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Abstract 46 
 47 
Gliomas are among the most lethal cancers, with limited treatment options. To uncover hallmarks of 48 
therapeutic escape and tumor microenvironment (TME) evolution, we applied spatial proteomics, 49 
transcriptomics, and glycomics to 670 lesions from 310 adult and pediatric patients. Single-cell analysis 50 
shows high B7H3+ tumor cell prevalence in glioblastoma (GBM) and pleomorphic xanthoastrocytoma 51 
(PXA), while most gliomas, including pediatric cases, express targetable tumor antigens in less than 50% 52 
of tumor cells, potentially explaining trial failures. Longitudinal samples of isocitrate dehydrogenase 53 
(IDH)-mutant gliomas reveal recurrence driven by tumor–immune spatial reorganization, shifting from T-54 
cell and vasculature-associated myeloid cell-enriched niches to microglia and CD206+ macrophage-55 
dominated tumors. Multi-omic integration identified N-glycosylation as the best classifier of grade, while 56 
the immune transcriptome best predicted GBM survival. Provided as a community resource, this study 57 
opens new avenues for glioma targeting, classification, outcome prediction, and a baseline of TME 58 
composition across all stages. 59 
 60 
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Introduction 92 
 93 
Diffuse glioma are primary brain tumors that are among the most lethal forms of cancer, with 94 
limited treatment options and poor prognosis1,2. The average survival of patients with glioblastoma 95 
(GBM) is only 9–18 months, while diffuse midline glioma (DMG) is the leading cause of brain 96 
tumor-related deaths in children3. Despite advances in immunotherapies that have shown promise 97 
in other cancers, outcomes for gliomas have remained stagnant for decades, and the mechanisms 98 
underlying this therapeutic resistance remain elusive4. 99 
 100 
Due to their location and invasive growth into the normal brain, complete surgical resection of 101 
diffuse gliomas is often not possible making them prone to recurrence5. Additionally, the glioma 102 
tumor microenvironment (TME) is myeloid rich and highly immunosuppressive, rendering them 103 
resistant to treatment6–8. Clinical therapies currently in trials are attempting to replicate previous 104 
successes in other malignancies that use antibodies or engineered T-cells to target tumor-enriched 105 
antigens9. Indeed, tumor antigen (TA) expression, such as B7H3 and EGFR, represents a 106 
promising avenue for directly targeting tumor cells through CAR-T cell therapies and monoclonal 107 
antibodies10–12. Still, these therapies have either been ineffective or have led to only modest 108 
improvements in patient survival13. Perhaps related to these setbacks, the expression patterns of 109 
these TAs in human lesions are largely unknown14,15. Much of what is known about TAs and 110 
glioma TME has been gleaned from bulk transcriptomic analysis, patient-derived xenograft mouse 111 
models, and tumor cell lines16–20. Taken together, these findings point to a significant gap in our 112 
understanding of how TAs, immune-tumor interactions, and the functional states induced by them 113 
mutually reinforce one another to maintain a treatment resistant milieu. Additionally, though post-114 
translational molecular features, such as tumor glycosylation, have been shown in other 115 
malignancies to play a crucial role in promoting tumor-immune-suppression, the glycome in 116 
human gliomas remains largely unexplored21–23.   117 
 118 
To address these questions, we assembled a clinically annotated human glioma tissue cohort from 119 
multiple sites across the US. This cohort includes 677 samples from 310 adult and pediatric 120 
patients that are classified as high or low-grade tumors, and encompass treatment-naive, post-121 
immunotherapy (anti-PD1, vaccine, anti-CD27, combinatorial), recurrent, and longitudinal cases, 122 
making it one of the largest and diverse glioma cohorts assembled24–27. To capture multiple layers 123 
of molecular regulation, we employed complementary spatial profiling technologies to quantify 124 
biomolecule abundance, cellular states and identities (i.e., transcriptome, proteome, and glycome). 125 
Multiplexed Ion Beam Imaging (MIBI-TOF) provided high-resolution spatial mapping of 1.2 126 
million cells consisting of neurons, endothelial, tumor and all immune cells (with 18 annotated 127 
sub-populations), quantifying targetable tumor antigen expression (i.e., B7H3, EGFR) and 128 
immune regulatory receptors (i.e. PD-L1, TIM3) at the single-cell level28. Co-registered tissue 129 
sections linked these single-cell maps to spatially resolved transcriptomic profiles of over 11,000 130 
genes from immune-cell-rich versus -poor regions using digital spatial profiling (DSP)29. Lastly, 131 
co-registered tissue sections were also combined with spatial maps of the N-glycome quantified 132 
by matrix-assisted laser desorption-ionization mass spectrometry imaging (MALDI-MSI) which 133 
discovered 70 differentially expressed glycans across gliomas that that could influence immune 134 
recognition and tumor behavior30–32. Combining these modalities, we established direct 135 
correlations between cell composition, protein expression, gene expression, and glycan profiles  136 
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within the same spatial context across our diverse glioma cohort and how it relates to clinical 137 
metadata. 138 
 139 
Multi-modal data analysis across these lesions provided new insights into how the glioma TME is 140 
shaped by tumor classification and treatment, revealing potential explanations for the limited 141 
efficacy of TA-targeted immunotherapies. Furthermore, both tracing the evolving structure of 142 
gliomas from primary to recurrent disease and aligning molecular data with patient metrics 143 
uncovered factors linked to overall survival33. Towards this, we conducted a spatial proteomics-144 
based, quantitative assessment of glioma TAs, marking the first time the prevalence of these 145 
antigens and their co-occurrence within single cells has been systematically profiled. Our results 146 
indicate that, aside from the high abundance of B7H3+ tumor cells in GBM and pleomorphic 147 
xanthoastrocytoma (PXA), most tumors only show less than 50% TA-positive cells. Yet, co-148 
expression analyses suggest that dual-agent strategies could meaningfully increase the fraction of 149 
tumor cells potentially targeted. Consistent with the modest clinical improvements seen to date, 150 
comparing lesions from patients who received immunotherapy versus standard of care revealed 151 
only minor differences tumor architecture2. To better understand the apparent stalling of anti-tumor 152 
immune activation, we next characterized the glioma glycome, identifying sialylated and core-153 
fucosylated N-glycans whose shifts in abundance correlated strongly with tumor grade, 154 
representing both a new classification and therapeutically targetable entity. Spatial transcriptomics 155 
further reinforced molecular pathways influencing glycosylation in glioma biology6. Still, 156 
examining patient outcomes in primary GBM, we found that immune cell, as opposed to tumor 157 
cell, programs played the most prominent role in predicting overall survival. All the underlying 158 
data from this diverse glial tumor cohort is fully accessible, without restriction, via an interactive 159 
online portal (www.bruce.parkerici.org), providing a multi-omic resource to the community that 160 
should prove invaluable for future clinical design, beyond the insights provided herein. 161 
 162 
Results 163 
 164 
Diverse and clinically detailed glioma cohort and applied spatial multi-omics 165 
 166 
The goal of this study was to create a more comprehensive understanding of the glioma TME and 167 
how the multitude of regulatory features at play may integrate to reconcile disease diversity, 168 
including the prevalence and amounts of targetable TA. To achieve this, we collaborated with five 169 
clinical sites across the US to build a multi-omic atlas of the glioma TME, assembling a cohort of 170 
glioma patients with detailed clinical annotations, covering a wide age range from under 1 year to 171 
88 years (Figure 1A, Figure S1A, Table S1). The cohort spans World Health Organization 172 
(WHO) grades 2, 3, and 4, and includes patients diagnosed with GBM, IDH-mutant astrocytoma, 173 
IDH-mutant, oligodendroglioma, IDH-mutant and 1p/19q-codeleted PXA, DMG and other 174 
pediatric high-grade gliomas (pHGG). We also included two cohorts of recurrent GBM patients 175 
treated with neoadjuvant anti-PD1 immune checkpoint blockade, as well as longitudinal samples 176 
from patients with primary and recurrent IDH mutant astrocytoma, oligodendroglioma, and PXA, 177 
some of whom received neoadjuvant immunotherapy before surgical resection (Figure 1B, Figure 178 
S1A, Table S1). Clinical data, including mutational profiles, such as IDH status (Isocitrate 179 
Dehydrogenase), MGMT methylation (O6-Methylguanine-DNA Methyltransferase), PTEN 180 
(Phosphatase and Tensin Homolog), p53 (Tumor Protein 53), and ATRX status (Alpha 181 
Thalassemia/Mental Retardation Syndrome X-linked) along with overall survival, corticosteroid  182 
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 183 
 184 
Figure 1. BRUCE (BRain tUmor heterogeneity deCiphEred by high dimensional multi-omic analysis) cohort 185 
and data overview. (A) BRUCE cohort summary (310 patients, 677 samples), including patient demographics, (B) 186 
sample distribution and (C) the spatial modalities (transcriptomics, proteomics, N-glycome) used for data 187 
acquisition from FFPE sections (D) Illustration of web resource. 188 
 189 
use, and other key attributes, were harmonized across all centers to create a unified, clinically 190 
annotated dataset (Figures 1A and 1B, Figure S1A, Table S1). This integrated resource enabled 191 
us to perform in-depth analyses and explore the molecular intricacies within the TME. 192 
 193 
Multiple regions for each lesion were analyzed using single cell spatial proteomics, spatial 194 
transcriptomics and spatial N-glycomics using adjacent serial sections to map cellular phenotypes, 195 
whole transcriptome in immune-rich versus -poor regions, and N-glycan abundances and 196 
distribution (Figure 1C, Figure S1A). In total, we imaged over 1.2 million cells from 677 patient 197 
samples quantifying the expression and cellular distribution of 52 proteins. The functional status 198 
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of these cells was characterized using 14 immune regulatory markers and 8 TA across more than 199 
1,000 sampled tumor regions. Our whole transcriptome analysis revealed over 11,000 genes 200 
enriched in immune cell-rich and -poor regions, while N-glycomics uncovered 70 unique N-201 
glycans across 10 broad classes, including sialylated structures implicated in immune suppression 202 
within the TME of other cancers34–36. 203 
 204 
