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Abstract  35 

Transcriptomic classification of central nervous system (CNS) tumors is emerging as a diagnostic 36 

adjunct. However, conventional bulk sequencing requires multiple tissue sections, which is 37 

challenging when biopsy material is limited or diffuse infiltration dilutes the neoplastic signal. 38 

Spatial transcriptomics can interrogate gene expression from a single tissue section and 39 

computationally isolate tumor-enriched regions, but its compatibility with existing bulk-trained 40 
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transcriptomic classifiers has not been systematically evaluated. We developed a standardized 41 

pipeline to generate pseudobulk expression profiles from Visium spatial transcriptomics data and 42 

applied three classifiers (a correlation-based k-nearest neighbor [kNN], M&M, and OTTER) to 79 43 

publicly available CNS tumor datasets and 5 institutional Visium HD cases multiplexed onto a 44 

single slide. The kNN classifier achieved the highest concordance with reference diagnoses 45 

(82.3%), followed by M&M (60.3%) and OTTER (46.5%). Medulloblastoma and ependymoma 46 

achieved near-perfect concordance, while high-grade gliomas were the most challenging. Formalin 47 

fixation reduced performance, most markedly for OTTER. In cases with low kNN confidence, 48 

tumor-cluster enrichment improved concordance from 60% to 76%. Pseudobulk aggregation of 49 

spatial transcriptomics data from a single tissue section can therefore yield diagnostically 50 

informative classifications using existing classifiers, with potential for tissue-limited specimens 51 

and infiltrative tumors. 52 

Keywords: spatial transcriptomics; pseudobulk; brain tumor classification; tissue conservation; 53 

tumor-cluster enrichment 54 

Introduction 55 

Increasing access to molecular techniques has augmented brain tumor classification beyond 56 

histomorphology alone. DNA methylation profiling is considered routine in resource-enabled 57 

laboratories and is necessary for the classification of certain tumor types.[15] Another emerging 58 

approach is transcriptomic classification where several models published in recent years report 59 

equivalent capabilities compared with methylation-based methods.[5,14,7] However, molecular 60 

testing faces tissue volume constraints and issues of tumor purity. This is particularly acute in 61 

neuropathology, where several diagnostic settings routinely yield minimal material such as 62 
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stereotactic biopsy of brainstem lesions, endoscopic biopsy of pineal region tumors, and sampling 63 

of intramedullary spinal cord. The problem is further compounded by diffuse growth patterns that 64 

hinder isolation of a pure neoplastic population for molecular analysis. 65 

Spatial transcriptomic sequencing has emerged as a modality capable of interrogating a 66 

tissue’s transcriptome at a spatially resolved, near-single-cell level from a single tissue 67 

section.[11,12] Critically, these platforms allow computational isolation of tumor-enriched regions 68 

in silico, minimizing dilution by admixed non-neoplastic tissue. However, it remains uncertain 69 

whether the expression profiles generated by spatial transcriptomics are sufficiently compatible 70 

with existing bulk-trained classifiers to yield diagnostically useful results. 71 

We therefore asked whether spatial transcriptomics aggregated into a pseudobulk format 72 

can drive existing transcriptomic classifiers from a single tissue section. A standardized pipeline 73 

was designed to generate pseudobulk profiles from publicly available Visium brain tumor datasets, 74 

and thereafter applied to three classifiers of distinct architecture: a correlation-based k-nearest 75 

neighbor (kNN) classifier built on a recently published transcriptomic atlas of nervous system 76 

tumors,[7] the M&M ensemble classifier,[14] and OTTER.[5] We assessed concordance with 77 

reference diagnoses across diagnostic categories and tissue preservation types, tested whether 78 

spatial isolation of tumor-enriched clusters could improve classification in sub-threshold cases, 79 

and applied the pipeline to multiplexed institutional Visium HD cases as an illustrative case series. 80 

Materials and methods 81 

Ethics approval and consent to participate 82 

This study was approved by the SingHealth Institutional Review Board (CIRB Ref: 2014-2079). 83 

