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Abstract 11 

Hypoxia is a hallmark of glioblastoma but is not measured in routine diagnosis, whereas hematoxylin 12 

and eosin (H&E) slides are universally available. We asked whether 31 interpretable nuclear and 13 

tissue-architecture features from H&E slides of TCGA-GBM, CPTAC-GBM and TCGA-LGG are 14 

associated with a bulk Hallmark hypoxia transcription score, and how far composition, IDH status, 15 

signature choice and technical confounding explain it. Hypotheses were defined post hoc, and only 16 

later-processed CPTAC patients (n = 60–61) formed a temporal hold-out. No feature was significant 17 

in TCGA-GBM alone (0/31), whereas 9/31 were significant in the pooled analysis. Three selected 18 

features had pooled ρ ≈ 0.19 but were non-significant in the hold-out (ρ = 0.05–0.14; about 34% 19 

power). The score correlated strongly with immune, stromal and myeloid scores (ρ = 0.35–0.71), and 20 

composition predicted it better than morphology. Associations vanished after adjustment for IDH and 21 

grade in TCGA-LGG and for sequencing depth in Visium, and no independent prognostic value was 22 

found. In HCMI-CMDC, the only further open cohort with paired slides and RNA (n = 35; low 23 

power), the features did not replicate (ρ = −0.15 to −0.20; 0/31 BH), and the pooled estimate fell to ρ 24 

≈ 0.15. The findings are hypothesis-generating. 25 

Keywords: glioblastoma; hypoxia; computational pathology; whole-slide imaging; confounding; 26 

negative results 27 

Introduction 28 

Hypoxia and the associated pseudopalisading necrosis are characteristic of glioblastoma (GBM) and 29 

are linked to angiogenesis, immune remodelling and therapy resistance1,2. Necrosis and microvascular 30 

proliferation are also used to classify and grade adult diffuse gliomas3. Transcriptional hypoxia 31 

signatures, such as the MSigDB Hallmark set and signatures derived from head-and-neck, pan-cancer 32 

and cell-line data, can be computed from bulk RNA4–7, but RNA profiling is not part of routine 33 

diagnosis, whereas H&E staining is. 34 
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Computational pathology can infer molecular states, including mutations and gene expression, from 35 

H&E slides in many tumour types8,9, typically with weakly supervised multiple-instance learning or 36 

foundation-model embeddings10. Interpretable feature pipelines have also been used11. In glioma, 37 

deep-learning pathomics has been applied to survival prediction, tissue-region segmentation and 38 

multimodal integration12–16, and hypoxia-associated morphology has been modelled in breast cancer17. 39 

We make no claim of priority for glioma pathomics, for hypoxia inference from H&E, or for multiple-40 

instance-learning models. 41 

Our aim is narrower and deliberately conservative. We ask whether a small set of interpretable 42 

nuclear and tissue-architecture features is associated with bulk hypoxia transcription in GBM, whether 43 

the association is reproduced in an independent cohort, and how much of it is explained by tissue 44 

composition, IDH status and grade, signature choice, technical confounding (sequencing depth, stain, 45 

segmentation) and low within-patient reproducibility. Negative and attenuated results are reported in 46 

full, and exploratory analyses are distinguished from the single quasi-confirmatory test that the data 47 

allow. 48 

Results 49 

Study design, cohorts and analysis status 50 

We analysed H&E diagnostic slides and matched bulk RNA from TCGA-GBM (93 slides with at 51 

least 10 usable tiles; 92 with the log2-scale score), CPTAC-GBM (n = 152) and TCGA-LGG (n = 52 

488); a further open cohort, HCMI-CMDC (35 patients), was added on 1 October 2026 and is 53 

reported separately below. Thirty-one features were extracted per slide and related to the Hallmark 54 

hypoxia score (Fig. 1; Supplementary Table S19). The sequence of analyses matters and is stated in 55 

full in Methods. The 31-feature screen was exploratory. Three features (H1, hypocellular area fraction; 56 

H2, eosin-rich acellular fraction; H3, coefficient of variation of nearest-neighbour nuclear distance) 57 

were then defined post hoc, with knowledge of the screen in the first 91 CPTAC patients. Only the 58 

60–61 CPTAC patients whose features were completed after the freeze time form a temporal hold-out. 59 

All other results, including pooled analyses that contain the patients used for feature selection, are 60 

exploratory and probably optimistic. 61 

The Hallmark score tracks necrosis-adjacent tissue in IvyGAP but is composition-62 

linked in bulk tumours 63 

In IvyGAP, the Hallmark score separated pseudopalisading cells around necrosis (CTpan) from 64 

cellular tumour (CT; AUC = 0.979; Mann–Whitney P = 2.0 × 10−9), and the paired difference between 65 

necrosis-adjacent regions and cellular tumour was positive in all 8 tumours (Wilcoxon P = 0.0078). 66 

With Hallmark genes removed, separation persisted for the Winter signature (AUC = 0.772, P = 6.7 × 67 

10−4; Fig. 2E) but not for Buffa (AUC = 0.557, P = 0.48; Fig. 2F). In bulk tumours, however, the 68 

Hallmark score correlated with composition (Fig. 2A–C): ρ with the immune score was 0.345 69 
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(TCGA-GBM, n = 154), 0.539 (CPTAC, n = 200) and 0.586 (TCGA-LGG, n = 516), with the stromal 70 

score 0.434, 0.589 and 0.708, and with the myeloid score 0.364, 0.483 and 0.492 (range 0.35–0.71). 71 

In TCGA-GBM, median-split differential expression (81 genes at FDR < 0.05 and |log2 fold change| > 72 

1; 78 up, 3 down; Fig. 2G) and enrichment (Hallmark gene sets 44/50 at FDR < 0.05, 39/49 after 73 

removing the score genes; Fig. 2H) were dominated by inflammatory, TNF-α/NF-κB, epithelial–74 

mesenchymal-transition and myeloid programmes, and the top protein–protein interaction hubs were 75 

IL6, IL1B, CD44, FN1, CXCL8, TLR2, CCL2, ITGB2, COL1A1 and CXCR4 (Fig. 2I; Supplementary 76 

Fig. S10). The bulk score is therefore entangled with myeloid and mesenchymal composition. 77 

Exploratory screen and temporal hold-out 78 

In TCGA-GBM alone (n = 90–92), none of the 31 features was significant after Benjamini–Hochberg 79 

(BH) correction (0/31; best max-T P = 0.76). In CPTAC alone, 8/31 were BH-significant (0/31 at 80 

max-T; best P = 0.088), and 9/31 were in the fixed-effect meta-analysis of the two cohorts (Fig. 3A). 81 

Feature-wise correlations were concordant between cohorts (ρ = 0.823; 26/31 same sign). In the 82 

pooled, cohort-stratified max-T analysis, 4/31 features reached a family-wise error rate below 0.05 83 

(Fig. 3F,G): fraction of hypocellular tiles (P = 0.032), eosin-rich acellular fraction (P = 0.041), SD of 84 

the hypocellular fraction (P = 0.044) and its 90th percentile (P = 0.047). The features are highly inter-85 

correlated (Supplementary Fig. S2). 86 

H1–H3 had small positive correlations with the Hallmark score in every subset, but the evidence was 87 

weak (Fig. 3B–E; Table 1). Pooled ρ was 0.186, 0.193 and 0.188 (P = 0.0037, 0.0026 and 0.0034). In 88 

the hold-out (n = 60–61), the estimates were ρ = 0.135, 0.078 and 0.051 (P = 0.298, 0.550 and 0.699): 89 

same sign, non-significant, with about 34% power to detect ρ = 0.2. Of the three features, only H2 90 

reached max-T family-wise significance (P = 0.041; H1 P = 0.056; H3 P = 0.053). The hold-out 91 

therefore did not confirm the association, and we interpret it as compatible with either a small true 92 

effect or none. Pooled P values include the patients used for feature selection and are not confirmatory. 93 