We have made all data from this study available on an intuitive, open-access portal, 205 
www.bruce.parkerici.org, allowing researchers and clinicians to explore complex spatial and 206 
multi-omic data alongside clinical metadata, providing meaningful insights that may guide future 207 
research and clinical decisions (Figure 1D). The platform, accessible even to non-computational 208 
experts, includes interactive tools such as Vitessce for single-cell spatial MIBI image 209 
exploration37. Additionally, all raw data, including single-cell tables, glycan expression data, 210 
spatial glycan TIFF files, and raw MIBI images, are freely available for download without 211 
restriction.  212 

 213 
A spatial atlas of glioma: Single-cell profiling 214 
 215 
Understanding the composition, distribution, and antigen expression of immune and tumor cells 216 
in human gliomas is crucial for understanding drivers of therapeutic failure and for developing 217 
new treatments20,27,38,39. With this in mind, we used spatial proteomics to provide a basic level of 218 
identity to all cells within the TME, including the quantification of tumor cells and 18 distinct 219 
immune cell subsets (Figures 2A and 2C, Figures S2A – S2N, Tables S2 and S3). Tumor cells 220 
were labeled based on histology by expert pathologists and multiplexed phenotype. For the latter, 221 
cells were labeled tumor if they were positive for any combination of Olig2, GFAP, CD133, B7H3, 222 
EGFR, GM2/GD2, HER2, VISTA, GPC2, NG2, EGFRvIII, H3K27M, or IDH R132H while being 223 
negative for immune, endothelial, or neuronal markers (Figures S2M). This approach was taken 224 
because glioma tumor cells are nondescript and difficult to identify reliably based on a single 225 
protein40. However, tumors with K27M mutation of the histone 3 isoforms (H3K27M) or R132H 226 
mutation of IDH are an exception because mutation-specific antibodies can be used to specifically 227 
identify tumor cells41,42. We used this subset of lesions to assess the accuracy of multiplexed tumor 228 
phenotyping, demonstrating strong concordance (Figures S3A – S3D). The immune compartment 229 
(18% of total cells) was dominated by multiple subsets of microglia, macrophages, dendritic cells 230 
(DCs), and monocytes that were delineated by coexpression of CD11b, HLA-DR, CD14, CD68, 231 
CD163, CD206, CD209, TMEM119 and CD141 (Figure 2B, Figures S2M and S2N). Lymphoid 232 
cells were sparse (<1% of total cells) consisting of mostly CD8+ and CD4+ T cells (Figure 2B, 233 
Figures S2M and S2N).  234 
 235 
Because this cohort spans across glioma type and grade, we were able to identify how cellular 236 
composition varies with respect to these clinical covariates (Figures 2D and 2E, Figure S3E). 237 
For instance, CD163 expression, linked to macrophage wound healing and anti-inflammatory 238 
behavior increases with WHO grade and is negatively correlated with overall survival in GBM43–239 
45. However, it remains unclear which specific myeloid subsets in each glioma type express 240 
CD16346. In our cohort, we identified three major myeloid subsets expressing CD163: CD14+, 241 
CD68+, and microglia (Figure 2D, orange arrow). While CD14+ and CD68+ subsets were found 242 
to increase with grade, CD163+ microglia decreased with grade (Figure 2D, orange arrow, 243 
Figures S2F – S2H), with grade 2 and 3 astrocytoma having the highest relative abundance (4.5%  244 
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 245 
 246 
Figure 2. Immune cell and targetable tumor antigen (TA) characterization across glioma subtypes using 247 
spatial proteomics. (A) Antibody marker panel used to identify various cell types including tumor, immune, 248 
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neuronal, endothelial, and regulatory cells, as well as segmentation markers. (B) Cellular composition of the tumor 249 
microenvironment, highlighting targetable antigen positive tumor cells and immune cells, with a detailed breakdown 250 
of myeloid and lymphoid subpopulations. (C) Representative MIBI images highlighting various markers. 251 
(D) Heatmap displaying immune cell populations across different glioma subtypes. Color represents row wise Z-252 
score average abundance and circle size represents Log10 average abundance (relative to all immune cells). (E) 253 
Representative spatial maps showing immune and tumor cell distribution in glioma subtypes, including GBM, PXA, 254 
oligodendroglioma, and astrocytoma. (F) Heatmap displaying TA across glioma subtypes. Color represents row 255 
wise Z-score intensity and circle size represents Log10 average abundance (relative to all immune cells)  256 
 257 
and 7.3% respectively) (Figure 2D). Within GBM (grade 4), the proportion of CD14+ and CD68+ 258 
subsets expressing CD163 was remarkably high (15% and 29%) (Figure 2D). Interestingly, IDH1-259 
mutant grade 4 astrocytoma exhibited a lower abundance of CD163+ myeloid populations 260 
compared to GBM, despite containing relatively high levels of total microglia, CD14+, and CD68+ 261 
myeloid cells (Figure 2D, green arrow). These findings highlight the nuanced CD163+ immune 262 
subsets across gliomas and grades and offer new insights into their potential roles in the TME.  263 
 264 
These differential immune compositions measured also extend to rare gliomas, such as PXA, an 265 
astrocytic tumor affecting children and young adults accounting for less than 1% of gliomas. Due 266 
to the rarity of PXAs, our understanding of their TME remains limited47. To address this, we 267 
characterized the immune cell composition and TA expression across 15 pediatric (Pediatric HGG 268 
[other]), 13 grade 2, and 37 grade 3 PXA samples (Figure 2D and 2E), which revealed two notable 269 
insights. First, PXAs had the lowest relative abundance of myeloid cells phenotypically consistent 270 
with MDSCs (CD11b+, HLA-DR-) (Figure 2D, purple arrow). Second, Grade 2 PXAs had the 271 
highest abundance of T cells across all gliomas. Together, these findings highlight how the 272 
immune landscape can remodel with glioma type and grade, implicating the likely need for more 273 
nuanced immune targeting strategies instead of a one-size-fits all in glioma.  274 
 275 
Quantifying tumor antigen variability: Implications for targeted therapy in gliomas 276 
 277 
Beyond immune cell modulation, targeting of TAs remains a significant strategy for gliomas, in 278 
general. Still, the efficacy of TA-targeting therapies is dependent, in large part, on abundant and 279 
high frequency expression across tumor cells48. However, quantitative profiles describing how 280 
these antigens are co-expressed at single cell level with respect to tumor structure, type, and grade 281 
in human gliomas are not known. To this end, we quantified the expression of eight different 282 
targetable TA (B7H3, EGFR, EGFRvIII, HER2, VISTA, GPC2, NG2, GM2/GD2) that are 283 
currently in pre-clinical or clinical stage of investigation in glial tumors49–56. EGFRvIII was 284 
excluded from analysis due to the limited number of confirmed patients in our cohort with this 285 
variant. Because lipids like GD2 are typically lost during processing of archival tissues, we used 286 
GD2 synthase (GM2/GD2) as a surrogate for this TA. Of the TAs measured here, B7H3 showed 287 
the highest abundance across all tumor types and grades (Figure 2F). However, B7H3 was not 288 
restricted to tumor cells, with >60% immune and endothelial cells expressing this as well (Figure 289 
S3I). EGFR was also prominent but only in adult tumors (Figure 2F). We further investigated the 290 
correlation between the expression of these antigens and their transcripts using spatial 291 
transcriptomic data from serial samples. B7H3 and EGFR proteins showed significant correlation 292 
with their respective transcripts, while other targetable tumor antigens showed no significant 293 
correlations (Figure S3J).   294 
 295 
 296 
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 297 
 298 
Figure 3. Comprehensive analysis of tumor antigen diversity, coverage, and coexpression in gliomas. (A) 299 
Boxplot of Shannon diversity index showing TA heterogeneity across different tumor subtypes. (b-c) Line graph 300 
showing % tumor cell coverage with increasing TA. Error bars show SD. (D) Top two tumor antigen expression 301 
heatmap shows % patients for combinations of selected top 2 TA yielding maximal coverage of tumor cells for high 302 
TA diversity glioma. (E) Venn diagrams showing % of tumor cells positive and overlap for B7H3, EGFR and HER2 303 
out of total tumor cells in high TA diversity gliomas. (F) Representative tumor CPM images, illustrating the 304 
distribution of tumor antigens for coverage and coexpression. (G) Violin plot of % tumor cells negative for the 7 TA 305 
measured. Each dot represents an individual patient. 306 
 307 
We next examined in silico how tumor targeting might be improved using multi-agent therapy57,58. 308 
In high-diversity tumors (GBM, astrocytoma, oligodendroglioma) that more frequently express 309 
multiple TAs (Figure 3A), our analysis suggests that dual therapy could lead to a significant 310 
improvement in tumor coverage–defined here as the percentage of tumor cells expressing at least 311 
one of the TAs of interest (Figure 3B). However, this benefit quickly plateaus and does not 312 
improve further with three or more agents. In contrast, because low-diversity tumors (Figure 3A) 313 
mostly expressed B7H3, little improvement in tumor coverage was seen by targeting multiple TAs 314 
(Figure 3C). Given that dual-TA coverage was most effective in high-diversity tumors, we 315 
assessed TA pairings to determine the optimal combination for each patient (Figure 3D, Figure 316 
S3K). Dual therapy with B7H3 and EGFR was predicted to be optimal, covering up to 100% of 317 
tumor cells, for 47% of GBM and 44% of oligodendroglioma cases. In astrocytoma, no dominant 318 
pair emerged, though 22% of patients had either B7H3 with EGFR or HER2 (Figure 3D). 319 
 320 
Convoluting this, antigen expression by non-tumor cells, as we saw with B7H3, can lead to off-321 
target effects and adverse events when using monospecific therapies alone or with multi-agent 322 
regimens like the ones described above59. To circumvent these issues, bispecific antibodies and 323 
CAR-T cells that require co-expression of two antigens on the same cell are being examined as a 324 
means of improving tumor specificity57,58. With this in mind, we quantified how often B7H3, 325 
EGFR, and HER2 were co-expressed on the same cell in high-diversity tumors to understand how 326 
tumor coverage with a bispecific therapy compared with monospecific dual therapy (Figures 3E 327 
and 3F). Overall, we found the added specificity of a bispecific therapy is predicted to come at 328 
the cost of reduced tumor coverage. For example, in GBM, 85% of tumor cells express either 329 
B7H3 or EGFR, but only 32% expressed both. Lastly, we would like to note that nearly all lesions 330 
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contained tumor cells that were pan-negative for all TAs quantified here, with their prevalence 331 