Written informed consent for research use of tissue was obtained from the parents or legal 84 
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guardians of the patients whose institutional cases were included. The publicly available datasets 85 

used in this study were obtained from published sources and did not require additional ethics 86 

approval. Consent for publication was obtained from the parents or legal guardians of the patients 87 

whose institutional cases were included. 88 

Study Cohort 89 

A total of 101 publicly available Visium spatial transcriptomics datasets were assembled from 90 

Zenodo (DOI: 10.5281/zenodo.10863259 and 10.5281/zenodo.14064047), Dryad (DOI: 91 

10.5061/dryad.h70rxwdmj) and GEO (GSE195661). Twenty-two cases were excluded because of 92 

incomplete diagnostic annotation, leaving 79 cases for analysis. These comprised 47 high-grade 93 

gliomas, 14 ependymomas, 8 low-grade gliomas/glioneuronal tumors, 4 medulloblastomas, and 6 94 

non-neoplastic control tissue samples (Online Resource 4).  95 

Of the 79 cases, 48 were derived from fresh-frozen (FF) tissue and 30 from formalin-fixed 96 

paraffin-embedded (FFPE) tissue. One case (UKF269_T_ST) carried an ambiguous FF/FFPE 97 

annotation and was excluded from preservation-type analyses. 98 

An additional five fresh-frozen institutional cases were multiplexed onto a single 10x 99 

Genomics (Pleasanton, CA, USA) Visium HD 6.5 mm slide and profiled using the Visium HD 3’ 100 

Spatial Gene Expression platform. These comprised two medulloblastomas (group 3 and group 4), 101 

a diffuse pediatric-type high-grade glioma (H3-wildtype, IDH-wildtype), an astroblastoma with 102 

MN1::BEND2 fusion, and a previously reported embryonal tumor with BRD4::CTRC1 fusion and 103 

BCOR internal tandem duplication.[2] Library preparation details, tumor region isolation and 104 

pseudobulk generation for these cases are provided in Online Resource 1.  105 
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Whole-Slide Pseudobulk Generation and Quality Control 106 

A standardized computational pipeline was developed in Python (v3.11) using Scanpy (v1.11.5) 107 

to generate pseudobulk expression profiles from all spatial transcriptomic datasets.[17] In the 108 

primary analysis, all spots within each dataset were aggregated into a single whole-slide 109 

pseudobulk profile without prior cluster selection or spatial subsetting. 110 

Feature–barcode matrices were loaded and gene names deduplicated. Spots were retained 111 

if they expressed ≥200 genes, contained ≥500 total UMI counts, and had ≤20% mitochondrial 112 

transcripts. Genes detected in fewer than 3 spots were removed, and spots not overlying tissue 113 

were excluded where spatial position annotations were available. Thresholds were held constant 114 

across the 79 public datasets; adjusted values for the institutional cases are given in Online 115 

Resource 1. After filtering, a whole-slide pseudobulk profile was generated for each sample by 116 

summing raw (unnormalized) counts across all retained spots. 117 

Classifier Input Preparation 118 

Three classifier-specific adapter modules converted the standardized raw count vector into the 119 

format required by each tool; preprocessing was therefore identical across the three classifiers. The 120 

pseudobulk counts were then processed by the three different classifiers (see Online Resource 1 121 

for details).  122 

Concordance Assessment 123 

Reference diagnostic labels were derived from the histopathological and molecular annotations 124 

provided by the original source publications for each dataset. These were mapped to five 125 

harmonized diagnostic categories with reference to the 2021 WHO Classification of Tumors of the 126 
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Central Nervous System: high-grade glioma, low-grade glioma/glioneuronal tumor, ependymoma, 127 

medulloblastoma and control tissue.[15] The constituent entities of each category, and the mapping 128 

of finer classifier subtype labels, are listed in Online Resource 2. Subgroup-level predictions were 129 

assessed where reference annotation permitted. 130 

Tumor-Cluster Enrichment Strategy 131 

To assess whether spatial isolation of tumor-predominant regions could rescue sub-optimal 132 

classifications, a second-pass tumor-cluster enrichment strategy was applied to a targeted subset 133 

of cases. Enrichment was evaluated using the kNN classifier only, as it achieved the highest 134 

baseline concordance and was therefore the most informative platform for assessing whether 135 

spatial refinement could improve classification. Cases were selected for enrichment if their whole-136 

slide kNN confidence score fell below a threshold of 0.8, indicating suboptimal classifier 137 

confidence. The threshold approximates the mean concordant kNN score (0.846).  138 