Composition, signature choice and robustness 94 

After adjustment for immune, stromal and myeloid scores and tile count, no feature was BH-95 

significant in any cohort or in the meta-analysis (nominal P < 0.05: TCGA-GBM 0, CPTAC 4, meta 2; 96 

Fig. 4A). For H1–H3 (meta, adjusted), the eosin-rich fraction had ρ = 0.135 (95% CI 0.009–0.257; P 97 

= 0.036), the hypocellular fraction ρ = 0.112 (P = 0.084) and nearest-neighbour CV ρ = 0.066 (P = 98 

0.306). In pooled ordinary least squares the eosin-rich coefficient was 0.125 (95% CI 0.007–0.243; P 99 

= 0.039; Fig. 4C). This single nominal result is not corrected for the number of signatures tested. 100 

The association depended on the signature (Fig. 4B). Crude pooled correlations for H1–H3 were 101 

0.15–0.16 for Winter and 0.14–0.16 for Elvidge but −0.002 to 0.04 for Buffa. With Hallmark-overlap 102 

genes removed, correlations were 0.08–0.12 for Winter (P = 0.065–0.24), 0.11–0.13 for Elvidge (P = 103 

0.047–0.091) and −0.05 to −0.10 for Buffa (all non-significant); after composition adjustment they 104 
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were −0.08 to 0.06 (all P ≥ 0.24). Part of the Hallmark association is therefore attributable to 105 

composition and to the gene content of the Hallmark set. 106 

Within-patient reproducibility of slide-level features was low (median ICC(1) over the 31 features 107 

0.106; H1 0.153, H2 −0.091, H3 0.098; Fig. 4G). Excluding five TCGA-GBM slides with failed stain 108 

estimation (n = 87) left the TCGA-GBM results unchanged (0/31 BH-significant), with the pooled 109 

analysis also unchanged at 9/31 BH-significant features (Fig. 4H shows the TCGA-GBM estimates; 110 

Supplementary Table S10). Averaging all TCGA-GBM slides per case (n = 154; same patients, not 111 

independent) strengthened crude associations (6/31 BH-significant) but none remained after 112 

composition adjustment (Supplementary Table S7). Nuclear-segmentation agreement with StarDist 113 

was moderate (slide-level density ρ = 0.78, n = 96) and the nearest-neighbour association was similar 114 

with either segmenter (Supplementary Fig. S4); no absolute accuracy claim is possible without expert 115 

annotation. 116 

Cross-cohort prediction 117 

A ridge model on the 31 morphology features trained on TCGA-GBM predicted the Hallmark score in 118 

CPTAC with ρ = 0.255 (95% CI 0.094–0.404; permutation P ≈ 0.001; n_train = 90, n_test = 151), and 119 

the reverse direction gave ρ = 0.191 (−0.028 to 0.404; P = 0.029; Fig. 4D,E). An RNA-composition-120 

only model (immune, stromal, myeloid) predicted the score better (ρ = 0.484 and 0.505). After 121 

residualising the outcome on composition, the incremental morphology signal was ρ = 0.075 (P = 0.19) 122 

and 0.091 (P = 0.21; Fig. 4F). ResNet-50 embeddings trained on TCGA-GBM predicted the CPTAC 123 

score with ρ = 0.309 (P = 1.4 × 10−4, n = 148) in an analysis without composition adjustment, whereas 124 

within TCGA-GBM, cross-validated prediction from ResNet-50 or morphology was not above chance 125 

(permutation P = 0.25–0.83). 126 

The signature comparison was heterogeneous (Supplementary Table S20). Multivariate morphology 127 

predicted Winter-without-Hallmark-genes in one direction (ρ = 0.192, P = 0.010; reverse 0.139, P = 128 

0.10) and Buffa-without-Hallmark-genes in the TCGA→CPTAC direction (ρ = 0.151, P = 0.036; 129 

reverse 0.031, P = 0.37), although single-feature Buffa correlations were near zero. The Buffa result is 130 

therefore more nuanced than “no association”, and the pattern is not consistent across analyses. 131 

Confounding by IDH status and grade in TCGA-LGG and by sequencing depth in 132 

Visium 133 

In TCGA-LGG (n = 488), 5/31 features were BH-significant with the Hallmark score in crude 134 

analysis (mainly nuclear elongation and eccentricity, ρ ≈ 0.29), but none remained after adjustment 135 

for IDH status and grade (0/31; best q = 0.100; Fig. 5A). H1–H3 had crude ρ = −0.013, 0.018 and 136 

0.036. Feature effects were not concordant with GBM (ρ = −0.17, P = 0.37; 12/31 same sign; Fig. 5E) 137 

and GBM-trained models did not transfer (morphology ρ = 0.040, P = 0.38; ResNet-50 ρ = 0.007, P = 138 
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0.88; Fig. 5D). The score was much higher in IDH-wild-type than in IDH-mutant tumours (medians 139 

0.215 and −0.075; P = 3.7 × 10−23; Fig. 5B). 140 

In the 22 Visium slides (9 patients), the uncorrected z-mean score was largely a readout of sequencing 141 

depth (median ρ with log UMI = 0.808; Fig. 5F). Its positive association with hematoxylin density 142 

(median ρ = 0.165; Wilcoxon P = 0.0083; patient-level P = 0.098) disappeared after depth correction 143 

(median ρ = −0.028, P = 0.406; patient-level mean −0.031, P = 0.65; Fig. 5G,I), as did the apparently 144 

lower score in pale zones (median difference −0.076, P = 0.013; after correction 0.005, P = 0.34; Fig. 145 

5H). Spatial transcriptomics therefore provided no support for a local morphology–hypoxia relation. 146 

Prognosis 147 

The Hallmark score was not an independent prognostic factor (Fig. 6A). In TCGA-GBM, the hazard 148 

ratio (HR) per standard deviation was 1.267 (95% CI 1.05–1.53; P = 0.0130; n = 152, 121 events) 149 

univariably and 1.132 (0.922–1.388; P = 0.236; n = 148) after adjustment for age, sex and IDH. 150 

Adding the score raised the C-index from 0.605 to 0.618 (likelihood-ratio P = 0.235; bootstrap-151 

corrected 0.596; calibration slope 0.816; Fig. 6D; Supplementary Fig. S8). In CPTAC-GBM the 152 

univariable HR was 1.17 (0.995–1.379; P = 0.058; n = 190) and 1.13 (0.80–1.59; P = 0.487; n = 98) 153 

after adjustment; with immune and myeloid scores added, the hypoxia HR was 1.03 (P = 0.856) 154 

whereas the myeloid HR was 3.47 (1.30–9.21; P = 0.013; Fig. 6H). In TCGA-LGG the univariable 155 

HR of 1.64 (1.43–1.87) fell to 1.127 (0.92–1.38; P = 0.249) after adjustment. Kaplan–Meier median 156 

splits were non-significant (TCGA-GBM n = 152, log-rank P = 0.364; image subset n = 95, P = 0.110; 157 

Fig. 6B,C), and out-of-fold time-dependent AUCs at 12, 18 and 24 months were 0.666, 0.543 and 158 

0.571 for the score alone, 0.605, 0.563 and 0.592 for age, sex and IDH, and 0.664, 0.555 and 0.583 159 

combined (Fig. 6F). 160 

The ResNet-50 elastic-net Cox model failed cross-validation (out-of-fold C-index 0.435 ± 0.033; 161 

permutation P = 0.952; n = 96; apparent C-index 0.809, indicating overfitting), and the morphology-162 

only model gave 0.486 (permutation P = 0.57; Fig. 6D,E). A Kaplan–Meier split by the ResNet out-163 

of-fold risk had P = 0.028, but in the direction opposite to that expected (HR 0.60 for the “high-risk” 164 

group; Fig. 6G). We regard this as a cross-validation artefact, not a finding. 165 