varying widely from 0-99% (Figure 3G). Taken together, these results provide new guidance on 332 
how therapeutic regimens might be improved while also highlighting the challenges in designing 333 
broadly reactive, specific therapies in glioma.  334 
 335 
Benchmarking tumor antigen expression dynamics for targeted therapy in gliomas 336 
 337 
Besides frequency, the ideal therapeutic target would be consistently expressed by all tumor cells, 338 
across patients, minimizing cell-to-cell variability within each patient’s lesion57–59. Given the 339 
prevalence of pan-negative tumor cells (Figure 3G), we next examined this more broadly to 340 
understand how the frequency of TA-positive cells could impact the potential efficacy of tumor 341 
cell targeting therapies. To contextualize these findings, we first compared our data with a tumor-342 
targeted therapy that has shown durable survival benefits, CD19 CAR-T therapy in B-cell 343 
malignancies. Previous studies have shown a cohort median of 98% antigen-positive tumor cells 344 
with individual patients ranging from 72%-100%60. Since B7H3 and EGFR emerged as the top 345 
TAs for GBM, oligodendroglioma, and astrocytoma, we compared the percentage of tumor-346 
positive cells for these antigens with the rate of CD19 positivity in B-cell malignancies. This 347 
analysis revealed two insights. First, of the three tumor types, GBM had the highest fraction of 348 
patients falling in this range for both B7H3 and EGFR (62% and 30%, Figures 4A and B, 349 
respectively). Second, and perhaps encouragingly, TA-positive cells for lesions falling within this 350 
range also expressed on average higher amounts of antigen than those outside of it (B7H3 = 1.6X 351 
higher, p = 0.001 and EGFR = 4.2X higher, p = 0.007). However, cell-to-cell variability in TA 352 
expression (i.e., intra-patient variation) was also greatest in these lesions. Given these findings, we 353 
then examined how TA expression varied between patients. We quantified the dynamic range of 354 
TA expression (5th-95th percentile) at a single-cell level across all tumor cells for all patients 355 
(Figures 4C and 4D). Similar to our findings when examining variation within a single lesion, we 356 
found EGFR and B7H3 to exhibit the largest interpatient variation as well, spanning a dynamic 357 
range of 3.49 and 2.59 Log2 FC from median, respectively.  358 
 359 
TA expression is often not spatially uniform throughout and can be biased to the central tumor 360 
core or peripheral edge near the resection margin where residual disease is likely to occur19,61. 361 
With this in mind, we further examined regional variability of TA expression in WHO grade 4 362 
tumors, focusing on the gradient from core to infiltrating edge (Figures S4A – S4H). Here, we 363 
found that two of the TAs exhibited non-uniformity with respect to these clinically significant 364 
histologic regions. GM2/GD2 tended to be higher at the resection margin while B7H3 was 365 
typically higher in the tumor core (Figures S4A – S4H). Taken together, these findings underscore 366 
the complexity of developing effective therapies for gliomas, as TA variability, both within and 367 
between tumors, complicates consistent targeting, even for abundant antigens like B7H3 and 368 
EGFR. 369 
  370 
Clinically significant changes in disease status are spatially encoded in the glioma TME  371 
 372 
In previous work examining carcinomas, we found clinically significant events like disease 373 
recurrence and metastasis to be tightly linked to corresponding changes in TME structure that 374 
revealed insights into drivers of tumor progression and therapeutic resistance8,62–65. To determine 375 
if TME structure and disease progression are similarly linked in gliomas, we compared  376 
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 377 
 378 
Figure 4. Dynamic range of expression of targetable tumor antigens (TA) in gliomas. Scatter plot for (A) B7H3 379 
and (B) EGFR showing mean intensity on Y axis, and % positive tumor cells on the x axis. Size of each dot 380 
indicates the intrapatient dynamic range of expression. Each dot represents an individual patient. Colors identify 381 
tumor type. Shaded region shows theoretical mean intensity and % positive tumor cells of CD19 in B cell 382 
malignancies. (C) Point plot showing the log2 fold change from the median intensity. 10,000 cells per TA sampled. 383 
Color scale represents Log2 fold change capped at -1.5 and 1.5 (D) Representative MIBI CPM of tumor antigen 384 
expression. Color scale shows the log2 fold change from median shown in panel a. Scale bar = 100 μm.  385 
 386 
longitudinally matched primary and recurrent lesions from patients with LGG (Astrocytoma IDH-387 
mutant, Oligodendroglioma IDH-mutant 1p19q co-deletion and PXA) that received standard of 388 
care (SOC) using QUantitative InterCellular nicHe Enrichment (QUICHE) (Figures 5A and 5B, 389 
green line)63. QUICHE combines graph neighborhood analysis with statistical modeling to 390 
identify cellular niches that are differentially enriched in one condition over another. This analysis 391 
revealed systematic shifts in how tumor and immune cells colocalize in recurrent LGG disease 392 
(Figures 5C and 5D, Figure S5A). For example, in primary tumors, there were complex 393 
interactions between CD4+ and CD8+ T cells with CD68+CD163+ macrophages, CD14+ myeloid 394 
cells, tumor cells and endothelial cells (indicated by interconnected lines while thickness of lines 395 
indicate the prevenance across patients) which were absent in recurrent tumors. Instead, microglia 396 
with or without CD163, CD206+ macrophages and CD11+HLADR- myeloid cells formed distinct 397 
spatial niches with tumor cells in recurrent tumors.  398 
 399 
These changes suggest that tumor cells in primary tumors interact more with vasculature and 400 
immature myeloid cells in comparison to recurrent tumors where tumor cells interact more with 401 
brain resident microglia and more effector myeloid populations66. Notably, while the TME  402 
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 403 
 404 
Figure 5: Analysis of distinct spatial niches and therapy-induced changes within the TME of longitudinally 405 
sampled low-grade gliomas. (A) Schematic overview of the QUICHE analysis pipeline. (B) Overview of the 406 
longitudinal LGG cohort with paired primary and recurrent samples, including a subset of patients treated with 407 
immunotherapy. Spatial interaction graphs derived from differentially abundant niches for (C) primary and (D) 408 
recurrent tumors. Edge width and color corresponds to the number of unique patients with the interaction. (E) 409 
Differential abundance analysis of immune cell types between recurrent and primary tumors in the SOC cohort, 410 
showing log2 fold changes and statistical significance (circle size indicates -log10 p-value). (F) Volcano plot 411 
comparing log2 fold changes of immune cells with functional marker classification between SOC and 412 
immunotherapy-treated patients, highlighting (red) significant differences. (G) Representative images of 413 
multiplexed single-cell spatial TME landscapes, showing functional marker co-expression within immune cell 414 
subsets. 415 
 416 
structure differed significantly in primary and recurrent lesions, the prevalence of tumor and 417 
immune cell subsets composing the TME did not (Figure 5E, p > 0.05 for all populations). We 418 
next evaluated whether the cells within these differential niches were phenotypically distinct from 419 
cells outside of them to understand how TME structure and function are related. TIM3, IDO1, and 420 
CD86-positive cell fractions were notably enriched in DE niche neighborhoods (Figures S5B – 421 
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S5D). For example, TIM3+ CD4 and CD8 T cells were overrepresented in primary tumor niches 422 
but were entirely absent in recurrent tumor niches. Collectively, these findings demonstrate that 423 
although the overall cellular makeup remains constant, glioma recurrence is encoded by the spatial 424 
a reorganization of tumor–immune cell interactions. 425 
 426 
In addition to patients receiving SOC, our LGG cohort included recurrent samples from phase 1 427 
clinical trials in which patients with Astrocytoma IDH-mutant or Oligodendroglioma IDH-mutant 428 
1p19q co-deletion were treated with either a vaccine alone or a vaccine in combination with an 429 
anti-CD27 agonistic antibody25,26. Although small sample sizes and limited follow-up precluded a 430 
definitive assessment of clinical benefit, immunotherapies in glioma generally have not improved 431 
clinical outcome. Thus, we hypothesized that comparison between patients receiving 432 
immunotherapy and SOC would not reveal significant spatial differences. In line with this, 433 
QUICHE analysis did not reveal any treatment-specific niches. However, bulk frequencies of 434 
IDO1+, CD86+, and TIM3+ myeloid cells was higher in SOC-treated patients (Figures 5F and 435 
5G, Figure S5E). Taken together, these findings suggest that TME niche enrichment is linked to 436 
glioma clinical status through a sensitive and specific encoding that cannot be reliably inferred in 437 
a spatially agnostic manner based on cell composition alone. 438 
 439 
Multi-omic profiling of the TME reveals unique glycan profiles across glioma grades and 440 
novel cellular and gene module associations.  441 
 442 
N-glycosylation is a post-translational modification occurring on most membrane-bound proteins 443 
that regulates a broad range of cell-cell interactions involved in cancer progression and immune 444 
regulation21–23. For example, tumor sialylated N-glycans inhibit innate and adaptive responses 445 
through binding of Siglec receptors on immune cells34–36,67. With this in mind, we used MALDI-446 
IMS (Bruker TimsTOF MALDI2) to map the spatial composition of glioma TME glycans to 447 
determine which structural classes are present and how they change with grade32,68. Searching a 448 
possible library of N-glycans between 800 and 4000 m/z, we identified 70 unique N-glycans across 449 
10 different structural classes (each unique glycan may belong to more than a single structural 450 
class) in WHO grade 2-4 tumor samples (Figure 6A, Figure S6A). The abundance of these glycan 451 
classes was grade-specific69. For example, grade 2 lesions where enriched in high mannose, 452 
fucosylated, hybrid, agalactosylated, and tetrantennary structures while grade 4 gliomas had higher 453 
levels of sialylated, polylacnac, bi- and triantennary glycans (Figure 6B and 6C, Figure S6A). 454 
Notably, we saw that IDH mutant grade 4 tumors were distinctly different from IDH mutant grade 455 
2 and 3 tumors showing lower fucosylation and higher sialylation similar to GBM (Figure S6B) 456 
indicating that the glycocalyx may be independent of IDH status.  457 
 458 
To understand how the glycocalyx of gliomas could be remodeled with grade, we then integrated 459 