Twenty-seven cases fell below the threshold; two control cases were excluded as they contain no 139 

neoplastic component. For each qualifying case (n = 25; comprising 22 high-grade gliomas, 2 low-140 

grade gliomas/glioneuronal tumors, and 1 medulloblastoma), graph-based clustering was 141 

performed on the filtered feature–barcode expression matrix using the Leiden algorithm in Scanpy 142 

at a resolution of 0.8 [13] Spatial cluster maps were reviewed by S.J.A. to identify clusters 143 

corresponding to tumor-enriched regions based on spatial concordance with expected histological 144 

features. 145 

Barcodes from the selected clusters were passed through the same pseudobulk pipeline and QC 146 

thresholds used for the whole-slide analysis. The resulting enriched pseudobulk profile was re-147 
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classified through the correlation-based kNN pipeline, and the resulting confidence scores and 148 

concordance status were compared with the original whole-slide classifications. 149 

Statistical Analysis 150 

Concordance was the proportion of cases correctly classified, reported for the full cohort and 151 

stratified by diagnostic category and preservation type with Wilson 95% confidence intervals. 152 

Because diagnostic categories were markedly imbalanced (47 high-grade gliomas versus 4 153 

medulloblastomas), balanced accuracy — the unweighted mean of per-class concordance rates — 154 

is reported alongside overall concordance. Classifier confidence scores were reported as the mean 155 

with standard deviation (SD) in parentheses, separately for concordant and discordant cases. 156 

Confusion matrices for each classifier are provided in Online Resource 3. No formal hypothesis 157 

testing was performed as the study is descriptive. 158 

Results 159 

Overall Classifier Performance 160 

Across the 79 cases, the three classifiers demonstrated different concordance rates, with kNN 161 

attaining the highest scores, followed by M&M and then OTTER (Fig. 1). The kNN classifier 162 

achieved the highest concordance, correctly classifying 65 of 79 cases (82.3%; 95% CI 72.4–89.1), 163 

followed by M&M with 44 of 73 analyzable cases (60.3%; 95% CI 48.8–70.7) and OTTER with 164 

33 of 71 (46.5%; 95% CI 35.4–58.0). Because the diagnostic categories were imbalanced, balanced 165 

accuracy was also calculated: 92.0% for kNN, 84.6% for M&M and 49.8% for OTTER. 166 

Confidence scores tracked concordance, most clearly for kNN, where concordant cases scored 167 
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0.846 (0.186) and discordant cases 0.607 (0.230); then M&M, 0.636 (0.282) versus 0.317 (0.160); 168 

and least OTTER, 0.409 (0.231) versus 0.333 (0.186) (Online Resource 5). 169 

 170 

Diagnosis-Dependent Classification Performance 171 

Classifier performance varied substantially by diagnostic category, with medulloblastoma and 172 

ependymoma achieving consistently high concordance across all three tools, while high-grade 173 

gliomas and control tissue represented the most challenging groups (Fig. 2a). 174 

Medulloblastoma and ependymoma. All four medulloblastoma cases were classified 175 

concordantly by kNN, M&M, and OTTER (4/4, 100%). Where reference annotation specified a 176 

molecular subgroup, classifiers with subgroup resolution assigned it correctly (SHH-activated). 177 

Similarly, kNN and M&M achieved 100% concordance across all 14 ependymoma cases (mean 178 

scores 0.993 and 0.965 respectively), and were also concordant at subgroup level where annotation 179 

permitted. OTTER was concordant in 12 of 14 (85.7%). 180 

Low-grade glioma/glioneuronal tumors. kNN classified 7 of 8 correctly (87.5%) and M&M 181 

8 of 8 (100%); OTTER was concordant in only 2 of 8 (25.0%). 182 

High-grade glioma. This was the largest and most challenging diagnostic group (n = 47). 183 