Public surrogates for pathologist annotation, immunohistochemistry and external 166 

cohorts 167 

Because pathologist annotation, CA9/HIF1A immunohistochemistry (IHC) and a large independent 168 

image-bearing cohort were unavailable, we used public data as partial, post hoc substitutes. These are 169 

surrogates, not equivalents. H&E images of IvyGAP were analysed inside the polygons of the laser-170 

microdissection regions with the same pipeline. The RNA score separated necrosis-adjacent wells 171 

(CTpan plus perinecrotic zone, n = 43) from cellular tumour (n = 95) with AUC = 0.959 (P = 6.5 × 172 

10−18), whereas morphology separated them weakly (hypocellular fraction AUC = 0.628, paired P = 173 
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0.046; nuclear density AUC = 0.531, paired P = 0.58; Fig. 7A,B), and a morphology-only classifier 174 

reached a cross-validated AUC of 0.648 (permutation P = 0.0066). Across 194 wells, 8/31 features 175 

correlated with the score at BH < 0.05 and 4/31 within tumours, but 0/31 after adjustment for region 176 

and tumour (Fig. 7C); features therefore follow anatomical region (chiefly the hypocellular leading 177 

edge and infiltrating tumour) rather than hypoxia independently of region (Supplementary Fig. S12). 178 

GDC records percent necrosis for 310 TCGA-GBM frozen slides from 154 cases. Seventeen of 31 179 

features correlated with it at BH < 0.05 (hypocellular fraction ρ = 0.290, P = 2 × 10−7; Fig. 7D), and a 180 

patient-grouped ridge model predicted it with ρ = 0.330 (permutation P = 0.002; AUC for ≥ 10% 181 

necrosis 0.665; Fig. 7E). At case level the RNA score correlated with mean necrosis (ρ = 0.426, n = 182 

154; partial ρ = 0.355 after composition adjustment). Features of the diagnostic slide did not 183 

significantly predict case-mean frozen-slide necrosis (0/31 BH; Supplementary Fig. S13). In CPTAC-184 

GBM proteomics (n = 99), a 149-protein hypoxia composite correlated with the RNA score (ρ = 0.662, 185 

P = 9 × 10−14; 0.569 after adjustment; Fig. 7F) and so did CA9 protein (ρ = 0.442), but HIF1A protein 186 

was not detected, TCGA RPPA lacked CA9 and HIF1A antibodies, and Human Protein Atlas glioma 187 

CA9 IHC was negative in all 9 tumours (Supplementary Fig. S14). 188 

In CGGA (n = 1,018; no images), the score’s prognostic value in primary tumours attenuated from 189 

HR 1.71 (n = 626) to 1.13 after age, sex, IDH and grade (P = 0.032; n = 582) and to 1.10 (P = 0.23) 190 

with composition scores; in primary WHO IV GBM (n = 218) the adjusted HR was 1.09 (P = 0.23; 191 

Fig. 7G; Supplementary Fig. S15). In GLASS (355 RNA samples; no images), the score did not rise at 192 

first recurrence (paired change −0.029, 95% CI −0.103 to 0.046; Wilcoxon P = 0.577; n = 145 pairs; 193 

Fig. 7H). None of these analyses validates the morphology features, because CGGA and GLASS have 194 

no images. 195 

An additional open cohort with paired slides and RNA: HCMI-CMDC 196 

A survey of public repositories (Supplementary Note, ‘Survey of public cohorts’) found one further 197 

open human glioma cohort with both H&E slides and tumour RNA-seq: HCMI-CMDC. We analysed 198 

35 patients (36 samples, 71 slides; 22 primary and 13 recurrent tumours in the primary analysis unit; 199 

35/36 samples frozen-section), using the unchanged pipeline and an analysis plan written before any 200 

HCMI association was computed (Methods). The cohort is small: power was about 21% for ρ = 0.2, 201 

and 80% only for |ρ| ≥ 0.46. In the 31-feature screen, no feature was significant after BH correction 202 

(0/31; best nominal feature nuclear eccentricity, ρ = 0.345, P = 0.042, q = 0.62). The three pre-203 

specified features pointed in the opposite direction to TCGA-GBM and CPTAC: H1 ρ = −0.155 (95% 204 

CI −0.46 to 0.19; P = 0.37), H2 ρ = −0.197 (−0.50 to 0.15; P = 0.26) and H3 ρ = −0.154 (−0.46 to 205 

0.19; P = 0.38; Supplementary Fig. S16). After adjustment for immune, stromal and myeloid scores 206 

the estimates were −0.25, −0.20 and −0.26 (P = 0.16–0.27), again with 0/31 BH-significant features. 207 

The sign was similar in all 36 samples (ρ = −0.14 to −0.17) and in the 22 primary tumours alone (H1 208 
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ρ = −0.29, P = 0.19; H2 ρ = −0.13, P = 0.57). The Hallmark score in HCMI correlated with immune 209 

(ρ = 0.43), stromal (0.41) and myeloid (0.39) scores, as in the other cohorts (Supplementary Fig. S16). 210 

Across the 31 features, the HCMI correlations were not concordant with the TCGA/CPTAC mean 211 

(feature-wise ρ = −0.43, 12/31 same sign). Because the 31 features are strongly inter-correlated, this 212 

naive P value (0.016) is not valid; the permutation P value (5,000 permutations of the HCMI score) 213 

was 0.53 (Supplementary Fig. S16), so we interpret the result as no evidence of concordance rather 214 

than as significant discordance. Adding HCMI to the fixed-effect meta-analysis lowered the pooled 215 

estimates for H1–H3 from ρ ≈ 0.19 to 0.146–0.149 (P = 0.014 for each; 95% CI lower bounds about 216 

0.03), and the number of BH-significant features in the pooled analysis fell from 9/31 (two cohorts) to 217 

0/31 (three cohorts; best q = 0.056; 9 features with P < 0.05). Heterogeneity across the three cohorts 218 

was moderate and not significant (Cochran Q P = 0.10–0.16; I² = 0.45–0.57), and the HCMI estimate 219 

differed nominally from the two-cohort pooled estimate for H2 (P = 0.036; H1 P = 0.066; H3 P = 220 

0.065; uncorrected; Supplementary Fig. S16). The three-cohort pooled estimates are optimistic, 221 

because H1–H3 were chosen on TCGA-GBM and CPTAC. 222 

Models trained on the 31 features in TCGA-GBM, in CPTAC or in both did not predict the Hallmark 223 

score in HCMI (ρ = −0.10, −0.08 and −0.07; 95% CI for the TCGA model −0.40 to 0.25; permutation 224 

P ≥ 0.65 one-sided), and ResNet-50 embeddings transferred from TCGA also did not (ρ = 0.07, P = 225 

0.70; Supplementary Fig. S16). With signatures from which Hallmark genes had been removed, 226 

results were inconsistent: the Buffa_ex score was predicted with ρ ≈ 0.43–0.44 from all three training 227 

sets (P ≈ 0.009 two-sided, uncorrected), whereas the Winter_ex score was predicted in the wrong 228 

direction by the CPTAC model (ρ = −0.36) and the Elvidge_ex score not at all. The single features 229 

H1–H3 correlated negatively with Buffa_ex (ρ = −0.54 to −0.59, P ≤ 0.001) and with Winter_ex (ρ = 230 

−0.40 to −0.47), and these negative associations persisted after composition adjustment 231 

(Supplementary Fig. S16). The sign of these associations is therefore opposite to that of the transfer 232 

result for Buffa_ex. We regard all alternative-signature results as nominal, uncorrected and 233 

descriptive (many tests in a small cohort), and they do not alter the conclusion that HCMI did not 234 

reproduce the TCGA/CPTAC association. 235 

Discussion 236 

Interpretable H&E features showed a small, directionally consistent association with a bulk hypoxia 237 

transcription score across two GBM cohorts, in line with the expectation that hypocellular, eosin-rich 238 