differential N-glycan compositions with tissue whole transcriptome profiling (Nanostring DSP 460 
GeoMx) from matching regions from adjacent serial sections. Here we identified glyco-regulatory 461 
enzymes whose expression correlated with these trends across grade (Figure 6D). Of the ten 462 
glycan classes analyzed, fucosylated and sialylated glycans exhibited the greatest concordance 463 
with the transcript levels of the enzymes predicted to synthesize them (Figure 6D, red triangle 464 
and purple diamond, respectively; Figures S6C – S6D). Interestingly however, robust trends with 465 
gene expression matching N-glycan modifications, like this, were not found for other glycan 466 
classes despite19 genes captures by whole transcriptome profiling. This discordance suggests that  467 
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 468 
Figure 6. Multi-omic profiling of the TME. (A) Bar graph % of glycans identified in each N-glycan class across 469 
glioma samples (B) Heatmap depicting the relative intensity (Z-score) of glycan classes across WHO grades 2, 3, 470 
and 4 (C) Boxplots of relative intensity for selected glycans from different glycan classes across WHO grades, with 471 
corresponding representative images of glycan staining illustrating low and high glycan expression in different 472 
patient samples. Glycan structures are displayed beside the boxplots (D) Heatmap showing the Z-score expression of 473 
both glycans and RNA for glycan processing enzymes that were differentially expressed between any WHO grades. 474 
Glycans are identified by cyan, and RNA is identified by dark blue. (E) Network diagram showing cell types linked 475 
to glycan classes (fucosylated, agalactosylated, sialylated, tri-antennary) and their associated biological processes, 476 
derived from multi-omic analysis. Edge weights between cells and glycans indicate correlation coefficient while 477 
edge weights between glycans and biological processes indicate gene ratio (genes identified with high correlation / 478 
total genes in pathway) (F) Heatmap of the top 25 genes correlated with glycan expression, with rows representing 479 
glycan classes and columns representing genes, colored by correlation strength. (G) Scatter plot illustrating the 480 
relationship between NRXN1 expression and fucosylated glycans, with dot size representing the neuron-to-tumor 481 
cell ratio and color indicating WHO grade. (H) Scatter plot showing the association of GRN expression with 482 
sialylated glycans, with dot size reflecting CD209+ DC/Mac abundance and color corresponding to WHO grade.  483 
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the stark remodeling in tumor glycans classes with grade cannot be reliably inferred from upstream 484 
molecular information. Consequently, the regulatory role of glycans in glioma biology could be a 485 
promising, yet understudied, target for both tumor classification and therapeutic targeting. 486 
 487 
In order to better approximate the functional role of N-glycans in gliomas we looked to further 488 
integrate the differential signals we overserved with the broader set cellular features mapped for 489 
the TME. Therefore, we examined associations with both cellular abundances and total gene 490 
(>11000 genes) expression to glycan classes. We further identified all transcripts correlated (R² > 491 
0.4) with each glycan class and performed Gene Ontology (GO) analysis (Figure 6E). We found 492 
that fucosylated and agalactosylated glycans, associated with brain-specific functions, including 493 
neuronal development processes, were positively correlated with neuronal and tumor cells and 494 
negatively correlated with most immune cell subsets (Figure 6E, Figure S6E). In contrast, 495 
sialylated and tri-antennary glycans, associated with immune-related gene-expression modules, 496 
such as antigen presentation and leukocyte activation, showed strong positive correlations with 497 
immune cell abundance (Figure 6E). These data suggests that distinct glycosylation patterns may 498 
play a key role in tumor related biological processes and influence disease state.  499 
 500 
Finally, to identify the main drivers of these biological processes, we extracted the top 25 genes 501 
based on correlative magnitude with glycan expression (Figure 6F). Among these were NRXN1, 502 
NRXN2, NTRK2, LAPTM5, and GRN, all recognized for their involvement in glial tumor 503 
biology, highlighting their potential roles in the TME70–74. In particular, NRXN1 (neurexin 1), a 504 
cell surface receptor that binds neuroligins at synapses in the central nervous system, is known to 505 
promote tumor growth through excitatory neuronal activity. Its strong positive correlation with 506 
fucosylated glycans along with its positive correlation with the neuron-to-tumor cell ratio in 507 
patients, highlights a potential link of surface fucose moieties with neuronal activation (Figure 508 
6G). In contrast, GRN (granulin) showed a strong correlation with sialylated glycans. GRN has 509 
been indicated to play a role in glioma tumor cell proliferation with increasing expression seen 510 
with tumor grade73,74. Interestingly, our multi-omic analysis revealed that GRN showed a higher 511 
weighted correlation when considering the abundance of CD209+ DC/Mac (Figure 6H). This 512 
correlation suggests a potential involvement of specific myeloid subtypes with increased 513 
sialylation involved in tumor growth. Together, these findings reveal a cohesive picture of glycan 514 
involvement within the TME that was reinforced by correlations with cellular abundance and GO-515 
enriched biological pathways. This consistency across three orthogonal modalities provides a 516 
holistic view of how glioma glycosylation could impact clinical outcomes. 517 
 518 
Multi-omic integration identifies distinct grade- and survival-specific TME features in GBM 519 
 520 
Integrating cellular protein, tissue glycan, and lineage gene expression can provide a deeper 521 
understanding of the tumor microenvironment by capturing the complex interplay between 522 
molecular pathways that drive tumor progression and immune responses8. Therefore, to understand 523 
more holistically which aspects of this regulatory hierarchy drive glioma biology between disease 524 
grades we trained a random forest classifier on multi-omic data from primary lesions to predict 525 
WHO grade (Figure 7A). The model incorporated spatial proteomics (cell abundances, ratios, 526 
marker intensity, spatial organization, etc.), glycomics, and transcriptomics from immune-527 
enriched (CD45+) or immune-poor (CD45-) glioma tissue regions. After removing sparse and 528 
highly correlated features to reduce noise, the model achieved an AUC of 0.80 across 10 random  529 
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 530 
 531 
Figure 7. Multi-omic classification of glioma grades and survival features. (A) Schematic of the study design for 532 
classifying glioma patients by WHO grade (2, 3, 4) and distinguishing between short-term and long-term survivors 533 
in GBM using multi-omic data (transcriptome, proteome, N-glycome) (B) Boxplot showing the Area Under the 534 
Curve (AUC) for the WHO grade classifier with original and permuted labels. (C) Top 75 Log10 importance scores 535 
for different feature types (glycans, CD45+ and CD45- cell RNA, and MIBI) used in the WHO grade classifier. (D) 536 
Top 25 feature importance ranking. Glycan (Cyan), MIBI (red), CD45- cell RNA (dark blue) and CD45+ cell RNA 537 
(light blue) (E) Boxplot of endothelial cell CD31 intensity across WHO grades, with high and low representative 538 
image of CD31 expression. Whole image shows CPM with endothelial cells colored in red (F) Inset shows raw 539 
CD31 marker expression (G) Boxplot showing VEGFA RNA expression levels across WHO grades for CD45- cell 540 
populations. (H) Boxplot showing AUC values for the survival classifier with original and permuted labels (I) Top 541 
75 Log10 importance scores for different feature types (glycans, CD45+ and CD45- cell RNA, and MIBI) used in 542 
the WHO grade classifier (J) Principal Component Analysis (PCA) plot using top 75 features from multi omic 543 
classifier. Each dot represents a patient. blue for long term survivors (>1.5 years) and red for short term survivors 544 
(<1.5 years). 545 
 546 
trials with a permuted baseline of 0.57 (Figure 7B). The top 75 features by feature class revealed 547 
that glycan features had the highest median importance, followed by MIBI features, RNA from 548 
immune-poor tumor regions and RNA from immune-rich regions (Figure 7C). Among the most 549 
important individual features were CD31 intensity in endothelial cells enriched in grade 4 (Figures 550 
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7D – 7F); H6N3F1 and H5N5F2, two fucosylated glycans enriched in LGG (Figure 7D, Figure 551 
6D); and Vascular endothelial growth factor A (VEGFA), linked to vascular proliferation also 552 
enriched in grade 4 (Figure 7G). Notably, only 10% of the top 75 features were transcripts from 553 
immune-rich regions (Table S4) suggesting that the transcriptome of immune cells is more stable 554 
across grade than tumor cells. Interestingly these patterns were largely maintained when 555 
considering IDH mutation status (Figure S7A) suggesting that grade 4 IDH mutant astrocytoma 556 
is distinct from grade 2 and grade 3 IDH mutant tumors. Overall, in line with the initial N-glycan 557 
analysis findings (Figure 6), it appears that grade-driven alterations in glycan composition are key 558 
determinants of glioma biology, implicating the tumor glycocalyx as a central orchestrator of the 559 
molecular and cellular interactions that drive disease biology. 560 
 561 
While tumor grading across diverse cancers, including gliomas, breast, and lung tumors, is 562 
typically determined by morphological changes, mutational status, and vascular proliferation, the 563 
molecular determinants of patient survival often diverge from these grading criteria75. To that end, 564 
using a similar approach, we trained a separate model for classifying short-term vs long-term 565 
survival in treatment-naive primary GBM to understand what aspects of the glioma TME separate 566 
these groups (Figure 7A). This model exhibited similar performance to the one above with an 567 
AUC of 0.81 and a permuted baseline of 0.59 (Figure 7H). However, the top 75 features for each 568 
model markedly differed with only the ratio of B7H3+ to TOX+ tumor cells being selected in both 569 
(Tables S4 and S5). In contrast to the grade-specific model, none of the top 75 survival-associated 570 
features included glycans (Figure 7I). Similarly, while transcripts from immune-rich regions had 571 
the lowest median importance for grade they had the highest median importance for survival 572 
predictions. This suggests that within the most aggressive disease, GBM, tumor immune responses 573 
are the predominant driving factor of survival. Transcripts such as MCM2, KIF3A, THOC6, and 574 