The kNN classifier classified 34 of 47 cases correctly (72.3%). M&M reached 38.3% (18/47) and 184 

OTTER 38.5% (15/39 analyzable). Notably for OTTER, discordant high-grade glioma cases had 185 

higher mean scores (0.383) than concordant ones (0.255), indicating that OTTER confidence 186 

scores lack discriminatory validity in this diagnostic group. 187 

Control tissue. kNN classified all 6 cases correctly (100%); M&M has no such category; 188 

OTTER classified none concordantly (0/6), a clear limitation for non-neoplastic samples. 189 
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 190 

Impact of Formalin Fixation on Classification Performance 191 

Concordance and confidence scores were then compared between FF and FFPE material (Fig.2b). 192 

The kNN classifier showed a moderate reduction in concordance in FFPE samples (76.7%, 23/30; 193 

mean concordant score 0.774 (0.200)) compared to FF samples (85.4%, 41/48; mean concordant 194 

score 0.885 (0.170)). M&M concordance was comparable between FF (57.1%, 24/42 analyzable) 195 

and FFPE (63.3%, 19/30), though mean concordant scores were markedly lower in FFPE (0.411 196 

vs 0.826), indicating reduced confidence despite similar concordance. 197 

OTTER showed the most striking tissue-preservation effect: concordance fell from 61.4% 198 

in FF (27/44 analyzable) to 19.2% in FFPE (5/26 analyzable). Critically, mean scores of discordant 199 

FFPE cases, at 0.292 (0.133), were very close to those of concordant cases, at 0.304 (0.229), 200 

indicating that OTTER confidence scores carry no meaningful discriminatory information in FFPE 201 

material.  202 

Tumor-Cluster Enrichment Improves kNN Classification 203 

Tumor-cluster enrichment was applied to the 25 sub-threshold cases (22 high-grade gliomas, 2 204 

low-grade glioma/glioneuronal tumors, 1 medulloblastoma; Fig. 3, Online Resource 6). Prior to 205 

enrichment, 15 of 25 cases were concordantly classified (60.0%), with a mean classifier confidence 206 

score of 0.536. Following enrichment, concordance increased to 19 of 25 cases (76.0%), with a 207 

mean score of 0.604. Four discordant cases converted to concordant and none became discordant; 208 

three of the four were reclassified from low-grade to high-grade glioma. Six remained discordant. 209 
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Among the 21 cases with unchanged status, scores improved in 12, with 5 crossing the 0.8 210 

threshold. Per-case results are given in Online Resource 7.  211 

 212 

Enrichment was most effective in high-grade glioma, where concordance rose from 13 of 213 

22 (59.1%) to 16 of 22 (72.7%); the already-concordant medulloblastoma’s score rose from 0.5 to 214 

1.0. Persistent misclassification was associated with admixed normal or lower-grade tissue, or with 215 

intrinsic transcriptomic overlap — exemplified by the gliosarcoma GS7, which retained an 216 

ependymoma call despite enrichment. 217 

 218 

Application to Institutional Visium HD Cases 219 

The five institutional Visium HD cases were processed through the complete analytical workflow 220 

(Fig. 4) and classification results are summarized in Online Resource 8. Both medulloblastoma 221 

cases (Group 3 and Group 4) achieved concordant classification across all three classifiers, 222 

including correct molecular subgroup assignment (kNN scores 1.0 and 0.9; M&M 0.46 and 0.96; 223 

OTTER 0.2 and 0.5 respectively). Notably, the Group 3 medulloblastoma was derived from a 224 

tissue fragment less than 1 mm in size. The diffuse pediatric-type high-grade glioma was 225 

concordantly classified by M&M (0.12) and OTTER (0.17), though with low confidence scores; 226 

the kNN classifier assigned it as a low-grade glioma (0.6). The astroblastoma returned equal kNN 227 

scores (0.5) between ependymoma and HGNET-MN1. The embryonal tumor was discordant 228 

across all three classifiers, as expected given its absence from all reference datasets. 229 

