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Summary 75 
Here we generated a pan-cancer spatial atlas of 400 tumours across 13 tissue types and 76 
26 subtypes from the Asia-Pacific, a region under-represented in existing pan-cancer 77 
datasets. In a multimodal cohort we integrated single-cell spatial transcriptomics (1,999 78 
genes) with more than 70 proteins measured in the same cells as built-in validation, 79 
alongside clinical data including ancestry, age, sex and survival. ASTRA1.0 revealed that 80 
each cancer subtype has distinct expression profiles and cellular compositions. Despite 81 
this heterogeneity, we identified eight recurrent spatial cellular neighbourhoods shared 82 
across tissue types, with macrophages as key organisers. We further developed a 83 
framework to quantify the co-localisation of FDA-approved drug targets with 84 
surrounding cell types. This framework classified tumours into four Spatial Theratope 85 
subtypes, each defined by a distinct signature of co-localised targets. The VEGF-A–PD-86 
L1 pair, targeted by bevacizumab and atezolizumab, recurred across tumour types and 87 
neighbourhoods. Spatial Theratope subtypes and neighbourhood composition were each 88 
associated with progression-free survival (PFS) in the discovery cohort, and their 89 
combination was also associated with PFS in an independent cohort of 25 patients with 90 
hepatocellular carcinoma treated with atezolizumab plus bevacizumab. The ASTRA atlas 91 
provides a community resource for nominating rational, spatially informed combination 92 
therapies across cancers. 93 
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Main 94 
The complex interaction between various cellular neighbourhoods in tumour tissue 95 
determines cancer initiation, progression and response to therapies1–3. Spatial profiling 96 
studies have shown that the organisation of these cells is associated with clinical outcome, 97 
independent of composition4,5. Beyond their prognostic value, these multicellular 98 
neighbourhoods rather than malignant cells in isolation are increasingly recognised as 99 
therapeutic targets6–9. Recent pan-cancer analyses have identified cellular 100 
neighbourhoods10–13, but have largely relied on spot-based data aggregated from 101 
heterogeneous public datasets or focused on individual tumour types. As a result, whether 102 
cellular neighbourhoods defined at single-cell resolution in harmonised data are shared 103 
across cancers or specific to subtypes remains unclear. 104 
 105 
Here, we present the ASTRA1.0 atlas, a harmonised pan-cancer spatial transcriptomic 106 
map of approximately 400 tumours spanning 13 tissue types and 26 tumour subtypes, 107 
collected at 13 institutions in three Asia-Pacific countries. Central to the resource is a 108 
curated 1,999-gene panel designed to resolve the major cancer, immune and stromal 109 
compartments. We show that data generated with this workflow are reproducible across 110 
sites and robust to batch effects, enabling all tumours to be analysed as a single cohort. 111 
Alongside the spatial transcriptomic data, we provide matched spatial proteomics, cell-112 
type annotations, cellular neighbourhood assignments and clinical metadata. Together, 113 
the shared panel and harmonised workflow provide a foundation for future studies, 114 
machine learning models, and a framework for regional alliances to support equitable 115 
access for precision medicine.  116 
 117 
We used the ASTRA1.0 atlas to understand association between therapeutic targets and 118 
their neighbourhoods in a spatial context. First, we quantified the expression of cancer 119 
hallmarks in epithelial cells in a pan-cancer context. Next, we identified recurrent cellular 120 
neighbourhoods (CNs) and characterised their cell type composition. Finally, we 121 
investigated whether spatial architectures of therapeutic targets, which we term Spatial 122 
Theratopes (STs), could inform tumour-agnostic therapeutic strategies. We observed that 123 
tumours could be classified into four ST subtypes across tissue types, and that specific 124 
target pairs co-localised recurrently within distinct CNs. Importantly, we identified STs 125 
present in tumours, representing CN-dependent vulnerabilities that could guide the 126 
development of novel therapeutics for precision medicine. These findings suggest that the 127 
spatial neighbourhood, rather than the tissue type, may serve as a unit of therapeutic 128 
targeting, paving the way for tissue-agnostic therapies. 129 