TMED3, all known to play a major role in tumor progression were among the most important 575 
features from immune-rich regions (Figure S7B, Table S5). To further validate this association 576 
by restricting the search space further, we confirmed that the top 25 features (Figure S7B) from 577 
the classifier were truly distinguishing between short- and long-term survivors, we performed 578 
PCA. The results showed a clear separation of the two groups along the PC1 axis, which accounted 579 
for 27% of the variance (Figure 7J). Together, these results demonstrate that while tumor glycan 580 
and vascularization features are most relevant for distinguishing / classifying tumor grade, 581 
immune-related transcriptional programs play a more critical role in driving survival signals, 582 
underscoring the value of multi-omic profiling in categorizing disease state progression and 583 
understanding and possibly perturbing patient outcomes. 584 
 585 
Discussion 586 
 587 
Gliomas are among the most aggressive tumors with the lowest overall survival (OS) rates of all 588 
cancers1. While significant improvements in OS have been achieved with immune or tumor 589 
targeted-therapies in extracranial malignancies like melanoma or lung adenocarcinoma, 590 
comparable progress in gliomas remains elusive33,76,77. This lack of progress suggests that 591 
mechanisms of tumor persistence in gliomas differ fundamentally from those occurring outside 592 
the blood brain barrier. To gain insights into why these approaches have stalled and how future 593 
therapies could circumvent these issues, we assembled a multicenter glioma cohort from 310 594 
patients, representing 677 samples, to provide a unified, comprehensive view of this unique TME 595 
(Figure 1). Multiomic integration of spatial proteomics, transcriptomics, and glycomics revealed 596 
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systematic differences in the structure, composition, and phenotype of gliomas with respect to 597 
tumor type and grade, a rationale for why targeted therapies have failed to improve OS, and new 598 
insights into how the tumor glycocalyx could be driving severity in high grade lesions. To enable 599 
future work to build upon these findings, we have made the data, analysis, and clinical endpoints 600 
freely available, without restriction, via an interactive web portal at www.bruce.parkerici.org 601 
(Figure 1) where users can browse annotated single cell data and view spatial proteomics images. 602 
This resource is also hosted on Bioimage Archive and GitHub where it can be downloaded in its 603 
entirety.  604 
 605 
In previous work, we found that TME organization and morphology can be used to construct 606 
accurate trajectories of immune recruitment, infer immune phenotype, and to predict OS in both 607 
invasive and pre-invasive breast cancer65,78. Likewise, work by others have found this concept of 608 
spatial rulesets generalizes to other malignancies like melanoma and head and neck cancer as 609 
well61,79. In contrast, gliomas are highly diffuse and unstructured, often lacking the type of 610 
consistent spatial organization that is well suited for automated, extensible, and accurate scoring 611 
needed for developing these spatial rulesets using conventional tools.  612 
 613 
To address these challenges on a larger scale with the less-structured TME of glioma, we used 614 
QUICHE to uncover subtle structural trends that were differentially expressed between patient 615 
groups63. For example, comparing IDH-mutant LGG structure in patient-matched primary and 616 
recurrent lesions revealed consistent and significant changes in how tumor and immune cell 617 
subsets localized with one another (Figure 5). We would like to highlight two points from this 618 
analysis. First, while the TME structure differed significantly in primary and recurrent lesions, the 619 
prevalence of tumor and immune cell subsets did not. This means that the changes in cell 620 
localization observed here are likely due to corresponding differences in TME signaling rather 621 
than shifts in cell prevalence that could drive more happenstance interactions. Second, cells located 622 
within these differential niches were phenotypically distinct from cells outside of them. For 623 
instance, TIM3 and IDO1 were elevated in niches differentially enriched in primary tumors but 624 
not in recurrences. Intriguingly, previous work found the spatial organization of cells expressing 625 
TIM3 and IDO1 to be predictive of outcome in ovarian cancer, suggesting that the spatial 626 
organization of these cells are a surrogate for shifts between productive and tolerogenic immune 627 
responses. In contrast, when comparing on-therapy samples from patients receiving IO with those 628 
who received SOC, no structural differences were found. These findings suggest that while IO 629 
therapy may alter the functional status of certain immune populations, the lack of change in spatial 630 
organization could indicate these effects are transient and insufficient for recruiting durable 631 
antitumor immunity.  632 
 633 
Tumor-targeting therapies such as small molecule EGFR inhibitors, monoclonal antibodies 634 
targeting B7H3, or CAR-T therapies against B7H3 and EGFR are another class of interventions 635 
that are being explored10,50,80. Like immunotherapy, these approaches have been effective in some 636 
tumors outside the brain but thus far in early clinical trials have not improved OS in glioma4. To 637 
understand why this might be, we conducted the first quantitative analysis of TA for seven targets 638 
currently in clinical trials (Figure 2 and 3). This analysis revealed three insights for understanding 639 
why this approach has not yet been successful and how drug regimens might be optimized in future 640 
studies. First, ~57% of gliomas had a high proportion of tumor cells (>30%) that were pan-negative 641 
for all TAs quantified here, suggesting that these patients may not benefit from these therapies. 642 
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Second, for lesions with higher proportions of TA-positive cells, B7H3 and EGFR were the most 643 
frequently expressed across all gliomas. Tumor cells in ~69% of GBM patients expressed one of 644 
these antigens in comparable proportions to CD19 in B-cell malignancies (>72% antigen positive 645 
tumor cells). However, B7H3 and EGFR also exhibited the highest degree of cell-to-cell variation 646 
in expression (6-12 fold) (Figures 4). Given that low antigen copy number has been shown 647 
previously to be associated with therapeutic failure in solid tumors, the proportion of glioma cells 648 
with weak antigen expression could be a determinant here as well81. Lastly, personalized therapy 649 
targeting one or more antigens could provide a means of improving tumor targeting and mitigating 650 
antigen escape57. For example, early phase clinical trials using bispecific CD19/20 CAR-T to treat 651 
Non-Hodgkin Lymphoma have shown >2 times the PFS compared to using CD19 CAR-T alone82. 652 
Based on our results, B7H3 and EGFR should offer the most coverage and overlap in GBM, 653 
Astrocytoma and oligodendroglioma. In contrast, adult PXA patients showed high tumor cell 654 
coverage with just B7H3, potentially making them ideal candidates for monotherapy. Still, given 655 
the broad diversity of antigen expression (Figure 2–4) and the significant influence of immune 656 
microenvironment on patient survival (Figure 7), effective long-term GBM treatment will likely 657 
depend on strategies that harness and activate endogenous adaptive immune responses. 658 
 659 
Recent advancements in glioma molecular classification, underscore the need to explore novel 660 
biological dimensions beyond the proteome and transcriptome to fully capture tumor heterogeneity 661 
and progression83. To understand how glioma tumor N-glycans are involved in driving disease 662 
progression, we used a selective PNGaseF catalyzed cleavage assay with MALDI-IMS for label-663 
free, de novo detection of these structurally diverse posttranslational modifications68. N-glycans 664 
are present on most membrane proteins where they comprise a large portion of glycocalyx, a 665 
viscous carbohydrate coating surrounding the cell membrane that is involved in regulating a broad 666 
range of cell-cell interactions84. Aberrant tumor glycosylation is a cancer hallmark that was first 667 
identified over 50 years ago85. Since that time, innovations in chemical biology and mass 668 
spectrometry have revealed the startlingly central role it plays in nearly every facet of disease 669 
progression86. For example, TME sialylated glycans drive immune evasion by binding Siglecs 670 
present on both lymphoid and myeloid cells34–36.  671 
 672 
Importantly, healthy brain tissue has distinct N-glycosylation patterns critical for normal neuronal 673 
function and immune regulation87. Various sialylated structures in different brain subregions 674 
modulate neuronal activity and intercellular communication, reflecting the tight regulation of the 675 
brain’s structural and immune milieu88. Disruption of these glycan profiles can have far-reaching 676 
consequences, underscoring how aberrant sialylation in gliomas may potentiate immune evasion 677 
and malignant infiltration. 678 
 679 
Recognizing this, we quantified N-glycan class enrichments across glioma grades and found that 680 
sialylated glycans were significantly enriched in grade 4 gliomas, where immune cells represent a 681 
larger proportion of the tumor mass (Figure 6). To understand how these changes in the tumor 682 
glycocalyx impact glioma composition and function, we correlated these findings with co-683 
registered spatial proteomics and transcriptomics. Tumor sialylation correlated with preferential 684 
increases in specific immune subsets, including CD209+ DC/Mac, CD4+ T cells, and Tregs 685 
(Figure S6). In line with these findings, previous studies have demonstrated that DC uptake of 686 
sialylated antigens induces tolerogenic states that preferentially polarize naïve CD4+ T cells 687 
toward Tregs89.  688 
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 689 
Expanding on this, we trained a classifier on all three spatial modalities to simultaneously 690 
determine contrasting glioma features that were predictive of grade and clinical outcome (Figure 691 
7). Tumor glycans and features relating to neovascularization (i.e. CD31 endothelial expression, 692 
VEGFA transcript abundance) accounted for the top five most predictive of glioma grade. In 693 
contrast, these same spatial glycomic signals provided almost no value for predicting OS in 694 
patients with GBM. Conversely, while spatial transcriptomics of immune-enriched CD45-positive 695 
regions were the least valuable for predicting grade, they were the most valuable for predicting 696 
GBM outcomes. These results indicate the divergent properties, specific to high grade disease, 697 
should not be assumed to drive clinical outcome as well.      698 