Discussion 230 
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In settings where the specimen volume is limited and when there is dilution of tumor signal, our 231 

results show that pseudobulk aggregation of spatial transcriptomics can yield diagnostically 232 

informative classifications through existing classifiers from a single tissue section. However, 233 

concordant scores show variation depending on classifier architecture, tumor type and 234 

preservation. 235 

Classifier performance and the feasibility of pseudobulk classification 236 

Applying three classifiers revealed informative differences in their tolerance of spatial 237 

input. kNN achieved the highest concordance (82.3%), attributable to correlation-based matching 238 

against the Le et al. atlas: Pearson correlation captures relative expression patterns rather than 239 

absolute magnitudes, and is therefore tolerant of platform differences. This scale invariance suits 240 

cross-platform application, where systematic biases shift expression levels but preserve relative 241 

gene rankings; the atlas’s dense sampling of nervous system tumors further supports accurate 242 

matching. 243 

 244 

M&M’s intermediate concordance (60.3%) likely reflects training on a reference enriched 245 

for pediatric entities, limiting sensitivity for adult-type tumors — particularly glioblastoma, the 246 

largest subgroup here. OTTER’s lower concordance (46.5%) is consistent with its design as a 247 

deep-learning classifier trained on poly(A)-selected, fresh-frozen RNA-seq data processed through 248 

specific bioinformatic pipelines (RSEM quantification with Bowtie2/STAR alignment).[9] 249 

Convolutional networks do encode technical signatures of their training modality, and therefore, 250 

the different library chemistry, UMI-based quantification and capture efficiency of spatial 251 

transcriptomics deviate substantially from those conditions. 252 
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The divergence between overall concordance and balanced accuracy is itself informative: 253 

kNN (82.3% vs 92.0%) and M&M (60.3% vs 84.6%) both performed well across most categories 254 

but poorly on high-grade glioma, the majority of the cohort, whereas OTTER’s two measures were 255 

close (46.5% and 49.8%), indicating failure spread across several categories.  256 

Diagnosis-dependent performance and clinical implications 257 

The high concordance for medulloblastoma (100%) and ependymoma (≥85.7%) reflects their 258 

distinctive transcriptomic signatures, which separate well even across platforms, suggesting 259 

pseudobulking spatial classification is readily deployable for posterior fossa tumors.[1] 260 

In contrast, high-grade gliomas were the hardest category for kNN and M&M and were 261 

poorly classified by OTTER as well (kNN 72.3%, M&M 38.3%, OTTER 38.5%). This reflects 262 

their transcriptomic heterogeneity and overlap with other categories in the reference datasets. 263 

High-grade gliomas are also the tumors most likely to infiltrate diffusely, diluting the neoplastic 264 

signal in a whole-slide pseudobulk — the problem the enrichment strategy addresses (see below). 265 

Impact of tissue preservation and implications for archival material 266 

FFPE is the standard archival format in surgical neuropathology, so any transcriptomic diagnostic 267 

must contend with FFPE-associated RNA degradation, cross-linking and fragmentation. [6,3] The 268 

kNN classifier was moderately affected by FFPE processing (concordance 76.7% versus 85.4% in 269 

FF), likely because correlation-based confidence is partially robust to the systematic transcript 270 

degradation. M&M showed near-identical concordance (57.1% vs 63.3%), indicating reasonable 271 

concordance similarity despite reduced signal quality. OTTER showed a dramatic decline from 272 

61.4% concordance in FF to 19.2% in FFPE, with near-complete loss of discriminatory power in 273 
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its confidence scores. This appears consistent with OTTER’s dependence on the technical 274 

characteristics of poly(A)-selected, fresh-frozen RNA-seq data.[5] That kNN and M&M remain 275 

concordant on FFPE material supports the feasibility of transcriptomic classification from routine 276 

histopathological sections. 277 

Tumor-cluster enrichment as a spatial refinement strategy 278 

Unlike macrodissection or laser-capture microdissection, which consume additional tissue, spatial 279 

transcriptomics isolates tumor-enriched regions computationally from a single section. In our 280 

analysis, enrichment converted 4 of 10 previously discordant cases to concordant classification, 281 