ASTRA1.0: A multimodal pan-cancer atlas from Asia-Pacific 130 

We performed Xenium In Situ spatial transcriptomics on approximately 400 samples (381 131 
in the discovery and 25 in the validation cohort). The cohort consists of 26 subtypes of 132 
cancers from major tissue types including bile duct, bladder, breast, colorectum, gastro-133 
oesophageal junction, kidney, lung, liver, lymph node, oesophagus, oropharynx, ovary 134 
and pancreas collected from institutions across Australia, Japan and Taiwan (Fig. 1a,b; 135 
Methods). For consistency of assay and coverage of tissue types, we built a custom 1,999-136 
gene panel (ASTRA2K panel) capable of resolving various cell types and their biological 137 
functions (Fig. 1c; Supplementary Table 1). To validate findings at the protein level, we 138 
also profiled more than 70% of the cohort (299 of 406 samples) using Akoya PhenoCycler 139 
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and Hyperion XTi (Supplementary Table 2; Methods). Importantly, all haematoxylin and 140 
eosin (H&E) sections were annotated in detail by pathologists, and each tumour was 141 
classified according to its clinical subtype. Each tumour was further annotated for tissue 142 
type, subtype, stage, primary or metastatic status, treatment history, and clinical 143 
outcomes, including relapse and survival (Fig. 1d). Patient characteristics and technical 144 
statistics for the atlas are provided in Supplementary Table 3 and Source Data. 145 
 146 
To assess technical reproducibility, we profiled 12 normal lung reference regions 147 
processed across 12 independent runs. Pairwise Pearson correlation of gene expression 148 
between every pair of regions was high, ranging from 0.97 to 1.00 (Extended Data Fig. 149 
1a–c). We also evaluated the number of genes detected, high-quality transcripts, cell 150 
density and median transcripts14 (Fig. 1e; Extended Data Fig. 1c–f). The relative ranking 151 
of tissue types was largely consistent across metrics, indicating that variation in detection 152 
was driven by tissue-level factors common to all metrics rather than by any single QC 153 
measure. We next benchmarked the performance of the ASTRA2K panel against a 154 
smaller tissue-specific panel (v1) and a larger off-the-shelf pan-tissue panel (Xenium 5K). 155 
Several key cancer-associated genes, including SPP1, KRT18 and ACTA215–17 were 156 
absent from the Xenium 5K panel. Across the 183 overlapping genes (Fig. 1f; 157 
Supplementary Table 4), we observed that Xenium 5K had significantly lower median 158 
transcripts per cell than both v1 and ASTRA2K, which did not differ significantly from 159 
each other (Fig. 1g; Extended Data Fig. 2a–c). Additionally, in matched samples, 160 
expression measured with ASTRA2K correlated well with both v1 and Xenium 5K (r = 161 
0.79–0.93; Extended Data Fig. 2d), indicating concordance across panels. Restricted to 162 
the 183 shared genes, the number of genes detected per cell differed among all three 163 
panels, highest being v1, followed by ASTRA2K and then Xenium 5K (Extended Data 164 
Fig. 2b,g). PECAM1, targeted by more than six probes in ASTRA2K, was detected at 165 
substantially higher levels than in either v1 or Xenium 5K, indicating that increasing the 166 
number of probes further improves sensitivity (Extended Data Fig. 2h–k). Having 167 
established data quality and cross-panel comparability, we employed the atlas to study 168 
cancer hallmarks, define cellular neighbourhoods and identify tumour-agnostic 169 
therapeutic targets, as outlined in Fig. 1i. 170 