 699 
Taken together, this study provides a comprehensive view of the multi-omic landscape of human 700 
gliomas. We established baseline measurements of tumor antigen variability, immune cell 701 
landscapes, and the effects of therapeutic perturbations on the TME. Additionally, for the first time 702 
we uncovered dynamic relationships between glycosylation, cellular features, and transcriptomes 703 
in humans, creating a unified dataset that serves as a valuable resource for understanding glioma 704 
biology and advancing translational research for this disease.  705 
 706 
Going forward, multiple directions have emerged that future studies can build upon to deepen our 707 
understanding of glioma pathophysiology. First, potential off-target consequences of B7H3-708 
directed treatments warrant scrutiny, given its prominent expression on non-tumor cells within the 709 
brain. Additionally, strategies to enhance treatment efficacy should account for the notable 710 
variability of tumor antigens at the single-cell level. Longitudinal studies will help us understand 711 
how the tumor glycocalyx and TME architecture change over time, which could explain why 712 
current therapies have limited effects. Using these insights in new clinical trials, especially those 713 
testing bispecific or multiantigen-targeted treatments that account for individual glycocalyx and 714 
antigen profiles, may help overcome the barriers that have held back glioma immunotherapy and 715 
targeted therapies. 716 
 717 
Limitations of Study 718 
 719 
Despite the broad and diverse cohort in this study, having a larger sample size for each clinical 720 
factor would have further increased the confidence of our findings. While we included longitudinal 721 
sampling for some IDH mutant LGG lesions, having patient-matched primary and recurrent high-722 
grade samples would have provided even deeper insights into tumor evolution. The nature of this 723 
study was entirely retrospective, and thus our findings, however significant, are primarily 724 
correlative. Our use of TMA, though guided by expert pathologists to capture areas rich in tumor 725 
and immune cells, inevitably limited the tissue coverage per patient and may have missed 726 
important regions. In terms of single-cell analysis, although we measured a relatively large panel 727 
of markers, future work could refine this panel to include additional markers for cytokines for 728 
better immune cell functional characterization, as well as more robust markers for tumor cells. Our 729 
spatial whole transcriptome profiling offered a perspective on immune-rich and immune-poor 730 
regions, but a single-cell RNA approach might have yielded complementary data with more 731 
cellular granularity more suited for multi-omic integration with our single-cell protein data. 732 
Finally, practical constraints such as multi-site coordination and patient confidentiality meant we 733 
could not obtain a complete clinical history for individuals, indicating that, while our dataset is 734 
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comprehensive, there is still room for improvement in both coverage and annotation. 735 
 736 
Methods 737 
 738 
Study design and sample collection 739 
This cohort was assembled by combining tissue samples from several clinical trials and 740 
institutional archives spanning multiple disease types, ages, treatment conditions, and WHO 741 
grades. Multiple regions were collected per patient based on location and CD45/CD3 IHC for 742 
immune rich regions. All samples were chosen under the supervision of a pathologist. A total of 743 
677 cores from 310 unique patients were included on the 16 tissue blocks. 744 
 745 
Phase I trial for GBM Response to Pembrolizumab (NCT02852655) of surgically accessible 746 
recurrent/progressive glioblastoma that received 200 mg pembrolizumab (MK3475) intravenous 747 
infusions. All patients provided written informed consent; the study was approved by institutional 748 
review boards at all sites (Dana-Farber Cancer Institute; Huntsman Cancer Institute; M.D. 749 
Anderson Cancer Center; Massachusetts General Hospital; Memorial Sloan Kettering Cancer 750 
Center; University of California, Los Angeles; University of California, San Francisco) and 751 
conducted according to the Declaration of Helsinki. 752 
 753 
The LGG vaccine trial was made up of two phase I trials (NCT02924038, NCT02549833) (n = 754 
53). Trial 1 was a pilot, randomized, two arm neoadjuvant vaccine study in human leukocyte 755 
antigen-A2 positive (HLA-A2+) adults with World Health Organization (WHO) grade II glioma, 756 
for which surgical resection of the tumor is clinically indicated. 4.96mg IMA950 and 1.4mg poly-757 
ICLC administered as one formulation followed by/or without 3mg/kg Varlilumab infusion 758 
(intravenously) ~3 weeks before the date of scheduled standard-of-care surgery. Patients continue 759 
receiving IMA950/poly-ICLC subcutaneous injections every week leading up to surgery. Trial 2 760 
was a pilot neoadjuvant vaccine study in adults with WHO grade II glioma, for which surgical 761 
resection of the tumor is clinically indicated. GBM6-AD lysate protein and poly-ICLC 762 
administered as one formulation every week leading up to standard-of-care surgery to grade II 763 
glioma ~3 weeks or was given post-surgery. Both studies were approved by the IRB at UCSF and 764 
were conducted according to the Declaration of Helsinki, all patients provided written informed 765 
consent.  766 
 767 
The trial combining IL13Rα2-CAR-T cells with checkpoint inhibition (NCT04003649) is a phase 768 
1, single-center, randomized study, comparing CAR T cells plus nivolumab with (Arm 1) and 769 
without (Arm 2) neoadjuvant treatment with nivolumab and ipilimumab seven days before surgery. 770 
The primary objectives are to establish the safety and feasibility of administering 50 x106 771 
IL13(EQ)BBζ/CD19t+ T cells (100 x 106 T cells total) for 4 week cycles (n = 6 research subjects 772 
per Arm) via dual delivery (administered through both the ICT and ICV catheters) in combination 773 
with IV administration of checkpoint inhibitors in participants with recurrent glioblastoma and 774 
IDH-mutant astrocytoma (grade 4). Samples collected were prior to CAR-T administration. 775 
         776 
Treatment naive GBM samples tissues were acquired from Stanford Health Care’s tissue 777 
repository (n= 86) in which of the tumor samples there are, grade 2 astrocytoma (n = 5), grade 2 778 
oligodendroglioma (n =5), grade 3 astrocytoma (n = 9), grade 3 oligodendroglioma (n =3), grade 779 
4 astrocytoma (n = 8), and grade 4 GBM (n= 32). A select set of patient samples were labeled as 780 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 14, 2025. ; https://doi.org/10.1101/2025.03.12.642624doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.12.642624
http://creativecommons.org/licenses/by-nc/4.0/


 22 

either core (n = 21), core-to-infiltrating (n = 8), or infiltrating edge (n = 14) depending on the 781 
location of the sample within the tumor. 782 
 783 
Pediatric H27M+ diffuse midline gliomas (DMG) and other pediatric high-grade gliomas (pHGG) 784 
were acquired from Children’s Hospital of Philadelphia (CHOP) (n =156). Of these, TMAs 785 
included tumors designated as pediatric astrocytoma (n = 24), pediatric midline glioma (n = 25), 786 
pediatric GBM (n = 33), pediatric ganglioglioma (n = 2), pediatric glioma (n = 16), pediatric high 787 
grade gliomas (n = 8), pediatric PXA (n = 8), and pediatric thalamic glioma (n = 2), as well as 788 
breast carcinoma (n = 4) and colon carcinoma (n = 4) as control tissues. More specific diagnostic 789 
categorization of the pediatric cases, including integration of molecular diagnostic information 790 
when available, can be obtained on request from the Children’s Brain Tumor Network (CBTN, 791 
https://cbtn.org/). 792 
 793 
Control TMA construction 794 
We constructed a control tissue microarray (TMA) to assess slide-to-slide staining variability. The 795 
TMA comprised five 1.5mm control tissue cores sourced from archival FFPE specimens provided 796 
by the Stanford pathology department, including duplicate cores of tonsil, lymph node, and 797 
placenta, plus an extra tonsil core for asymmetry. Serial recuts of the control TMA, as well as the 798 
cohort TMAs, were placed on the same slides. Additionally, a larger control TMA was constructed 799 
of 2 mm cores of normal brain, tonsil, spleen, placenta, high grade glioma, thymus, lymph node, 800 
testis, kikuchi disease, colon carcinoma, cholangiocarcinoma, liver, low grade glioma, melanoma, 801 
ependymoma, breast carcinoma, ovarian cancer, lung scc, DIPG.   802 
 803 
MIBI staining 804 
Panel construction 805 
Most antibodies used in this study were previously validated for MIBI-TOF65,90,91. Newly selected 806 
target antibodies were validated via immunohistochemistry to confirm appropriate staining in 807 
control tissues. All antibodies were metal-labeled using the Ionpath conjugation kit (IonPath, 808 
Menlo Park, USA) according to the manufacturer’s protocol. Calprotectin and Mast Cell markers 809 
(Chymase and Tryptase) were conjugated to Ga69 and Ga71 respectively using monomeric 810 
maleimido-mono-amide NOTA. To prevent degradation and prolong shelf life, labeled antibodies 811 
were lyophilized individually with 100 mM trehalose in 1 µg or 5 µg aliquots. Titer optimization 812 
for new targets was performed using serial dilutions (1 µg/mL, 0.5 µg/mL, 0.25 µg/mL, and 0.125 813 
µg/mL) or the recommended titer for previously validated MIBI-TOF antibodies. 814 
 815 
Cohort staining 816 
To minimize batch effects, all TMAs were stained using two mastermixes: one for the tumor panel 817 
and one for the immune panel. Serial TMA slices were stained separately for each panel. Fresh 818 
antibody aliquots were reconstituted and combined into the mastermixes. To reduce errors, 819 
staining was performed in pairs, with one person reading and the other pipetting. Detailed 820 
procedures are available in our methods publication, with a step-by-step guide outlined below28. 821 
 822 
Interactive protocols 823 
Reagent preparation: https://www.protocols.io/view/mibi-and-ihc-solutions-261geo7wyl47/v1 824 
IHC staining: https://www.protocols.io/view/ihc-staining-x54v9moxmg3e/v1 825 
MIBI staining: https://www.protocols.io/view/mibi-staining-dm6gprk2dvzp/v5 826 
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Sequenza staining: https://www.protocols.io/view/staining-sequenza-6qpvrdeo2gmk/v1 827 
Antibody lyophilization: https://www.protocols.io/view/antibody-lyophilization-828 
kxygxex5kv8j/v1 829 
 830 
MIBI data generation 831 
MIBI run setup 832 
MIBI data was acquired using the MIBIScope instrument (IonPath, Menlo Park, USA). TMA 833 
cores were labeled by row and column for easy mapping to metadata. Each core was acquired on 834 
two slides, one for the tumor panel and one for the immune panel, with screen captures taken to 835 
align regions between slides. Automated checks, with user confirmation, corrected naming errors 836 
