao et a/ demonstrated
that VEGFA-VEGFR2 signaling in glioma stem-like cells promotes vascular mimicry.63
Hypoxia is also an established driver of vascular mimicry.52 Our finding of increased
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enrichment of the hypoxic response gene signature and concomitant decreased expression
of endothelial cell markers/vascular score in ROIs with excessive VEGFA expression
may indicate region-specific vascular mimicry. As stated above, the content of this gene
panel limits the depth of interrogation of complex biological processes. Thus, a plausible
alternative interpretation of these results is that the hypoxic response in these regions

is driven by a VEGFA-independent mechanism that cannot be readily elucidated by our
approach.

In addition to its notable role in vascular biology, VEGFA exerts immunomodulatory
effects within the tumor microenvironment, including the promotion of T-cell exhaustion,
recruitment of suppressive myeloid cells, and the polarization of TAMs towards an M2
phenotype.54-66 Targeting the immunosuppressive functions of VEGFA is currently an
active area of research and clinical trials investigating the therapeutic efficacy of combining
VEGFA antagonists with immune checkpoint inhibitors are currently ongoing.65:67-69 Here
we show that, in addition to differential vascular abundance, increased VEGFA expression
is associated with the expression of immunomodulatory genes in distinct regions of the
specimens. Functional studies are needed to determine whether VEGFA orchestrates the
immunosuppressive tissue niche or if increased VEGFA is a consequence of a preexisting
localized suppressive environment. Utilizing high resolution spatial profiling technologies
combined with multiplexed immunofluorescent staining will be pivotal in such studies.

In conclusion, we have successfully achieved our goal of demonstrating the applicability of
spatially-resolved transcriptional profiling to reveal novel biologic insights using archived
FFPE material. Currently, various spatial biology technologies exist and each platform

has its strengths and limitations.8 Nonetheless, integrated multimodal investigations can
offset the platform-specific weaknesses to enable robust downstream analyses that inform
the biological interpretation of the data. While we have highlighted the utility of this
pre-production assay for discovery-based/hypothesis generating studies, the commercial
NanoString GeoMx whole transcriptome assay is extremely well suited for hypothesis
driven research where ROIs are selected based on specific markers or histological features of
interest and subsequently profiled using a highly multiplexed panel of approximately 18,000
gene targets.
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Figure 1: Regional intratumoral heterogeneity of gene expression profiles within individual
glioblastoma specimens.

(A-C) Histology images of tumor samples (A) HGGO03, (B) HGGO05, and (C) HGGO06 with
spatially distinct regions of interest (ROIs) in each specimen indicated by black circles.

XY scale bars in bottom left corner of each image represent 1000um on each axis. (D-E)
Left: Constellation plots depicting the unsupervised hierarchical clustering of the entire
1,700 gene panel in specimens (D) HGGO03, (E) HGGO5, and (F) HGGO06 showing distinct
transcriptionally associated clusters. Each colored circle corresponds to an individual ROI.
Right. Spatial cluster maps showing the cluster identity and distribution of ROIs within each
specimen where individual ROIs are colored according to their assigned clusters as indicated
by the constellation plots on the left. (G-1) Regional heterogeneity in the expression of
commonly altered glioblastoma tumor suppressor genes and oncogenes. Dot plots showing
the percentage of viable tumor (top, left Y-axis), necrosis (top, right Y-axis) and the
expression of EGFR (second row), 7P53 (third row), PTEN (fourth row), and CDKNZB
(bottom row) in each ROI in specimens (G) HGGO03, (H) HGGO05, and (1) HGGO6. Percent
tumor and necrosis were scored by standard neuropathological examination. ROI’s where
tumor cellularity was ambiguous were not plotted.
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Figure 2: Regional expression of immune cell markers indicates a robust and widespread
infiltration of macrophages.

(A-C) Heatmaps illustrating the unsupervised hierarchical clustering of the gene expression
counts of lymphocyte and macrophage markers in specimens (A) HGGO03, (B) HGGO05,
and (C) HGGO6. Each row represents an individual ROI. Dendrograms were omitted to
minimize figure congestion. (D) sScRNA-seq data from glioblastoma tissue displayed as
UMAP plots. Left: Cell type annotations. Right: Expression of individual lymphocyte

and macrophage markers. (E-G) Spatial heatmaps demonstrating the distribution of pan-
macrophage and M2-macrophage markers in specimens (D) HGGO3, (E) HGGO5, and

(F) HGGO6. (H-1) Heatmaps of the normalized antibody count data for lymphocyte and
macrophage markers in specimens (H) HGGO3, (1) HGGO5, and (J) HGGO06. The data are
presented as fold change over mean 1gG control value.
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Figure 3: Spatially resolved enrichment of glioblastoma cell type-specific gene signatures using
SpatialDecon mixed cell deconvolution.