(oedematous or necrotic) tissue and irregular nuclear spacing accompany hypoxic regions. The 239 

evidence is nevertheless weak and, in our judgement, does not justify calling H&E morphology a 240 

hypoxia biomarker in glioma. The association was (i) not significant in TCGA-GBM alone, (ii) not 241 

significant in the only temporal hold-out, which had limited power, (iii) largely shared with immune, 242 

stromal and myeloid composition, (iv) absent for the Buffa signature and weaker after removing 243 
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Hallmark genes, (v) undermined by low within-patient reproducibility, and (vi) absent in spatial 244 

transcriptomics once sequencing depth was controlled. In TCGA-LGG, apparent associations 245 

vanished after IDH and grade adjustment, a reminder of how easily morphology–expression 246 

correlations can reflect diagnostic category. The score was not an independent prognostic factor, and a 247 

deep-learning survival model failed cross-validation. In the one further open cohort with slides and 248 

RNA, HCMI-CMDC (n = 35), the association was not reproduced: point estimates were negative (ρ = 249 

−0.15 to −0.20), the confidence intervals included zero and, only just, the pooled value of about 0.19, 250 

and adding the cohort lowered the pooled estimate to 0.15 with no BH-significant feature. Because 251 

power was low (about 21% for ρ = 0.2) and the cohort differs from the others (mostly frozen sections, 252 

13 of 35 recurrent tumours, a different consortium), this result neither refutes nor supports the 253 

association, but it removes the only independent test that was available and weakens any claim of 254 

generality. 255 

The IvyGAP results show that the Hallmark score tracks pseudopalisading-necrosis regions, which 256 

supports its face validity as a necrosis-associated readout, but they do not validate the image features: 257 

the features follow anatomical region and separate necrosis-adjacent tissue only weakly (cross-258 

validated AUC 0.65 versus 0.96 for RNA). Conversely, the differential-expression analysis shows that 259 

in bulk tumours the same score is dominated by inflammatory, mesenchymal and myeloid 260 

programmes, which likely explains why composition scores predict it better than morphology does. 261 

The public surrogates add coarse support: GDC-recorded necrosis on frozen sections was moderately 262 

associated with hypocellularity features (ρ ≈ 0.3) and with the RNA score, and CPTAC proteomics 263 

showed that the score is reflected at protein level. However, these data are coarse percentages on 264 

frozen sections or different aliquots, HIF1A protein was undetected and HPA glioma CA9 IHC was 265 

negative, so no IHC-level confirmation could be obtained. Whether the Buffa signature is less 266 

composition-sensitive or simply noisier cannot be resolved here; its multivariate prediction in some 267 

analyses merits testing in independent data but may equally be noise given the number of analyses. 268 

Deep-learning and multiple-instance pathomics studies in glioma, including a 2026 histomorphologic 269 

signature in TCGA gliomas14, region-segmentation and RNA-correlation work in GBM13 and 270 

multimodal survival models12,15,16, report predictive models, and hypoxia-associated morphology has 271 

been modelled in breast cancer17. We make no claim of novelty in these areas. What this study adds is 272 

a transparent benchmark with a small interpretable feature set, explicit confounder analysis 273 

(composition, IDH and grade, signature, depth, stain, segmenter) and full reporting of negative and 274 

attenuated results. Foundation-model embeddings10 were not tested and might carry stronger signal, so 275 

our ResNet-50 embeddings are a baseline only. 276 

The study has limitations. (1) Hypotheses were defined post hoc, the only near-clean test set (n = 60–277 

61) had about 34% power for ρ = 0.2, and pooled P values are optimistic. (2) Bulk RNA scores are 278 

confounded by composition and purity, and the ESTIMATE-like gene-set approximation and the ad 279 
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hoc 18-gene myeloid score are imperfect adjusters. (3) Within-patient reproducibility was low (ICC ≈ 280 

0.1), single-slide sampling is noisy, and frozen sections carry artefacts. (4) We had no pathologist 281 

annotation and no CA9 or HIF1A IHC of our own, and the public surrogates are not equivalent to 282 

either. (5) TCGA and CPTAC differ in scanners, processing, RNA platforms and tile-sampling 283 

schemes, and stain normalisation was per slide only. (6) The Visium data comprise 9 patients without 284 

machine-readable region annotation, and IvyGAP polygons are microdissection regions. (7) Survival 285 

analyses are underpowered, and IDH-mutant GBM is rare in the cohorts. (8) Many signature, cohort 286 

and sensitivity analyses were run, so nominal P values outside the declared families are descriptive. (9) 287 

The only additional open cohort with slides and RNA that we could find (HCMI-CMDC, n = 35) was 288 

small (about 21% power for ρ = 0.2), mostly frozen-section, included recurrent tumours and a 289 

different consortium, was analysed after the main results were known (plan written before its 290 

association statistics were computed), and its alternative-signature results are nominal; it is not a 291 

sufficient validation, and no larger open cohort exists to our knowledge. (10) The TCGA-GBM score 292 

changed from 8 nominal hits (FPKM z-mean) to none (log2 z-mean), showing sensitivity to the score 293 

scale. 294 

In conclusion, simple H&E nuclear-morphology features show only a small (ρ ≈ 0.2), cross-cohort 295 

concordant but largely composition-explained and signature-dependent association with the Hallmark 296 

hypoxia programme in bulk RNA, no independent prognostic value and no depth-robust spatial 297 

support; the association was not reproduced in the one further open cohort with paired slides and 298 

RNA (HCMI-CMDC, n = 35, low power). Pathologist-annotated necrosis and hypocellular regions, 299 

CA9/HIF1A IHC, larger image-bearing independent cohorts and foundation-model comparisons 300 

would be needed before any diagnostic use is considered. 301 

Methods 302 

Study design and analysis status 303 

This is a retrospective secondary analysis of public, de-identified data. The sequence of analyses 304 

matters for interpretation and is therefore stated explicitly. (i) A 31-feature panel was screened against 305 

the Hallmark hypoxia score in TCGA-GBM (n = 93, 0/31 BH-significant) and in the first 91 CPTAC-306 

GBM patients (9/31 BH-significant) — exploratory. (ii) An internal, time-stamped analysis plan 307 

(Supplementary Note, ‘Analysis plans’; not a registered protocol) then defined three features (H1–H3) 308 

and the adjustment strategy. H1–H3 were chosen for biological rationale (acellular eosinophilic areas 309 

and irregular nuclear spacing as correlates of necrosis and hypoxia), but their selection was informed 310 

by the earlier CPTAC screen. Everything in this paper is therefore defined post hoc. (iii) CPTAC 311 

patients whose features were completed after the freeze time of the screen (29 September 2026, 16:45 312 

China Standard Time; n = 60–61) are treated as a temporal hold-out and are the only quasi-313 

confirmatory data. All other results, including cohort-level meta-analyses that contain the patients 314 
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used for feature selection, are exploratory and probably optimistic. The all-slide analyses and the 315 

stain-quality exclusion (see “Post hoc stain-quality sensitivity analysis”) were performed after the 316 

main results were known and are labelled as post hoc sensitivity analyses. The public-surrogate 317 

analyses (IvyGAP images, GDC slide necrosis, CPTAC/RPPA/HPA protein evidence, CGGA and 318 

GLASS) were added on 30 September 2026, after all other results were known, and are entirely post 319 

hoc and exploratory. 320 

Cohorts 321 

TCGA-GBM18: diagnostic slide images (first diagnostic slide, “DX1”; 96 slides with matching RNA, 322 

of which 93 had ≥ 10 usable tiles and 92 had the log2-scale score) were obtained from the Genomic 323 