in row and column assignments. Core order was randomized before acquisition to minimize 837 
batch effects from instrument drift92. 838 
 839 
Acquisition settings 840 
Consistent settings were applied across all MIBI data acquired in this study. Field of view (FOV) 841 
size was selected based on sample availability. When feasible, FOVs measuring (800 µm)2 and 842 
(2048 pixels)2 were captured. In cases of limited tissue, an FOV size of (400 µm)2 and (1024 843 
pixels)2 was used instead. A custom preset with a beam current of 8.5nA and dwell time of 0.58ms 844 
was applied to optimize acquisition speed and image clarity. All default background correction 845 
and noise removal settings were disabled. 846 
 847 
Image compensation with Rosetta 848 
We used our previously described Rosetta Matrix Compensation as a method for correcting 849 
contamination and background across channels in MIBI data64. In summary we empirically 850 
determined signal overlap for each source-output channel pair in order to create a matrix of all 851 
channel overlaps and use this as a template to subtract known overlapping source markers from 852 
their target counterpart, similar to flow-cytometry compensation. 853 
 854 
Intensity normalization using median pulse height 855 
We used our previously described Intensity normalization using median pulse height (MPH) as a 856 
method for correcting for decreased sensitivity across a run in MIBI data64. In summary we created 857 
an exponential curve with a PMMA (polymethyl methacrylate) sample, linking MPH to a 858 
normalization coefficient. Each channel then has a polynomial function that is fit individually per 859 
mass over the run that ignores outliers in order to produce a predicted MPH for that image. This 860 
MPH is then mapped to the earlier described exponential curve to get a normalization coefficient 861 
for each image. We then use this coefficient to normalize the data, correcting for drift and restoring 862 
consistent signal levels throughout the run. This approach mitigated the observed decrease in 863 
signal over time, preserving data accuracy. 864 
 865 
MIBI data QC 866 
To detect potential batch effects, we assessed slide-to-slide variation. For batch effects across 867 
slides, control samples on each slide served as references, allowing us to calculate changes in the 868 
mean of non-zero pixels for each channel in each control sample. 869 
 870 
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Cell segmentation 871 
We segmented all images in the cohort using the previously described Mesmer model93. Mesmer 872 
is a pre-trained deep learning model that utilizes two input channels: a nuclear marker and a 873 
membrane marker. For the nuclear channel, we used the HH3/dsDNA channel, and for the 874 
membrane channel, we combined the CD14, CD45, CD8, and HLA1 channels. 875 
 876 
Cell clustering 877 
Pipeline overview 878 
Pixie is an unsupervised pixel clustering algorithm that uses the subcellular localization of proteins 879 
to improve cell classification from multiplexed image data94. We used pixie to phenotype cells in 880 
a four-step process. First, pixels were over-clustered in each image by training a self-organizing 881 
map (10 × 20 grid or 200 clusters) on the phenotypic lineage marker pixels across all images for 882 
both panels95. For the immune panel we used Calprotectin, CD3, Chym/Tryp, CD68, CD4, CD8, 883 
CD208, CD141, CD209, CD11b, CD14, CD123, CD20, CD206, CD31, CD45, CD133, CD163, 884 
GFAP, GLUT1, FoxP3, HLADR, NeuN, Olig2, TMEM119. For the tumor panel we used CD4, 885 
FOXP3, CD31, NeuN, CD8, CD3, CD163, TMEM119, HLADR, CD14, CD45, ApoE, NG2, 886 
B7H3, VISTA, EGFR, HER2, EGFRvIII, EphA2, CD70, GPC2, H3K27M, GM2 GD2, CD133, 887 
GFAP, HLA1, Olig2, IDH1 R132H, CD47. These pixel clusters were then grouped into 20 pixel 888 
metaclusters using consensus hierarchical clustering96. Next, for each cell in the image, we counted 889 
the proportion of pixels in each pixel metacluster to generate a cell × pixel metacluster matrix. 890 
Following the same procedure, cells were then over-clustered by training a self-organizing map 891 
(10 × 20 grid or 200 clusters) on this pixel metacluster matrix, then grouped into 20 cell 892 
metaclusters using consensus hierarchical clustering. We validated these predictions through 893 
manual inspection of cell type-to-marker expression using Adobe Photoshop. Pixie was 894 
implemented using the ark-analysis v0.7.0 package in Python.  895 
 896 
Cluster inspection and cleanup 897 
To confirm accurate clustering, tiles of all images within each panel were constructed. Cell 898 
assignments were manually verified by looking at images through Adobe Photoshop. Assignments 899 
were viewed and confirmed by toggling on the appropriate image channels, which were then 900 
overlaid with the segmentation boundary and cluster assignments. Systematic errors in clustering 901 
were then addressed by reclustering based on marker specific thresholds. 902 
 903 
Combining Immune and Tumor Panels 904 
To integrate immune and tumor panels collected from separate serial slices, each with its own cell 905 
table, a comprehensive table encompassing all tumor and immune markers was constructed.  906 
For each field of view (FOV), the immune FOV and tumor FOV were spatially aligned to ensure 907 
accurate integration. 908 
 909 
Each FOV was evaluated and categorized into one of three groups: (1) already aligned, (2) 910 
requiring manual alignment, or (3) unable to align. For FOVs requiring manual alignment, cells 911 
from both panels were plotted, and one FOV was shifted along the x and y axes to match the spatial 912 
layout of the other. Post-alignment, cells lying outside the aligned space were excluded. FOVs that 913 
could not be aligned, due to discrepancies in serial slices, variations in FOV sizes, or missing 914 
FOVs, were excluded from further analysis. 915 
 916 
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From the immune panel (288,224 cells), immune cells, endothelial cells, and neurons were 917 
retained, while tumor cells were excluded. From the tumor panel (869,069 cells), only tumor cells 918 
were retained, with immune cells, endothelial cells, and neurons removed. This resulted in a single 919 
final combined panel (1,157,293 cells) prevented double counting and ensured the accurate 920 
integration of immune and tumor cells.             921 
 922 
Feature extraction pipeline 923 
Pipeline overview 924 
Feature extraction pipeline incorporates a diverse array of features to thoroughly characterize the 925 
tumor-immune microenvironment. For each sample in our cohort, we computed all features, such 926 
as cell composition, functional marker expression, cell density, cell ratios, transcriptome gene 927 
counts, and glycome relative intensities. Each feature was calculated at the image level. To ensure 928 
accuracy, we applied minimum cell count thresholds for many of these calculations, omitting any 929 
features that did not meet these thresholds in a given image. Once generated, all features were 930 
transformed into a standardized format and consolidated into a single data frame for downstream 931 
analysis. Details available at https://github.com/angelolab/publications/tree/main/2024-932 
Piyadasa_Oberlton_etal_Glioma. 933 
 934 
Aggregating computed features 935 
Once the image features were calculated, we integrated them into a unified data structure for 936 
downstream analysis. Each feature was assigned a descriptive name, along with metadata 937 
specifying the image compartment where it was calculated, the cell types and/or markers involved, 938 
and its overarching feature category.  939 
 940 
Gene Set Enrichment Analysis (GSEA) 941 
For the proportion of either GM2/GD2 or B7H3 out of all tumor cells, the median value was 942 
calculated across all samples. Log2 fold changes were computed for each sample by dividing the 943 
feature value by the median value, followed by sorting in descending order to generate a ranked 944 
list of samples. Samples were then grouped into two categories based on tumor region: "Tumor 945 
Core" and "Tumor Infiltrating." Each group was treated as a gene set for GSEA. The ranked list 946 
of samples, based on log2FC values, was used as input for GSEA. The minimum and maximum 947 
sizes of gene sets were automatically calculated based on the group sizes. Enrichment scores were 948 
then calculated for both tumor regions using R package fgsea v1.30.0. 949 
 950 
QUICHE Analysis 951 
We performed Quantitative InterCellular Niche Enrichment (QUICHE) analysis to identify 952 
differentially enriched niche neighborhoods across conditions (e.g. LGG primary vs recurrent, 953 
tumor core vs tumor infiltrating edge, and GBM vs Grade 4 astrocytoma)63. In summary, for each 954 
condition comparison, we identified cellular niches according to spatial proximity within each 955 
image, performed distribution-focused downsampling to select a subset of niches per patient 956 
sample, constructed a k-nearest neighbor (k-NN) graph for differential neighborhood enrichment 957 
testing, and labeled niche neighborhoods according to the most abundant cell types (knn = 50, 958 
radius = 200, k_sim = 100, looking at top 3 cell types per niche, downsample was determined to 959 
be within 1 standard deviation below the mean, and adjusted depending on the spread of cells per 960 
FOV). Niche neighborhoods were considered significant if they had a spatial false discovery rate 961 
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(FDR) < 0.10. QUICHE was implemented using the Python package at 962 
https://github.com/angelolab/publications/tree/main/2024-Ranek_etal_QUICHE. 963 
 964 
QUICHE vs Bulk Functional Marker Analysis 965 
To compare the functional marker abundance within QUICHE neighborhoods versus on the bulk 966 
scale we started by first calculating, for each functional maker, the percent positive cells in each 967 
cell type within a differentially expressed neighborhood. From there we then aggregated all cells 968 
of the same type across all differentially expressed niches and calculated the mean percent 969 
positivity for each functional marker. We separately calculated, for each functional marker, the 970 
bulk cell percent positivity for all cells in each condition of the comparison criteria. For each 971 
condition we calculated the Log2FC between the QUICHE percent positivity and the bulk percent 972 
positivity. If <0.05 of bulk cells were positive for a given functional marker the Log2FC was 973 
filtered out. In order to avoid division by zero a pseudo count of 1e-6 was added to all values. In 974 
order to keep from large Log2FC values a cap was created at -5 and 5. 975 
 976 
Random Forest Model 977 
Data Import and Preprocessing: 978 
We filter the data based on criteria such as modality, immunotherapy status, disease type, patient 979 
age, and tumor region to ensure that only relevant variables are included in the analysis. Further 980 