(A) Schematic of SpatialDecon workflow and the cell types identified by this process.

The color key for each inferred cell type is consistent throughout the figure. (B-D)

Cellular composition of each ROI in specimens (B) HGGO03, (C) HGGO05, and (D) HGGO6.
Top: Unsupervised hierarchical clustering dendrograms and associated stacked bar graphs
showing relative fraction of each inferred cell type score within each ROI (column).
Bottom.: Mean score for each inferred cell type in each of the clusters identified above.
The graph lines are colored in accordance with their assigned clusters designated by the
dendrogram above. Right: Spatial cluster maps showing the cluster identity and distribution
of ROIs within each specimen. Individual ROIls are colored according to their assigned
clusters as indicated by the dendrograms to the left. (E-G) Spatial heatmaps showing the
relative inferred cell score in each of the ROIs within specimens (E) HGGO03, (F) HGGO05,
and (G) HGGO6. Abbreviations are as follows: Astro, astrocyte; Macro, macrophage;
Micro, microglia; Neo, neoplastic cells; Neuro, Neuron, Oligo, oligodendrocyte; OPC,
oligodendrocyte precursor cells; Vasc, vasculature.
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Figure 4: Regional heterogeneity in VEGFA gene expression inversely correlates with vascular
abundance in specimens HGG05 and HGGO6.

(A-C) Left: Dot plots of VEGFA expression in specimens (A) HGGO03, (B), HGGO5, and
(C) HGGO6. Right: Spatial heatmaps showing regions of low (blue ROIs), medium (yellow
ROIs), and high (red ROIs) VEGFA expression in each corresponding specimen. (D-E)
Spearman correlations between normalized VEGFA gene counts and the inferred vascular
score in specimens (D) HGGO5 and (E) HGGO06. Correlation and significance values are
listed along the X-axis of each scatter plot. (F-H) Box plots showing the vascular score in
VEGFA-Low and VEGFA-Med/High ROIs in specimens (F) HGGO03, (G) HGGO5, and (H)
HGGO6. (1-J) Box plots showing the normalized gene counts of endothelial cell markers in
VEGFA-Low and VEGFA-Med/High ROIs in specimens (1) HGGO05 and (J) HGGO06. Box
plot p-values were calculated using an unpaired t-test with Welch’s correction where p <
0.05 is considered statistically significant. (K-L) Heatmaps showing the results of VEGFA
nearest neighbors analysis in specimens (K) HGGO5 and (L) HGGO06.
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Figure 5: Associations between hypoxic response gene signature and VEGFA expression.
(A-C) Box plots showing the “Cellular Response to Hypoxia” gene set enrichment score in

VEGFA-Low and VEGFA-Med/High ROIs in specimens (A) HGGO03, (B) HGGO5, and (C)
HGGO6. P-values were calculated using an unpaired t-test with Welch’s correction where p
< 0.05 is considered statistically significant. (D-F) Spearman correlation matrix showing the
relationships between genes encoding pro-angiogenic molecules and the “Cellular Response
to Hypoxia” gene set enrichment score in VEGFA -Low and VEGFA -Med/High ROIs in
specimens (D) HGGO3, (E) HGGO5, and (F) HGGO6. Circle size indicates p value where
circles with inlaid black squares indicating failure to reach statistical significance (p<0.05).
Color bar indicates Spearman’s rho.
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Figure 6: Immunotherapeutic targets are expressed in spatially distinct regions throughout the
tissues.

(A-C, /efd) Heatmaps of the normalized count data for genes encoding immunotherapeutic
targets in specimens (A) HGGO03, (B) HGGO05, and (C) HGGO06. (A-C, right) Spatial
heatmaps of specimens of each specimen depicting the normalized count data corresponding
to the three genes with the highest median count value. (D-F, /ef}) Heatmaps of the
normalized antibody count data for immunotherapeutic targets in specimens (D) HGGO03,
(E) HGGO05, and (F) HGGO6. The data are presented as fold change over mean 1gG control
value. (D-E, righf) Spatial heatmaps of each specimen showing the distribution of the
normalized antibody count data for the three protein targets with the highest median value.
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Figure 7: Correlations between immunotherapeutic targets and different cell type markers.
Spearman correlation matrix showing the relationships between genes encoding

immunotherapeutic targets and marker genes for lymphocytes, monocytes/macrophages,
endothelial cells, and glioma cells in specimens (A) HGGO03, (B) HGGO05, and (C) HGGO6.
Circle size indicates p value where circles with inlaid black squares indicating failure to
reach statistical significance (p<0.05). Color bar indicates Spearman’s rho.
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