raising overall concordance from 60.0% to 76.0% in the sub-threshold cohort. The most common 282 

pattern of correction—reclassification from erroneous low-grade glioma labels to the correct high-283 

grade glioma diagnosis—shows that non-neoplastic (or lower-grade) transcriptomic signals can 284 

dominate the whole-slide pseudobulk in these cases and spatial isolation of tumor clusters 285 

effectively removes this confounding signal. 286 

However, enrichment did not uniformly improve performance: three concordant high-287 

grade gliomas each lost 0.1 of their score (Fig 3b). Such occurrences likely stem from bulk RNA-288 

seq trained classifiers where tissue containing non-neoplastic components such as necrosis, 289 

contributes to the histological classification of high-grade glioma. This is seen in GS6, where the 290 

necrotic cluster was required for a higher score (Online Resource 10). Excluding such components, 291 

therefore, removes features the classifier associates with the correct diagnosis — a principled limit 292 

of in silico enrichment applied to bulk-trained models.  293 
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It is also noted that six cases remained discordant despite enrichment, likely indicative of 294 

misclassifications arising from intrinsic transcriptomic overlap between the tumor and incorrect 295 

reference categories rather than from signal dilution. 296 

Institutional Visium HD validation  297 

The five institutional Visium HD cases demonstrate that the pseudobulk pipeline can extend to a 298 

multiplexed workflow in which multiple small specimens are processed simultaneously on a single 299 

capture area, reducing per-case cost and maximizing diagnostic yield from limited tissue. The 300 

concordant classification of both medulloblastomas — including one derived from a tissue 301 

fragment less than 1 mm — suggests the spatial pseudobulk approach does not require large tissue 302 

volumes to generate sufficient transcriptomic signal, consistent with the robust medulloblastoma 303 

concordance observed in the public cohort. The low confidence for the diffuse pediatric-type high-304 

grade glioma likely reflects both its heterogeneity and the residual platform gap. The embryonal 305 

tumor was discordant across all three classifiers — expected for an entity absent from every 306 

reference set, and a direct demonstration of how far reference coverage constrains these tools. 307 

Transcriptomic biology validated through spatial classification 308 

During the analysis, it was notable that the classification of several individual cases appears to 309 

reflect underlying tumor biology. Four gliosarcoma cases were classified as osteosarcoma or 310 

sarcoma groups by M&M and OTTER (Online Resource 9), which supports the understanding of 311 

sarcomatous transformation in these tumors.[16] Similarly informative was the astroblastoma with 312 

MN1::BEND2 fusion which returned equal kNN scores for ependymoma and HGNET-MN1 (high-313 

grade neuroepithelial tumor with MN1-alteration, its former classification group). This result is 314 
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notable considering recent evidence that some MN1::BEND2-fused tumors are ependymal in 315 

origin.[8] Overall, this suggests that the pseudobulk approach has the potential to capture 316 

biologically meaningful transcriptomic relationships even when formal concordance criteria are 317 

not met.  318 

Relationship to existing diagnostic adjuncts 319 

When considering current clinical testing modalities, immunohistochemistry and DNA 320 

methylation profiling typically require multiple sections with adequate tumor content, a limitation 321 

when biopsy material is scarce.[4] NePSTA, a previously published spatial transcriptomic 322 

framework, addresses this by training graph neural networks directly on spatial data to predict 323 

methylation-based subclasses on a single tissue section.[11] 324 

Our approach is complementary: rather than building a new spatial classifier, it reshapes spatial 325 

counts into a bulk-like profile usable by existing frameworks and their reference atlases. NePSTA 326 

and our approach are therefore not mutually exclusive — pseudobulk classification offers a rapid 327 

first pass, and spatially aware models such as NePSTA could refine it from the same dataset. 328 