Data Commons19 and are archived in TCIA20. Bulk RNA-seq, survival and clinical data came from 324 

GDC/UCSC Xena21 and the public pan-glioma clinical annotation22,23. Gene-level expression from 325 

154 primary tumours with slides was analysed as log2(x + 1). Sensitivity analyses used all slides per 326 

case (517 slides from 155 cases; median 3 per case, including additional diagnostic slides “DX2+”, n 327 

= 117, and frozen-section slides “TS/BS”, n = 309), averaged per case (n = 154). 328 

CPTAC-GBM24,25: H&E slides were retrieved from the Imaging Data Commons26; RNA-seq (GDC 329 

CPTAC-3, log2 TPM) was available for 200 primary tumours, and 152 patients had slides with ≥ 10 330 

usable tiles. Clinical variables came from GDC, the Proteomic Data Commons27 and cBioPortal (age 331 

n = 179, sex n = 99, IDH1/2 mutation in 16 of 199 patients). 332 

TCGA-LGG28,29: 488 diagnostic slides with ≥ 10 usable tiles; RNA (n = 516 with scores), IDH status 333 

and grade from the public annotation. 334 

IvyGAP30: 270 RNA-seq samples from 37 tumours (104 blocks) with anatomic structure labels were 335 

obtained from the Allen Institute API (FPKM). The TCIA IvyGAP collection contains MRI only; 336 

H&E section images were instead obtained through the Allen Institute IvyGAP API (see “Public 337 

surrogate analyses”). RNA region analyses used the 122 reference-histology samples from 10 tumours 338 

(cellular tumour, CT, 30; microvascular proliferation, CTmvp, 25; pseudopalisading cells around 339 

necrosis, CTpan, 24; infiltrating tumour, IT, 24; leading edge, LE, 19). 340 

CGGA31: mRNA-seq datasets 693 and 325 (RSEM, n = 693 and 325; no overlapping sample 341 

identifiers) with clinical data were downloaded from cgga.org.cn; no whole-slide images are available. 342 

GLASS32,33: the Synapse repository requires login; the public cBioPortal datahub mirror of the study 343 

(difg_glass, release of 31 May 2022; RNA TPM) was used (355 RNA samples, 169 patients; 155 344 

primary and 200 recurrent tumours; 46 samples derived from TCGA). No whole-slide images. 345 

Visium34,35: 22 slides from 9 patients (GSE318562). The companion series GSE318564 is single-cell 346 

RNA-seq, not Visium. Core/edge/necrosis annotations exist only as figures in the source supplement 347 
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and were not available in machine-readable form; core-versus-edge comparisons were therefore not 348 

performed inferentially. 349 

Image processing and feature extraction 350 

Slides were read with OpenSlide36. Tissue tiles of 512 × 512 px were resampled to 0.5015 µm/px 351 

(40× slides, mpp ≈ 0.25, were down-sampled by a box filter). For TCGA-GBM DX1, up to 120 tiles 352 

per slide were taken on a regular grid (tissue fraction ≥ 0.10; median 41 tiles, interquartile range 28–353 

59, among the 93 analysed slides); for CPTAC, TCGA-LGG and the additional TCGA slides, up to 60 354 

tiles were sampled at random with a fixed seed (median 60). Large cohorts were streamed and the 355 

source images deleted after feature extraction; the 96 TCGA-GBM DX1 images are retained. Tiles 356 

with tissue fraction < 0.30 were excluded at aggregation, and slides with < 10 usable tiles were not 357 

analysed (counts in Fig. 1B refer to slides with ≥ 10 tiles). 358 

Stain vectors were estimated per slide with the Macenko method37 (no cross-slide stain normalisation 359 

was applied, although stain variation is a recognised confounder in computational pathology38), the 360 

hematoxylin concentration was normalised to the slide’s 99th percentile and thresholded (0.35), and 361 

nuclei were separated by a distance-transform watershed (scikit-image39); objects of 40–1,500 px (≈ 362 

10–380 µm²) were kept. Per-tile features were aggregated per slide (mean, 90th percentile, standard 363 

deviation, and fraction of tiles above a threshold), giving 31 features covering nuclear density, size, 364 

shape (elongation, eccentricity, solidity), hematoxylin and eosin intensity, hypocellular and 365 

hypercellular areas, eosin-rich acellular area, pyknotic-like nuclei, nearest-neighbour distance 366 

statistics and a palisade-orientation coherence measure. The three features of interest were defined as: 367 

H1 hypocellular area fraction (fraction of tissue pixels with a Gaussian-smoothed nuclear-mask 368 

density < 0.03, σ ≈ 12 µm); H2 eosin-rich acellular fraction (normalised eosin concentration > 0.9 and 369 

nuclear density < 0.05); H3 coefficient of variation of nearest-neighbour distance between nuclear 370 

centroids. A secondary representation was the mean-pooled 2,048-dimensional output of an 371 

ImageNet-pretrained ResNet-5040 implemented in PyTorch. 372 

Transcriptional scores 373 

The primary outcome was the Hallmark HYPOXIA score (200 genes)4, computed as the mean of 374 

within-cohort z-scores of log2(x + 1) expression (not ssGSEA). Sensitivity signatures were Winter 375 

(243 genes)6, Buffa (50)5, Elvidge (173)7, Manalo (203)41 and Harris (81; MSigDB set)1, each also 376 

with Hallmark-overlap genes removed (“ex-Hallmark”: Winter 170, Buffa 34, Elvidge 94 genes) to 377 

address circularity. Composition covariates were immune and stromal scores computed from 378 

ESTIMATE-derived gene sets (141 genes each; a gene-set approximation, not the full ESTIMATE 379 

algorithm)42 and an ad hoc 18-gene myeloid score (CD68, CD163, CSF1R, AIF1, ITGAM, LYZ, 380 

MS4A6A, C1QA, C1QB, C1QC, TYROBP, CD14, FCGR3A, MSR1, MRC1, LAPTM5, CD86, 381 

SPI1). Expression units differ between cohorts (TCGA-GBM gene matrix, CPTAC TPM, TCGA-382 
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LGG FPKM); scores were standardised within cohort. An earlier TCGA-GBM score calculated on the 383 

FPKM scale gave 8 nominal (0 BH) hits, whereas the log2-scale score used here gave none, so scale 384 

choice matters. 385 

Statistical analysis 386 

Associations used Spearman correlation with BH correction over the 31 features within cohort43 387 

(implemented with SciPy and statsmodels44). Family-wise control used a max-|ρ| permutation test 388 

over the 31 features (10,000 permutations; pooled analysis permuted within cohort). Cohorts were 389 

combined by fixed-effect inverse-variance (n − 3) pooling of Fisher-z values. Adjustment used partial 390 

Spearman correlation after rank-residualising feature and outcome on immune, stromal, myeloid 391 

scores and tile count (pooled ordinary least squares on ranks with cohort as covariate and HC3 errors 392 

as a check). Cross-cohort prediction trained ridge regression (standardised features, α selected by 393 

efficient leave-one-out cross-validation within the training cohort, α grid 100–104) in one cohort and 394 

tested it in the other (Spearman ρ; 1,000 bootstrap resamples for confidence intervals; 2,000 label 395 

permutations); incremental value was assessed after residualising the outcome on composition scores. 396 

Within-patient reproducibility used the one-way intraclass correlation ICC(1) across independent 397 

TCGA-GBM slides of the same patient45. 398 

Survival analyses used Cox proportional-hazards models (R survival, rms and lifelines)46,47 with the 399 

score per standard deviation, adjusted for age, sex and IDH status (and MGMT methylation where 400 

available). To keep a single source, hazard ratios for TCGA-GBM are reported from R; lifelines gave 401 

near-identical values (Supplementary Table S9). The prognostic-model experiment used repeated (20 402 