Querying the ASTRA1.0 atlas for cell types 171 

Given the harmonised experimental platform, the use of an identical panel and the same 172 
batch of reagents, the ASTRA1.0 atlas provided an opportunity to query shared and 173 
unique cellular landscapes. We integrated 56,693,873 (~57M) cells (Methods) and 174 
observed that cells in the tumour microenvironment (TME), including fibroblasts, 175 
endothelial cells and immune cells share similar gene expression features irrespective of 176 
tumour type (Fig. 2a,b). By contrast, epithelial cells organised into discrete clusters 177 
specific to individual tissue types, indicating that, compared to TME cells, epithelial cells 178 
exhibit tissue-type-specific transcriptional profiles across solid tumours. Consistent with 179 
the UMAP embedding (Fig. 2b), the distances between cancer-type centroids were 180 
significantly greater for epithelial cells than for other cell types (P = 3.8e-92; Fig. 2c; 181 
Methods).  182 
 183 
The compositions of major cell types, including epithelial cells, fibroblasts, endothelial 184 
cells, T cells, macrophages and plasma cells, were characterised for each sample across 185 
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the respective tissue types (Extended Data Fig. 3a). Epithelial fractions were highest in 186 
NET, SCLC and LCNEC, all of which are neuroendocrine neoplasms (NENs), consistent 187 
with their solid, stroma-poor histology18 (Extended Data Fig. 3a). The NENs were further 188 
distinguished by the MKI67+ fraction of epithelial cells (P = 4.3e-16, Kruskal–Wallis test; 189 
Extended Data Fig. 3b): SCLC and LCNEC showed the highest proliferation of all 190 
subtypes whereas NETs were among the lowest, mirroring the distinction between high-191 
grade neuroendocrine carcinomas and well-differentiated neuroendocrine tumours 192 
observed in diagnostic practice19. Together, these patterns indicate that composition and 193 
proliferation estimates from ASTRA1.0 are consistent with established histopathology 194 
 195 
The POSTN+ fibroblast and PLVAP+ endothelial cells have previously been reported as 196 
oncofetal in HCC6,20. The ASTRA1.0 atlas provides an opportunity to investigate whether 197 
these cells are specific to tissue types or represent a pan-cancer phenomenon. We 198 
observed the highest frequency of POSTN+ fibroblasts in aggressive lung cancers 199 
(Extended Data Fig. 3c), while PLVAP+ endothelial cells were enriched in pancreatic 200 
cancer, fetal adenocarcinoma and cholangiocarcinoma (Extended Data Fig. 3d). Immune 201 
cell states also varied across subtypes, including the fractions of CD8A+ T cells (P = 2.1e-202 
07; Extended Data Fig. 3e) and CD163+ macrophages (P = 5.6e-12; Extended Data Fig. 203 
3f). Pleomorphic carcinoma ranked highly for both, as well as for proliferation and 204 
POSTN+ fibroblasts. Together, these analyses highlight the utility of ASTRA1.0 for 205 
querying tissue-specific biology in a pan-cancer context. 206 
 207 
Given that the TME is broadly shared across tissue types, we used this feature to build a 208 
machine learning model to annotate cell types in the ASTRA1.0 cohort. ASTRA-CYTE 209 
was developed as a hierarchical classifier for the ASTRA2K panel (Methods). Cells are 210 
first assigned to one of five broad classes (epithelial, endothelial, fibroblast, myeloid or 211 
lymphoid) or left unassigned. Lymphoid cells are then resolved into T, NK, B and plasma 212 
cells, and myeloid cells into monocytes, macrophages and neutrophils (Extended Data 213 
Fig. 4a; Supplementary Table 5). Resolving lineage before subtype reduces the effect of 214 
class imbalance and keeps subtype errors within the correct lineage. ASTRA-CYTE was 215 
trained on one reference sample per tissue type and achieved high accuracy in tissue-type-216 
held-out cross-validation (Extended Data Fig. 4d). On an external test set of 115 samples 217 
not used for training, ASTRA-CYTE predictions agreed with clinician-reviewed 218 
annotations, with macro-averaged F1 scores of 0.87–0.91 across nine tissue types and 219 
0.74 in liver (Fig. 2d,e; Supplementary Tables 6 and 7). The lower score in liver largely 220 
reflected hepatocyte transcript contamination in the manual annotations (Extended Data 221 
Fig. 4b,e). ASTRA-CYTE annotations also preserved spatial organisation, closely 222 
matching manual annotation in a representative tissue section (macro F1 = 0.92; Fig. 223 
2f,g). 224 