Limitations 329 

First, concordance was assessed across five broad categories rather than at subtype level, a 330 

consequence of harmonizing classifiers that use different nomenclatures. Regardless, where 331 

subgroup annotation existed, predictions remained concordant at that level, suggesting that finer 332 

resolution is achievable. Second, the design is descriptive, and subgroup sizes preclude formal 333 

comparison, where differences are indicative but not established benchmarks. Third, the cohort is 334 

mostly previously published data which permits reproducibility and avoids single-institution bias, 335 
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but limits control over specimen handling, sequencing depth and annotation quality. Reference-336 

label errors also propagate directly into concordance. 337 

Fourth, no bulk RNA-seq was run on the same specimens, so output was compared against 338 

the histopathological diagnosis. This shows whether pseudobulk profiles yield the correct 339 

diagnosis but cannot separate a poorly representative profile from a classifier limitation. Fifth, the 340 

study was restricted to Visium and Visium HD platforms and may not generalize to other spatial 341 

technologies such as GeoMx or Stereo-seq.[10] Finally, the tumor-cluster enrichment strategy 342 

relied on manual review of spatial cluster maps, introducing a subjective element to the analysis.  343 

Conclusion 344 

With our findings, we conclude that in clinical settings where there is a constraint in tissue 345 

availability, pseudobulk aggregation of spatial transcriptomics offers a route to transcriptomic-346 

level classification from a single tissue section.  347 

Data and Code availability  348 

The 101 publicly available Visium datasets were obtained from Zenodo (DOI: 349 

10.5281/zenodo.10863259 and 10.5281/zenodo.14064047), Dryad (DOI: 350 

10.5061/dryad.h70rxwdmj) and GEO (GSE195661). The five institutional Visium HD datasets are 351 

available from the corresponding author upon reasonable request. The transcriptomic atlas 352 

reference data and metadata used for the correlation-based kNN classifier are available at 353 

https://github.com/axitamm/BrainTumorAtlas. The M&M classifier and pre-trained models are 354 

available at https://github.com/princessmaximacenter/MnM and on Zenodo (DOI: 355 

10.5281/zenodo.14167359). The OTTER classifier is accessible at 356 
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https://otter.ccm.sickkids.ca/app/inference. The code used for generating the pseudobulk profiles 357 

and results is available from the corresponding author upon reasonable request.  358 
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Figure legends 416 

 417 

Fig. 1 Overall performance of three spatial transcriptomic classifiers across the cohort. a 418 

Concordance rate for kNN, M&M and OTTER across the 79 spatially profiled tumor and control 419 

samples; concordant (darker) and discordant (lighter) proportions are annotated above each bar 420 
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pair. Denominators differ because 6 control cases lie outside the M&M reference and 8 gliomas 421 

returned an unresolved OTTER node (n = 73 and n = 71 respectively). b Confidence scores for 422 

concordant (green) and discordant (red) cases as paired violin plots with individual points overlaid. 423 

Separation of concordant from discordant scores is marked for kNN, partial for M&M and poor 424 

for OTTER. 425 

 426 

Fig. 2 Diagnosis-dependent and tissue preservation-dependent classifier performance. a 427 

Concordance rate (%) by diagnostic category; cell color runs from red (0%) to dark green (100%). 428 

b Concordance rate in fresh-frozen (FF) and formalin-fixed paraffin-embedded (FFPE) material. 429 

Analyzable denominators: kNN FF n = 48, FFPE n = 30; M&M FF n = 42, FFPE n = 30; OTTER 430 

FF n = 44, FFPE n = 26.  431 

 432 

Fig. 3 Effect of tumor-cluster enrichment on kNN classification in the 25 sub-threshold cases. 433 

a Concordance before and after enrichment. b kNN score before (circles) and after (squares) 434 

enrichment for the 21 cases whose concordance status was unchanged; subgroup labels give the 435 

number of cases in which the score rose, was unchanged or fell. 436 

 437 

Fig. 4 Institutional Visium HD cases. H&E (a) and spatial clusters (b) for the five cases, rendered 438 

in Loupe v9.0.0. Clusters 1 and 8, diffuse pediatric-type high-grade glioma, H3-wildtype and IDH-439 

wildtype; cluster 2, astroblastoma; cluster 4, medulloblastoma group 4; clusters 5, 6 and 7, 440 

embryonal tumor with BRD4::CTRC1 fusion and BCOR internal tandem duplication; cluster 10, 441 

medulloblastoma group 3. Classifications are given in Online Resource 8. 442 
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