× 5-fold) nested cross-validation of an elastic-net Cox model (l1 ratio 0.5, univariate pre-filter and 403 

standardisation inside each training fold) using the coordinate-descent Coxnet algorithm48 as 404 

implemented in scikit-survival (scikit-survival49 with scikit-learn50), compared with label-permutation 405 

nulls. Post hoc power for a true correlation of 0.2 (two-sided α = 0.05) is 33–34% for n = 60–61, 48% 406 

for n = 92, 70% for n = 152 and 88% for n = 244 (Fisher z approximation). 407 

IvyGAP and Visium 408 

In IvyGAP, region separation used the area under the curve (AUC) for pseudopalisading cells around 409 

necrosis versus cellular tumour and a within-tumour paired comparison of the necrosis-adjacent 410 

regions (CTpan and perinecrotic zone, CTpnz) with cellular tumour (n = 8 tumours; Wilcoxon signed-411 

rank). 412 

For Visium, the Hallmark z-mean was strongly related to log UMI (median ρ = 0.81), so we regressed 413 

log UMI and log gene count (natural spline, 4 df) out of the score per slide and also used a UCell-style 414 

rank score based on the method of Andreatta and Carmona51 (own implementation; top 2,000 genes 415 

per spot). Associations with hematoxylin density and with contrast between pale and other zones were 416 
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tested per slide (Wilcoxon signed-rank across 22 slides), at patient level (n = 9) and by patient-cluster 417 

bootstrap. 418 

Segmentation reliability 419 

The classical segmenter was compared with StarDist (pretrained 2D_versatile_he)52 on 1,094 tiles 420 

from 96 slides and with Cellpose (cpsam)53,54 on 60 tiles. Agreement was quantified by Spearman ρ, 421 

ICC and matched-nucleus F1 (IoU > 0.3). No pathologist ground truth was available. 422 

Differential expression and enrichment 423 

TCGA-GBM tumours were split at the median Hallmark score (n = 153; 77 high, 76 low); limma55 424 

was applied to 23,183 genes. Pre-ranked gene-set enrichment (GSEApy)56,57 was run on the limma t-425 

statistics with and without the 200 score genes; protein–protein interactions among the top 300 up-426 

regulated genes were taken from STRING (score ≥ 0.7)58. 427 

Ethics approval 428 

This study analyzed publicly deposited, de-identified data and collected no new participants or 429 

specimens. Ethics approvals and consent for the original studies are those reported by their 430 

investigators18,24,30,34. No new human-subject intervention was performed. No new participant consent 431 

was obtained because no new participants were enrolled. 432 

Post hoc stain-quality sensitivity analysis 433 

Inspection of example tiles revealed that per-slide Macenko estimation failed on five TCGA-GBM 434 

DX1 slides (atypical hematoxylin vector: TCGA-12-0616, TCGA-12-0618, TCGA-02-0047, TCGA-435 

27-2526, TCGA-19-2624); in four of them nuclei were largely not segmented (hypocellular fraction 436 

0.85–0.91). Because this can create artefactual “hypocellularity”, the five slides were excluded in a 437 

sensitivity analysis (n = 87). CPTAC stain files were not available and could not be checked; three 438 

CPTAC slides have hypocellular fraction > 0.8 (C3L-00104, 4.4 nuclei/mm², suspicious; C3L-04036; 439 

C3N-00663, visually pale and probably genuine). 440 

Public surrogate analyses (post hoc, added 30 September 2026) 441 

Rationale and status. Pathologist-annotated necrosis or hypocellular regions, CA9/HIF1A IHC and 442 

large independent external cohorts were not available to us. We therefore used public data that partly 443 

substitute for them. These are surrogates, not equivalents, and all analyses below were performed 444 

after the main results were known. 445 

IvyGAP images. The Allen Institute API lists 946 H&E section images; anatomic-structure polygons 446 

(SVG) were downloaded for the 720 annotated images. Polygon coordinates are given relative to the 447 

annotated image and were shifted by the section-image offset (verified against thumbnails, r = 0.70–448 

0.84 versus ≈ 0 without the offset). All 270 RNA-seq laser-microdissection wells were matched to 449 
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their polygons. Within each well polygon, 512 × 512 px tiles were cut at native resolution (0.4945 450 

µm/px) and passed through the same nuclear-segmentation pipeline as in “Image processing and 451 

feature extraction” (4,045 tiles; 31 wells had no complete tile; 194 wells with ≥ 5 tiles were analysed; 452 

median 16 tiles per well; 37 tumours). Region contrasts compared necrosis-adjacent regions 453 

(pseudopalisading cells around necrosis, CTpan, plus perinecrotic zone, CTpnz) with cellular tumour 454 

(CT), using Mann–Whitney AUC and within-tumour paired Wilcoxon tests (29 tumours with both). A 455 

morphology-only ridge/logistic classifier was evaluated with tumour-grouped cross-validation and 456 

label permutation. Associations between the 31 features and the Hallmark score used Spearman ρ, BH 457 

correction, within-tumour (tumour-demeaned) correlation, and rank regression with region and 458 

tumour fixed effects (tumour-clustered errors); sensitivity analyses adjusted for tile count and re-459 

sampled a fixed 10 tiles per well (144 wells). 460 

GDC slide-level necrosis. Fields percent_necrosis and percent_tumor_nuclei were retrieved from 461 

GDC biospecimen slide records (2,147 TCGA-GBM slides). They exist only for frozen-section slides 462 

(TS/BS), not for diagnostic (DX) slides, and are coarse percentages recorded by the contributing site. 463 

We correlated the 31 features (computed on the same frozen slides; 310 slides from 154 cases) with 464 

these values (Spearman, BH; 10-fold patient-grouped ridge prediction with permutation p), correlated 465 

case-mean necrosis with the RNA scores (with partial correlation on immune, stromal and myeloid 466 

scores), and, as an indirect test, correlated DX1 features with case-mean frozen-slide necrosis 467 

(different slides). 468 

Protein-level surrogates for CA9/HIF1A IHC. CPTAC-GBM proteomics (cBioPortal 469 

gbm_cptac_2021, corresponding to PDC000204; 10,997 proteins, n = 99; TMT log2 ratios) and 470 

phosphosite data were related to the RNA Hallmark score (Spearman; BH; partial correlation on 471 

composition scores) and to a protein composite (mean z-score of 149 Hallmark-hypoxia proteins 472 

detected; and a 14-protein core set). Associations with the 31 morphology features were tested in the 473 

96 patients with slides, with and without adjustment for composition scores and tile count. TCGA-474 

GBM RPPA (cBioPortal gbm_tcga; 203 antibodies tested; n = 73 with RNA) was analysed likewise. 475 

HPA (v23 pathology.tsv) glioma IHC staining counts were tabulated for selected hypoxia-related 476 

proteins; HPA images and prognostic annotations were not analysed or used for inference. 477 

CGGA and GLASS. The Hallmark score was computed as in “Transcriptional scores” within each 478 

dataset (183/184 of the 200 genes present in CGGA; 191 in GLASS; RSEM or TPM, log2(x + 1)). 479 

CGGA analyses: relation to IDH and grade, Cox models stratified by dataset (693 or 325) with 480 

adjustment for age, sex, IDH and grade (or MGMT, temozolomide, radiotherapy, and composition 481 

scores in primary GBM), and Kaplan–Meier median splits. GLASS analyses: paired primary-to-first-482 

recurrence changes (Wilcoxon), sensitivity analyses without TCGA-derived samples and by IDH 483 

status, regression of the score change on composition changes, and Cox models for overall survival 484 
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from primary surgery and from recurrence. Because CGGA and GLASS have no images, only the 485 

score itself, not morphology, could be tested. 486 

HCMI-CMDC cohort (post hoc, added 1 October 2026) 487 

HCMI-CMDC (Human Cancer Models Initiative, Cancer Model Development Center) open-access 488 

data were obtained from the GDC and IDC (collection hcmi_cmdc; DICOM conversion of the GDC 489 

slides, CC BY 4.059). We selected brain-primary patient tumour samples (Primary Tumor or Recurrent 490 