Molecular hallmark analysis 225 

Tumours are known to exhibit certain hallmarks such as proliferation, immune evasion 226 
and phenotypic plasticity1. However, this framework to our knowledge, has not been 227 
applied to a large harmonised spatial cohort. We scored 13 cancer hallmarks in epithelial 228 
cells of all tissues and performed hierarchical clustering to compare cancer subtypes (Fig. 229 
2h; Extended Data Fig. 5a; Supplementary Table 8; Methods). Because ASTRA1.0 is a 230 
transcriptomic atlas, hallmark scores reflect the expression of gene programmes 231 
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associated with each hallmark rather than the underlying genomic or functional states. 232 
Notably, cancers arising from the same tissue type are categorised into different groups, 233 
indicating that hallmark profiles are shaped by tumour subtype rather than tissue of origin.  234 
 235 
The first group contained the NENs (NET, LCNEC and SCLC), which showed high 236 
scores for ‘Genome Instability and Mutation’ and low scores for ‘Avoiding Immune 237 
Destruction’. For genome instability, this reflects expression of DNA repair and 238 
replication stress genes rather than mutational burden. SCLC epithelial cells showed 239 
abundant PARP1 expression together with RAD51 transcripts, whereas these transcripts 240 
were sparse in ovarian clear cell carcinoma (OCCC) (Fig. 2i). This is consistent with the 241 
replication stress caused by near-universal RB1 and TP53 loss in SCLC21, and with the 242 
elevated PARP1 expression previously reported in SCLC22. In LCNEC, epithelial cells 243 
formed compact nests that contained few T cells, and CD274 transcripts were detected 244 
mainly in macrophages in the surrounding stroma rather than in tumour cells (Fig. 2j) 245 
suggesting that these tumours may evade immunity through exclusion rather than 246 
suppression23.  247 
 248 
The second group included LUAD, pancreatic cancer and bile duct cancers. These 249 
tumours demonstrated elevated ‘Activating Invasion and Metastasis’ (Extended Data Fig. 250 
5b), consistent with the partial epithelial-mesenchymal transition reported in these 251 
adenocarcinomas24 and the desmoplastic stroma of pancreatic and bile duct cancers25,26. 252 
Unlike the neuroendocrine group, these tumours scored highly for ‘Avoiding Immune 253 
Destruction’. In LUAD, CD274 transcripts were detected in epithelial cells, and T cells, 254 
including PDCD1-expressing cells, were interspersed among tumour cells (Fig. 2j). Thus, 255 
although LUAD and LCNEC arise in the same tissue type, they show distinct spatial 256 
patterns of immune evasion, which may underlie their different responses to immune 257 
checkpoint blockade. 258 
 259 
The third group was defined by high scores for ‘Unlocking Phenotypic Plasticity’ 260 
exhibited by fetal adenocarcinoma epithelial cells expressing POU5F1 (OCT4) and SOX2 261 
transcripts, whereas both were nearly absent from pulmonary pleomorphic carcinoma 262 
(PLEO) (Fig. 2k). OCT4 and SOX2 are core pluripotency transcription factors that 263 
maintain an undifferentiated state27. Their expression suggests that the fetal-like histology 264 
of fetal adenocarcinoma is accompanied by an embryonic transcriptional programme. 265 

Recurrent cellular neighbourhoods across tissue types 266 

Spatial transcriptomics can resolve the cellular neighbourhoods of tumours. However, it 267 
remains unclear whether they are specific to individual tissue types or shared across 268 
tumours. A harmonised spatial atlas allows us to investigate the similarity of CNs across 269 
tissue types. We identified CNs by grouping cells based on the composition of their local 270 
neighbourhoods (100 nearest neighbours)4 (Fig. 3a; Methods). This revealed eight CNs 271 