data cleaning is performed by removing highly correlated features. A correlation matrix is 981 
calculated to identify highly correlated features. Features exceeding a specified correlation 982 
threshold (0.6 for who grade and 0.72 for survival status in order to maintain a similar number of 983 
features between the conditions) had the feature with the largest mean absolute correlation 984 
removed, retaining only those that contribute unique information to the analysis. , eliminating 985 
redundancy in the dataset. We also exclude features with a large proportion of >50% missing 986 
values and features in which all values are the same. 987 
 988 
Feature Harmonization and Normalization: 989 
Each feature is normalized (Z-scored) to facilitate comparisons. For datasets with multiple fields 990 
of view (FOVs), feature values are averaged across FOVs to ensure uniform representation. 991 
 992 
Model Setup: 993 
Using the processed data, a random forest classifier is trained to predict survival status (i.e. short 994 
vs long) or who grade (i.e. 2, 3, 4). We implement k-fold cross-validation (k = 3) to evaluate model 995 
performance. To evaluate performance, we compared the predictions to the ground truth using the 996 
area under the receiver operator curve (AUC). We performed 3-fold cross validation in each of 10 997 
runs to obtain a distribution of predictions. 998 
 999 
Model Evaluation and Feature Importance: 1000 
For each training iteration, AUC values are recorded to assess model performance. The median 1001 
importance of each feature across multiple runs is calculated using the Gini importance metric, 1002 
and the top features are identified based on this metric. 1003 
 1004 
Randomized Control: 1005 
To validate model performance, labels are randomly shuffled outcome labels without replacement 1006 
and the model is re-run to compare AUC values against the original (non-randomized) model, 1007 
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random forest is implemented in R using caret v.6.0.94. A t-test is implemented in R using stats 1008 
v.4.4.1 to determine statistical significance between the original and randomized AUC values, 1009 
providing a measure of model reliability. 1010 
 1011 
Principal Component Analysis (PCA): 1012 
Principal components analysis (PCA) was performed on the top 20 features for visualization in R 1013 
using stats v4.4.1. 1014 
 1015 
RNA-Glycan co-occurrence analysis 1016 
In order to investigate the correlation between the gene expression of enzymes involved in glycan 1017 
generation and the abundance of glycans across different GBM stages, we conducted an analysis 1018 
on differentially expressed genes and glycans.  1019 
 1020 
Initially, we normalized the expression data for these genes and glycans by Z-scoring each gene 1021 
or glycan's expression across GBM stages. Thereafter, k-means clustering was applied using k=6, 1022 
a value driven by minimal k to account for all potential trends across the three stages of GBM. 1023 
This ensured sufficient classes to account for any trends observed within our dataset, while 1024 
minimizing clustering complexity.  1025 
 1026 
Using literature references, glycans and genes were each assigned a glycan type, such as bi-1027 
antennary or fucosylated. It's noteworthy that a gene or glycan could be assigned to multiple types. 1028 
Following this assignment, we quantified, for each glycan type, instances where both a glycan and 1029 
an enzyme of that type shared the same k cluster.  1030 
 1031 
For establishing a comparative basis, we generated a null distribution by randomly assigning genes 1032 
and glycans to types 1,000 times. The previously calculated quantity was then Z-scored against 1033 
this null distribution. A high Z-score indicates a glycan type with a more correlated expression of 1034 
genes and glycans than one would expect by chance. This method accounts for the overall 1035 
expression trends observed in our dataset as given by the distribution between k-clusters. 1036 
 1037 
N-glycan MALDI imaging mass spectrometry of FFPE tissue slide preparation 1038 
Tissue TMA slides were prepared for N-glycan imaging mass spectrometry analysis using a 1039 
standardized tissue preparation workflow which has been previously published for FFPE tissues97. 1040 
Briefly, tissue slides were dewaxed with xylene and rehydrated using a gradient of ethanol in a 1041 
linear stainer (Leica Biosciences) programmed to 3 dips per wash for 30 seconds each. Antigen 1042 
retrieval was performed in citraconic anhydride buffer at pH 3 for 30 min in a heating chamber at 1043 
95 °C. Slides were briefly dried under vacuum and subject to enzyme treatment using HTX M3+ 1044 
Sprayer (HTX Technologies, Chapel Hill, NC).5 passes of PNGaseF PRIME enzyme (N-Zyme 1045 
Scientifics, Doylestown, PA) at 0.1 µg/µL was applied at a rate 25 µL/min with a velocity of 1200 1046 
mm/min and a 3 mm offset at 10 psi and 45 °C. Slides were incubated in prewarmed humidity 1047 
chambers for 2 h at 37 °C. After PNGaseF digestion, 7 mg/mL CHCA matrix in 50% ACN/0.1% 1048 
TFA was applied to the slides at a rate of 100 µL/min with a velocity of 1300 mm/min and a 2.5 1049 
mm offset at 10 psi and 79 °C using the same sprayer. Slides were stored under vacuum until 1050 
analysis97.  1051 
 1052 
MALDI-MSI Data Acquisition and Processing 1053 
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All samples were analyzed with a timsTOF fleX MALDI-2 mass spectrometer (Bruker 1054 
Corporation, Billerica, MA). The following parameters were used: mass range 800-4000 m/z, 1055 
positive ion mode, 10 μm field size and 200 shots per pixel. Raw imaging data was processed in 1056 
SCiLS Lab version 2024b Pro (Bruker Corporation, Billerica, MA). In SCiLs Lab, N-glycan 1057 
spectra were normalized by total ion count and converted to vendor-neutral imzML format. The 1058 
imzML files were parsed using pyimzML in Python, and the expression at each m/z peak was 1059 
extracted as single-channel TIF images. 1060 
 1061 
Nanostring DSP Sample Preparation 1062 
Formalin-fixed, paraffin-embedded (FFPE) samples were prepared manually according to 1063 
NanoString GeoMx RNA-NGS protocols. Tissue microarrays (TMAs) were arranged to fit the 1064 
largest dimensions allowable for imaging on the DSP system. Five-micrometer sections were 1065 
placed on positively charged slides, baked, deparaffinized, and then sequentially washed in ethanol 1066 
and PBS. Antigen retrieval was performed with Tris-EDTA (pH 9.0) in a pressure cooker for 10 1067 
minutes at 100°C, followed by a PBS rinse. The samples were then incubated with Proteinase K 1068 
(1 µg/mL) for 15 minutes at 37°C and washed again in PBS. 1069 
 1070 
Afterward, the slides were hybridized overnight at 37°C with human WTA at the recommended 1071 
concentration. HybriSlip Hybridization Covers (Grace BioLabs) were applied during this step. 1072 
Coverslips were detached by soaking the slides in 2× SSC plus 0.1% Tween-20, and any unbound 1073 
probes were removed by two 25-minute washes in 50% formamide/2× SSC at 37°C, followed by 1074 
a brief wash in 2× SSC. 1075 
 1076 
For staining with morphology markers, slides were first incubated in blocking buffer at room 1077 
temperature for 30 minutes in a humid chamber. They were then exposed to 500 nM SYTO13 and 1078 
fluorescently labeled antibodies (CD45, GFAP) for 1–2 hours. A final wash in 2× SSC was 1079 
performed before loading the slides onto the GeoMx DSP instrument. 1080 
 1081 
Nanostring DSP acquisition 1082 
DSP experiments were conducted in alignment with the NanoString GeoMx-NGS DSP Instrument 1083 
manual and established protocols98. In brief, slides were imaged across four fluorescence channels 1084 
(FITC/525 nm, Cy3/568 nm, Texas Red/615 nm, and Cy5/666 nm) to visualize the selected 1085 
morphology markers. Regions of interest (AOIs) were defined and collected for all samples, with 1086 
segmentation driven by CD45 high and CD45 low expression using the DSP auto-segmentation 1087 
tool and manually adjusted parameters. The selected AOIs were illuminated, and the released tags 1088 
were deposited into 96-well plates following the established protocol. 1089 
 1090 
Sequencing and data cleanup 1091 
Following the NanoString GeoMx-NGS Readout Library Prep guidelines, the dried DSP aspirate 1092 
was reconstituted in 10 µL of DEPC-treated water, and 4 µL of this solution was used for PCR 1093 
with NanoString SeqCode primers. These primers both amplify the tags and incorporate Illumina 1094 
adaptor sequences along with sample-specific barcodes. PCR products were pooled in fixed 1095 
volumes and then purified twice using AMPure XP beads (Beckman Coulter). The final libraries 1096 
were sequenced exclusively on an Illumina NovaSeq 6000 using 27 × 27 paired end reads. 1097 
 1098 
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FASTQ files were handled with the NanoString GeoMx NGS Pipeline v2.0 or v2.2. Low-quality 1099 
bases and adaptor sequences were trimmed, and paired-end reads were stitched together. Barcode 1100 
and UMI regions were identified, allowing up to one mismatch for barcode matching. Reads 1101 
sharing the same barcode were deduplicated by UMI. The raw read count correlated strongly with 1102 
unique UMIs across AOIs (Supplemental Figure S9), supporting a generally consistent library 1103 
amplification. Nevertheless, all analyses presented here employed UMI-deduplicated counts to 1104 
account for potential PCR bias. 1105 
 1106 
Count data were processed and normalized using GeoMxTools R package v1.0 1107 
(https://bioconductor.org/packages/release/bioc/html/GeomxTools.html). Specific parameters and 1108 
detailed used can be found in https://github.com/angelolab/publications/blob/main/2024-1109 
Piyadasa_Oberlton_etal_Glioma/Data_Analysis/2_NS_DSP_cleanup.R  1110 
 1111 
Resource availability 1112 
Lead contact 1113 
 1114 
Requests for further information and resources should be directed to and will be fulfilled by the 1115 
lead contact Michael Angel (mangelo0@stanford.edu). 1116 
 1117 
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 1119 
All unique/stable reagents generated in this study are available from the lead contact with a 1120 
completed materials transfer agreement. 1121 
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Data and code availability 1123 
 1124 
To provide broad access to our multi-omic data set (including single cell MIBI image overlays) 1125 
and clinically annotated metadata, we have created an interactive online portal, 1126 
www.bruce.parkerici.org. This portal further facilitates direct download of all raw data tables and 1127 
features calculated. Raw MIBI images and segmentation files are deposited at BioImage Archive 1128 
(https://www.ebi.ac.uk/biostudies/bioimages/studies/S-BIAD1579) for easy access.  1129 
 1130 
Code to generate all figures is available at  1131 
https://github.com/angelolab/publications/tree/main/2024-Piyadasa_Oberlton_etal_Glioma. Low-1132 
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