Tumor; next-generation cancer models were excluded) that had both an open-access H&E slide and 491 

an open-access STAR-Counts RNA-seq file with the same sample identifier: 71 slides from 36 492 

samples from 35 patients (all frozen-section slides except one FFPE sample). One sample per patient 493 

(primary preferred) was the primary analysis unit (n = 35; 22 primary and 13 recurrent tumours), and 494 

slide features were averaged within sample. The unchanged pipeline was applied (up to 60 random 495 

tissue tiles per slide, 512 × 512 px at 0.50 µm/px, Macenko normalisation, the same 31 features and 496 

ResNet-50 embeddings); slides were streamed and the SVS files deleted after feature extraction 497 

(69/71 slides processed; 68 with ≥ 10 usable tiles; median 60 tiles). All 200 Hallmark genes were 498 

present; the score was the mean within-cohort z-score of log2(TPM + 1). An analysis plan listing the 499 

tests (Supplementary Note, ‘Analysis plans’; internal, not a registered protocol) was written after 500 

cohort assembly and feature extraction had started, but before any HCMI feature was related to any 501 

HCMI score. It specified the following tests: H1–H3 and the 31-feature screen (Spearman, BH), 502 

feature-wise concordance with TCGA-GBM and CPTAC, composition-adjusted partial Spearman 503 

correlations, fixed-effect three-cohort meta-analysis with Cochran Q and I², cross-cohort ridge 504 

transfer with permutation P values and bootstrap confidence intervals, and sensitivity analyses 505 

(primary tumours only; all 36 samples; signatures without Hallmark genes). The concordance across 506 

features was tested by permuting the HCMI score (5,000 permutations), because the features are inter-507 

correlated. Power was computed before analysis (≈ 21% for ρ = 0.2 at n = 35). 508 

Statistics and reporting 509 

All tests were two-tailed with α = 0.05 unless stated, and exact P values are reported (Benjamini–510 

Hochberg q values where stated). The word “significant” is used only together with a P value or q 511 

value and the multiplicity control applied. Nominal P values outside the declared families (the 31-512 

feature screen, the three features H1–H3, and the Hallmark signature as primary outcome) are 513 

descriptive. In figures, P values are shown only where a test was pre-specified or where descriptive 514 

inference is sensible; they are omitted where a test would be uninformative (for example, comparisons 515 

of depth-corrected residuals that are centred on zero by construction are summarised by the per-slide 516 

Wilcoxon test only). Sample sizes are given for each analysis. No data were excluded except as 517 

described (tiles and slides below the quality thresholds, and the post hoc stain-quality sensitivity 518 

analysis). 519 
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Code availability 520 

Analysis scripts, including the scripts that regenerate every figure in this paper, are available from the 521 

corresponding author on reasonable request and will be deposited in a public repository with a 522 

persistent identifier upon acceptance. Software: Python (NumPy, SciPy, statsmodels, scikit-learn, 523 

scikit-survival, lifelines, scikit-image, matplotlib), R (survival, rms, limma), OpenSlide, PyTorch and 524 

GSEApy (see references). 525 

Data availability 526 

The primary datasets analysed in this study are publicly available from the following resources: 527 

TCGA-GBM and TCGA-LGG whole-slide images, transcriptomic data and clinical annotations from 528 

the Genomic Data Commons (GDC), The Cancer Imaging Archive (TCIA) and UCSC Xena; 529 

CPTAC-GBM whole-slide images, transcriptomic data and clinical annotations from the Imaging 530 

Data Commons (IDC), GDC (project CPTAC-3) and Proteomic Data Commons (PDC); Ivy 531 

Glioblastoma Atlas Project (IvyGAP) RNA-sequencing data, H&E images and anatomical-region 532 

polygons from the Allen Institute API; slide-level biospecimen annotations from GDC; CPTAC-GBM 533 

proteomic data from cBioPortal (study gbm_cptac_2021, corresponding to PDC000204) and TCGA-534 

GBM reverse-phase protein array data from cBioPortal (study gbm_tcga); Human Protein Atlas 535 

version 23; Chinese Glioma Genome Atlas (CGGA) mRNA-seq datasets 693 and 325 from 536 

https://www.cgga.org.cn/; GLASS data from the public cBioPortal DataHub mirror (study difg_glass, 537 

release dated 31 May 2022); HCMI-CMDC whole-slide images and RNA-sequencing data from the 538 

open-access GDC resource and IDC collection hcmi_cmdc; and spatial transcriptomic data from 539 

NCBI Gene Expression Omnibus under accession GSE318562 540 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE318562). Further dataset descriptions and 541 

source references are provided in the Methods. 542 

Derived per-slide feature tables, analysis tables and figures are available from the corresponding 543 

author, Wenchuan Zhang (zhangwench88@sjtu.edu.cn), on reasonable request and will be deposited 544 

in a public repository with a persistent identifier upon acceptance. Original whole-slide images are not 545 

redistributed by the authors and should be accessed through the source repositories listed above. This 546 

study used de-identified, publicly deposited data and collected no new participant data or specimens. 547 
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Figure legends 727 

Statistical tests are two-tailed and all analyses are exploratory unless stated (hypotheses were defined 728 

post hoc; see Methods). P values are displayed inside the panels only where a test was pre-specified or 729 

where descriptive inference is sensible; the test is named on the panel or here. Colours are consistent 730 

across figures: TCGA-GBM blue, CPTAC-GBM orange, TCGA-LGG green, positive or significant 731 

red, negative blue-grey, non-significant grey. 732 

 733 

Fig. 1. Study design and cohorts. (A) Five-stage workflow: data cohorts; slide processing 734 

(OpenSlide tiling, 512 × 512 px at 0.50 µm/px, Macenko stain estimation); nuclear segmentation, 31 735 

interpretable features and ResNet-50 embeddings; hypoxia scoring (Hallmark HYPOXIA and 736 

alternative signatures, with and without Hallmark genes, and immune, stromal and myeloid scores); 737 

and association and validation analyses. (B) Number of slides with at least 10 usable tiles per cohort 738 

(TCGA-GBM DX1 93, CPTAC-GBM 152, TCGA-LGG 488, TCGA-GBM frozen 308, DX2+ 116). 739 

(C,D) Example CPTAC-GBM tiles from slides with low (C3L-03727) and high (C3N-00663) 740 

hypocellular fraction. (E,F) Example TCGA-GBM tiles from typical-stain slides with low (TCGA-06-741 

5417) and high (TCGA-26-5134) hypocellular fraction; the tile nearest the slide-level value is shown. 742 

Numbers above each tile give the slide-level hypocellular fraction. 743 
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 744 

Fig. 2. The Hallmark score tracks necrosis-adjacent tissue in IvyGAP but is composition-linked 745 

in bulk tumours. (A–C) Spearman correlations among hypoxia signatures (with “−H”: Hallmark 746 

genes removed) and immune, stromal and myeloid scores in TCGA-GBM (n = 154), CPTAC-GBM 747 

(n = 200) and TCGA-LGG (n = 516). (D–F) IvyGAP RNA signature by anatomic region (LE, leading 748 

edge; IT, infiltrating tumour; CT, cellular tumour; CTmvp, microvascular proliferation; CTpan, 749 

pseudopalisading cells around necrosis; 122 reference-histology samples from 10 tumours). Boxes 750 

show median and interquartile range; inset text gives the AUC and Mann–Whitney P for CTpan 751 

versus CT. (G) Volcano plot of median-split differential expression in TCGA-GBM (n = 153; limma; 752 

red up, blue down; FDR < 0.05 and |log2 fold change| > 1). (H) Hallmark gene-set enrichment 753 