(CN1–CN8) across the atlas, each with a distinct cellular composition and gene 272 
expression signature (Fig. 3b,c; Supplementary Tables 9 and 10). The CNs were 273 
dominated by epithelial cells (CN1), macrophages (CN2), T cells (CN3), plasma cells 274 
(CN4), vascular cells (CN5), neutrophils (CN6), B cells (CN7) and stromal cells (CN8) 275 
(Fig. 3d,e). Two of these CNs (CN3 and CN7) represented different maturation stages of 276 
tertiary lymphoid structures (TLS). CN3 expressed chemokines CCL19, CXCL9 and 277 
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showed co-localisation of B cells within the CN (Fig. 3b), consistent with early lymphoid 278 
aggregates28,29. In contrast, CN7 was more strongly enriched for B cells and expressed 279 
CR2, a marker of follicular dendritic cells and CXCL13, characteristic of mature, follicle-280 
containing TLS30,31. 281 
 282 
To determine whether the eight-CN framework reliably represents the major ecosystems, 283 
we performed stability and silhouette analyses (Methods). Eight CNs gave the most stable 284 
architecture with near-identical assignments (mean pairwise adjusted Rand index ARI = 285 
0.994; Extended Data Fig. 6a,b) and this framework was also robust to changes in 286 
neighbourhood size from 25 to 200 nearest neighbours (ARI = 0.79–0.80; Extended Data 287 
Fig. 6c). To evaluate reproducibility of CNs, we compared Australian and Japanese HCC 288 
cohorts (Methods) and observed near-identical cell-type composition within each CN (r 289 
= 0.984; Extended Data Fig. 6d–f). Finally, analysis of 365 samples from 13 tissue types 290 
indicated recurring patterns of CNs across tissue types (Fig. 3f; Supplementary Table 11). 291 
Taken together, these analyses provide a framework for identifying shared 292 
neighbourhoods in tumours across cohorts.  293 
 294 
We next investigated whether individual cell types change their transcriptional state 295 
depending on neighbourhood occupancy. We calculated expression shifts for each cell 296 
type (Extended Data Fig. 7a; Methods) and found that shifts of cell types within the same 297 
CN were consistently correlated. Without any prior grouping, CNs naturally organised 298 
into four blocks corresponding to epithelial, immune, stromal/vascular and neutrophil 299 
neighbourhoods (Extended Data Fig. 7b). To determine which cell types, underlie these 300 
CN-specific programmes across tumours, we ranked them by a conservation score 301 
(Methods). Macrophages were the most conserved across tumours, followed by 302 
fibroblasts and T cells, whereas epithelial cells were the least conserved, (Fig. 3g,h; 303 
Extended Data Fig. 7c; Supplementary Table 12) consistent with their tissue-type-specific 304 
transcriptional identity (Fig. 2b,c). 305 
 306 
To understand what these conserved shifts represent, we examined the genes associated 307 
with macrophages in each CN (Methods) and observed that macrophages in the T cell CN 308 
(CN3) upregulated MHC class II (CD74, HLA-DRA, HLA-DPA1, HLA-DPB1), together 309 
with STAT1 and CXCL9, consistent with an interferon-primed, antigen-presenting 310 
state15,32. By contrast, macrophages in the stromal CN (CN8) were enriched for scavenger 311 
receptors CD163, STAB1 and MRC1, along with RNASE1, FOLR2 and complement C1Q, 312 
a programme associated with immunoregulatory and resident-like macrophage states in 313 
human tumours33,34 (Extended Data Fig. 7d; Supplementary Table 13). Collectively, these 314 
results resemble the concept of foundation species in ecology35, indicating that 315 
macrophages are key organisers of CNs and suggest that therapeutic targeting of these 316 
cells could disrupt tumour-associated ecosystems.   317 

Stratification of tumours based on Spatial Theratopes  318 

Antibody-drug conjugates (ADCs), bispecific antibodies and rational combinations of 319 
immune checkpoint inhibitors are reshaping cancer therapy. However, patient selection 320 
largely lacks robust stratification, which contributes to poor outcomes36,37. Although these 321 
therapies work by engaging their targets, it remains unclear how the local neighbourhood 322 
of these targets affects clinical outcomes across tissue types. We therefore assessed co-323 



9 
 

localisation between tumour-associated targets (e.g. HER2, TROP-2, EGFR, EpCAM, 324 
VEGF-A) and immune checkpoint targets (e.g. PD-L1, PD-1, CTLA-4) across 340 325 
tumours from 12 tissue types and 23 histological subtypes, excluding lymph nodes and 326 
normal samples (full target list in Supplementary Table 14). A cell was scored as co-327 
localised for a target pair if it expressed the tumour target and at least one of its 100 328 
nearest neighbours expressed the checkpoint target (Fig. 4a; Methods). We next applied 329 
k-means clustering to determine the patterns of target co-localisation across tumours 330 
(Methods) and identified four Spatial Theratopes (STs; Extended Data Fig. 8a–d). 331 
 332 
Because targeted therapies are developed and approved for specific tissue types, we next 333 
asked whether STs reflected the tissue of origin. ST1 comprised lung, ovarian and breast 334 
tumours, and ST2 and ST4 included tumours from several tissue types, whereas ST3 335 
consisted predominantly of primary and metastatic liver tumours (Fig. 4b; Supplementary 336 
Table 15). Moreover, tumours from the same tissue type, such as lung, were distributed 337 
across multiple STs, indicating intertumoural heterogeneity in target organisation. ST1, 338 
ST2 and ST4 were each characterised by a distinct co-localised target pair (TROP-2–PD-339 
L1, EpCAM–PD-L1 and tissue factor–PD-L1, respectively), whereas VEGF-A–PD-L1 340 
was present across all four STs (Fig. 4c; Extended Data Fig. 8e; Supplementary Table 341 
16). Notably, combined blockade of the VEGF and PD-1/PD-L1 pathways has shown 342 
clinical benefit in several solid tumours38–40. Imaging mass cytometry on the same 343 
sections (Methods) confirmed VEGF-A and PD-L1 protein in adjacent cells in 344 
representative samples, consistent with the RNA-based ST annotation (Fig. 4d). To 345 
identify the determinants of ST membership, we trained classifiers to predict each ST 346 
from tissue type, histological subtype and CN composition (Methods). ST2 and ST3 347 
membership was largely determined by histological subtype, whereas adding CN 348 
composition modestly improved prediction of ST1 and ST4 (mean area under the curve 349 
(AUC) gains of 0.05 and 0.08, respectively; Extended Data Fig. 8f; Supplementary Table 350 
17). This suggests that, for some tumours, the spatial context of therapeutic targets carries 351 
information beyond tumour type. 352 
 353 
As tumours within an ST share similar target co-localisation profile, we asked whether 354 
local neighbourhoods further distinguished clinical outcomes within an ST. First, in a 355 
subset of 48 resected lung cancers of various subtypes assigned to ST1 (Fig. 4e,f; 356 
Supplementary Table 18; Methods), the presence of a TLS-like neighbourhood (CN7) 357 
was associated with longer recurrence-free survival (Fig. 4g; Methods), and CN7 358 
abundance was lower in patients who experienced recurrence (Fig. 4h). By contrast, the 359 
hazard ratio for the epithelial-enriched CN1 neighbourhood, which showed enrichment 360 
of TACSTD2 (TROP-2) expression (Supplementary Table 10), pointed in the opposite 361 
direction, although this was not statistically significant (Supplementary Table 19). This 362 
raises the hypothesis that patients with CN7-low, CN1-rich tumours could be candidates 363 
for evaluation of TROP-2-directed therapy. Next, we examined a cohort of patients with 364 
HCC treated with atezolizumab plus bevacizumab, which target PD-L1 and VEGF-A, 365 
respectively. Of 25 tumours, 23 were assigned to ST3 (one each to ST2 and ST4); the 22 366 
ST3 tumours with complete follow-up were analysed (Fig. 4i,j; Extended Data Fig. 9d; 367 
Supplementary Tables 20 and 21). In this cohort, co-localisation of the drug targets 368 
(VEGF-A and PD-L1) alone was not associated with progression-free survival (PFS; Fig. 369 
4k) or best response (Extended Data Fig. 9g,h). However, a higher proportion of the 370 
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stromal neighbourhood (CN8) was associated with shorter PFS (Fig. 4k,l; Extended Data 371 
Fig. 9f). These results suggest that, within a shared Spatial Theratope, neighbourhood 372 
context may further stratify patients, a hypothesis that warrants prospective evaluation. 373 