(normalised enrichment score, NES) with the 200 score genes removed (six highest positive and four 754 
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lowest negative NES). (I) Top ten STRING hub genes among the top 300 up-regulated genes (degree 755 

at interaction score ≥ 0.7; gold, gene in Hallmark hypoxia set). 756 

 757 

Fig. 3. Morphology–hypoxia associations (exploratory; hypotheses defined post hoc). (A) 758 

Spearman ρ of all 31 features with the Hallmark score in TCGA-GBM (n = 90–92), CPTAC-GBM (n 759 

= 151–152) and the fixed-effect meta-analysis (n = 241–244). Stars mark features with meta-analysis 760 

BH q < 0.05 (legend in panel). (B–D) Scatter plots with regression lines for H1, H2 and H3 by cohort; 761 

Spearman ρ and P are shown per cohort. (E) Forest plot of ρ with 95% confidence intervals (Fisher z) 762 

for TCGA-GBM, CPTAC-GBM, the CPTAC temporal hold-out (n = 60–61) and the pooled analysis. 763 

(F) Max-T permutation adjusted P values for the ten strongest features (10,000 permutations, cohort-764 

stratified; red, family-wise error rate < 0.05). (G) Number of features (of 31) with BH q < 0.05 (crude 765 

TCGA-GBM, crude CPTAC-GBM, pooled crude, pooled max-T family-wise error rate < 0.05, pooled 766 

composition-adjusted). 767 
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 768 

Fig. 4. Robustness: composition, signature choice, cross-cohort prediction and reproducibility. 769 

(A) Crude and composition-adjusted pooled ρ (95% CI) for H1–H3 with P values (adjusted for 770 

immune, stromal and myeloid scores and tile count). (B) Dependence of pooled ρ on the hypoxia 771 

signature. (C) Pooled adjusted ordinary-least-squares coefficients by signature. (D,E) Cross-cohort 772 

prediction (ridge regression; ρ in the test cohort with bootstrap 95% CI) for TCGA→CPTAC and 773 

CPTAC→TCGA using morphology, RNA composition only, or both. (F) Incremental value of 774 

morphology after residualising the outcome on composition (permutation P above bars). (G) Within-775 

patient ICC(1) of the 31 features across independent TCGA-GBM slides (red, H1–H3; grey, other 776 

features; dashed line, median). (H) Stain-quality sensitivity analysis in TCGA-GBM: ρ of H1–H3 777 

with the Hallmark score in all slides (n = 92) and after excluding five slides with failed stain 778 

estimation (n = 87); P values refer to the latter. 779 
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 780 

Fig. 5. Confounding by IDH status and grade in TCGA-LGG, and by sequencing depth in 781 

Visium. (A) Correlation of each of 31 features with the Hallmark score in TCGA-LGG: crude, IDH 782 

and grade adjusted, and fully adjusted (legend below the panel; count of BH q < 0.05 inside). (B) 783 

Hallmark score by grade and IDH status (wt, wild-type; mut, mutant; n in brackets); the Mann–784 

Whitney P for IDH and the Spearman correlation with grade are given inside. (C) Cox hazard ratios 785 

per SD in TCGA-LGG, univariable and adjusted (age, sex, IDH, grade). (D) Transfer of GBM-trained 786 

morphology and ResNet-50 models to LGG. (E) Concordance of feature correlations between TCGA-787 
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GBM and TCGA-LGG. (F) Per-slide correlation of the score with log UMI (22 Visium slides): raw z-788 

mean, depth-residual and UCell-style residual. (G,H) Per-slide association with hematoxylin density 789 

and pale-zone contrast; P values are per-slide Wilcoxon signed-rank tests of the median per-slide 790 

value against zero for each score type. (I) Per-slide values for z-mean and depth-residual scores (one 791 

row per slide). 792 

 793 

Fig. 6. Prognostic analyses. (A) Hazard ratios per SD of the Hallmark score in TCGA-GBM 794 

(univariable; + age, sex, IDH; + age, sex, IDH, MGMT), CPTAC-GBM (univariable; + age, sex, IDH; 795 

+ age, sex, immune and myeloid scores) and TCGA-LGG (univariable; + age, sex, IDH, grade) with n 796 

and P. (B,C) Kaplan–Meier curves by median split of the score: TCGA-GBM (n = 152; log-rank P = 797 

0.36; HR 1.18, 95% CI 0.82–1.70) and the image subset (n = 95; P = 0.11; HR 1.44, 0.92–2.25). (D) 798 
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C-index of a clinical model (age, sex, IDH), with the score (apparent and bootstrap-corrected), and of 799 

morphology and ResNet-50 elastic-net Cox models (out-of-fold, OOF). (E) Repeated cross-validated 800 

C-index versus label-permutation null for the ResNet-50 and morphology models; gold diamonds, 801 

apparent C-index. (F) Out-of-fold time-dependent AUC curves (n = 148). (G) Kaplan–Meier split by 802 

ResNet-50 OOF risk (n = 96; log-rank P = 0.028). The direction is opposite to that expected (HR 0.60 803 

for the “high-risk” group) and is a cross-validation artefact, not a finding. (H) CPTAC-GBM Cox 804 

model with immune and myeloid scores (n = 98). 805 

 806 

Fig. 7. Public surrogates for pathologist annotation, IHC and external cohorts (post hoc). (A,B) 807 

IvyGAP hypocellular fraction and nuclear density by region inside polygons of RNA-sampled wells, 808 

with AUC and paired Wilcoxon P for necrosis-adjacent regions versus cellular tumour. (C) Number of 809 
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BH-significant features (of 31) for the Hallmark score in IvyGAP under three models (pooled, within-810 

tumour, region and tumour fixed effects). (D) TCGA-GBM frozen-slide hypocellular fraction versus 811 

GDC percent necrosis (310 slides; ρ = 0.29). (E) Patient-grouped cross-validated ridge prediction of 812 

percent necrosis (ρ = 0.33; permutation P = 0.002; AUC for ≥ 10% necrosis 0.67). (F) CPTAC-GBM 813 

149-protein hypoxia composite versus RNA Hallmark score (n = 99). (G) Hazard ratios per SD for 814 

CGGA and GLASS. (H) GLASS paired recurrence-minus-primary change in hypoxia, immune and 815 

myeloid scores by subgroup (mean and 95% CI; Wilcoxon P for the Hallmark score, all pairs). These 816 

are surrogates; none is equivalent to pathologist annotation or IHC, and CGGA and GLASS have no 817 

images. 818 

 819 



30 

Tables 820 

Table 1. Hypotheses H1–H3 versus the Hallmark score: Spearman ρ (P) by subset. 821 

Feature 
TCGA-GBM 

DX1 (n = 92) 
CPTAC (n = 

151–152) 

CPTAC hold-

out (n = 60–
61) 

Pooled (n = 

243–244) 

Pooled, 

composition-

adjusted 
Max-T P 

(pooled) 

H1 

hypocellular 

area fraction 

0.131 (0.213) 0.218 (0.007) 0.135 (0.298) 0.186 (0.0037) 0.112 (0.084) 0.056 

H2 eosin-rich 

acellular 

fraction 

0.150 (0.153) 0.218 (0.007) 0.078 (0.550) 0.193 (0.0026) 0.135 (0.036) 0.041 

H3 nearest-

neighbour 

distance CV 

0.147 (0.162) 0.212 (0.009) 0.051 (0.699) 0.188 (0.0034) 0.066 (0.306) 0.053 

Pooled: fixed-effect meta-analysis of TCGA-GBM and CPTAC (includes the hold-out patients and the 822 

patients used for feature selection; exploratory). Adjusted for immune, stromal and myeloid scores 823 

and tile count. Two-tailed nominal P values, not corrected for multiplicity. 824 
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