Discussion 374 

Large-scale cancer genomics atlases make it possible to characterise tumours and their 375 
clinical features at population scale41. When such resources represent diverse ancestries 376 
and health systems, they can also help ensure that the benefits of precision oncology are 377 
distributed equitably42. Here we present ASTRA1.0, a multimodal pan-cancer atlas 378 
comprising approximately 400 tumours across 13 tissue types and 26 subtypes from three 379 
Asia-Pacific countries, profiled on a shared 1,999-gene panel with matched spatial 380 
proteomics and clinical annotation. We demonstrated that the ASTRA2K panel achieved 381 
higher sensitivity than the off-the-shelf pan-tissue panel and that the resulting data were 382 
reproducible across cohorts and robust to batch effects. This harmonisation allowed us to 383 
identify microenvironment features shared across tissue types and to build a cell-384 
annotation classifier, ASTRA-CYTE, that enables the community to identify cell types in 385 
current and future ASTRA cohorts.  386 
 387 
We illustrate the utility of this resource by examining oncofetal stromal cells in a pan-388 
cancer setting. Previously, we identified POSTN+ fibroblasts and PLVAP+ endothelial 389 
cells as oncofetal cells in HCC6,20. Analysis of the ASTRA1.0 cohort revealed that these 390 
cells are present across multiple tissue types in the atlas, with the highest proportion of 391 
POSTN+ fibroblasts observed in aggressive lung cancers. Our hallmark analysis extends 392 
a framework largely derived from bulk data into a spatial context. We observed co-393 
localisation of PD-L1+ tumour cells and PD-1+ T cells in LUAD, whereas lung 394 
neuroendocrine tumours exhibited the physical exclusion of T cells and PD-L1 expression 395 
on tumour-associated macrophages. These findings suggest distinct modes of immune 396 
evasion within the same tissue type, with potential implications for immunotherapy. This 397 
analysis also highlighted phenotypic plasticity as a hallmark of fetal adenocarcinoma, 398 
suggesting a molecular basis for the fetal-like morphology associated with these tumours. 399 
 400 
Notably, the recurrence of eight cellular neighbourhoods across tissue types supports the 401 
notion that niches are a shared organisational unit of solid tumours10–13. Among these 402 
neighbourhoods, macrophages and fibroblasts were the most conserved building blocks, 403 
reminiscent of foundation species in ecosystems. Macrophages also exhibited CN-404 
specific states, such as an antigen-presenting state in T cell CN (CN3) and tissue-resident 405 
signature in the stromal CN (CN8). By contrast, epithelial cells displayed cancer-type-406 
specific responses. Notably, macrophages are among the earliest cells to emerge from 407 
yolk sac during development43, raising the possibility that they act as organisers of 408 
cellular neighbourhoods. Furthermore, Spatial Theratopes grouped tumours by target co-409 
localisation across tissue types, and within STs, neighbourhood composition provided 410 
additional information about clinical outcome. In resected ST1 lung cancers, the presence 411 
of a TLS-like neighbourhood (CN7) was associated with longer recurrence-free survival 412 
after adjustment for stage and histology, in line with the established prognostic value of 413 
mature TLS28. In patients with HCC treated with atezolizumab plus bevacizumab, a 414 
higher proportion of the stromal neighbourhood (CN8) was associated with shorter 415 
progression-free survival, whereas co-localisation of the drug targets alone was not, 416 
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consistent with prior reports that fibroblast-rich stroma is associated with resistance to 417 
PD-L1 blockade6,44. 418 
 419 
The following limitations should be considered. The targeted 1,999-gene panel enables 420 
detection of cancer-specific genes and harmonisation across sites but limits discovery of 421 
programmes involving genes outside the panel. Spatial Theratopes were defined at the 422 
transcript level, and although imaging mass cytometry confirmed key pairs, therapeutic 423 
response depends on protein abundance and accessibility, which transcripts alone does 424 
not capture completely. The outcome analyses were retrospective, and these findings 425 
should be validated in independent prospective cohorts. 426 
 427 
The harmonised data and clinical annotations further provide a resource for machine 428 
learning models that integrate cell composition, neighbourhoods and clinical data to 429 
predict treatment response and clinical outcomes. Spatial Theratopes could, if validated 430 
prospectively, inform tumour-agnostic stratification in clinical trials of ADCs, bispecific 431 
antibodies and immunotherapy combinations by selecting patients based on spatial target 432 
architecture rather than tumour type alone. Finally, as new countries and centres join the 433 
ASTRA consortium, larger and more diverse cohorts will enable ancestry to be 434 
disentangled from environmental exposures, such as pollution and infection, and from 435 
disparities in access to treatment, clarifying how each shapes clinical response.  436 
 437 
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Figure Legends 438 

Fig.1: Asia-Pacific spatial multimodal atlas of human cancers. 439 
a, ASTRA cohort overview demonstrating the approximate number of cells and samples 440 
(n) per tissue type, with histological subtypes indicated. b, Geographical location of 441 
contributing institutions and the number of samples. c, Composition of the Xenium 442 
ASTRA2K gene panel (1,999 genes) by gene ontology. d, Heatmap of clinical and 443 
technical annotations for all samples including tissue type, histological subtype, tumour 444 
stage, primary or metastatic status, treatment before sampling, relapse, survival status and 445 
availability of matched spatial proteomics. Samples are ordered by tissue type, then 446 
subtype. Grey, not available. e, Median genes detected per cell in each sample (n = 365), 447 
grouped by tissue type. Box plots show median and interquartile range (IQR), whiskers 448 
extend to 1.5× IQR, points represent individual samples. f, Venn diagram of gene overlap 449 
among the Xenium v1 (302 genes), ASTRA2K and Xenium 5K (5,101 genes) panels. g, 450 
Median transcripts detected per cell for six samples, each profiled with all three panels. 451 
P values, two-sided paired Wilcoxon signed-rank tests with Benjamini–Hochberg 452 
correction. h, Representative Xenium Explorer images of YAP1 transcripts (green; one 453 
dot per transcript) in sample jichihgnec27 (LCNEC) profiled with each panel. Images 454 
show different fields; background shows DAPI (v1) or multimodal cell segmentation 455 
staining (ASTRA2K, 5K). p95, 95th percentile of YAP1 transcripts per cell across the 456 
field shown. Scale bar, 50 µm. i, Overview of the analytical workflow: cancer hallmark 457 
scoring, cellular neighbourhood (CN) analysis and identification of tumour-agnostic 458 
therapeutic targets. 459 
 460 
Fig. 2: A pan-cancer spatial single-cell atlas and automated cell-type annotation with 461 
ASTRA-CYTE. 462 
a, UMAP embedding of the ASTRA1.0 cohort coloured by cancer subtype. b, UMAP 463 
embedding coloured by annotated cell type. c, Distances between cancer-type centroids 464 
in the reference principal component space (50 PCs), shown per cell type. Each dot 465 
represents one pair of tissue types (n = 78–276 pairs per cell type; n = 231 pairs for 466 
epithelial cells). P = 3.8e-92, one-sided Mann–Whitney U test (epithelial cells versus all 467 
other cell types pooled). d,e, ASTRA-CYTE annotation performance on an external test 468 
set of 115 samples across ten tissues, none of which were used for training. d, Per-cell-469 
type F1 scores for broad classes (epithelial cells, fibroblasts and endothelial cells), 470 
lymphoid cells (NK/T cells, B cells and plasma cells) and myeloid cells (macrophages, 471 
monocytes and neutrophils). Dot size indicates the number of cells and dot colour 472 
indicates F1 score. e, Macro F1 score per tissue. f,g, A representative colorectal cancer 473 
section (P24_4891_CRC) coloured by f, clinician-reviewed annotations and g, ASTRA-474 
CYTE predictions (macro F1 = 0.92; scale bar, 1 mm). h, Heatmap showing the profile 475 
of 13 cancer hallmark signatures across 25 tissue types. Hallmark scores were calculated 476 
for each epithelial cell, averaged within each sample and then within each tissue type, and 477 
z-scored across tissue types for each hallmark. Rows (hallmarks) and columns (tissue 478 
types) were ordered by hierarchical clustering using Euclidean distance and Ward’s 479 
linkage. i, Representative Xenium Explorer images of the ‘Genome Instability and 480 
Mutation’ hallmark shown by BRCA1 (purple), RAD51 (green) and PARP1 (orange) 481 
transcripts in SCLC (tkbhgnec34) and ovarian clear cell carcinoma (4_040-L2), overlaid 482 
on epithelial cells (Scale bar, 100 µm). j, The ‘avoiding immune destruction’ hallmark 483 
illustrated by CD8A (yellow), CD274 (orange) and PDCD1 (blue) transcripts in 484 
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LUAD (tkbadeno33) and LCNEC (tkbhgnec32a), overlaid on the spatial distribution of 485 
epithelial cells, T cells and macrophages (Scale bar, 20 µm). k, Representative images of 486 
the ‘Unlocking Phenotypic Plasticity’ hallmark by POU5F1 (green) and SOX2 (blue) 487 
transcripts in fetal adenocarcinoma (tkbfetal3_1) and pleomorphic carcinoma 488 
(tkbpleo18), overlaid on epithelial cells (Scale bar, 50 µm). 489 
 490 
Fig.3: Recurrent cellular neighbourhoods and conserved CN-induced cell states 491 
across tissue types. 492 
a, Schematic of cellular neighbourhood (CN) analysis in tumour tissue. The 493 
neighbourhood of each cell is defined by its 100 spatial nearest neighbours, and cells are 494 
clustered into CNs based on cell-type composition. b, Cell-type composition of the eight 495 
CNs, each annotated by its dominant cell type: epithelial (CN1), macrophage (CN2), T 496 
cell (CN3), plasma cell (CN4), vascular (CN5), neutrophil (CN6), B-cell (CN7) and 497 
stroma (CN8). c, Prominent marker genes for each CN reflecting the dominant cell type 498 
of each CN. The heatmap shows the median log2 fold change in expression for each CN 499 
compared with all other neighbourhoods. Selected marker genes are annotated in 500 
heatmap. d, Spatial map of CNs in a representative lung adenocarcinoma section 501 
tkbadeno28. Boxes mark the representative cellular neighbourhoods highlighted in panel 502 
e (Scale bar, 500 µm). e, Representative regions for each CN. Top, cells coloured by cell 503 
type annotations. Bottom, transcripts of selected marker genes for each CN (Scale bar, 504 
100 µm). f, Recurrence analysis for each CN across tissue types (n = 365 samples). Dot 505 
size shows prevalence, defined as the percentage of samples in which the CN makes up 506 
more than 1% of cells. Dot colour intensity represents the median CN abundance in 507 
positive samples. g,h, Correlation of CN-induced expression shifts across CNs and tissue 508 
types for g, macrophages and h, epithelial cells. Each block corresponds to a pair of CNs; 509 
rows and columns within blocks are tissue types. Macrophage programmes are strongly 510 
correlated across tissue types, whereas epithelial programmes show weaker correlation. 511 
 512 
Fig.4: Spatial Theratopes identify co-targetable tumour–immune interactions and 513 
cellular neighbourhoods associated with clinical outcome. 514 
a, Schematic of Spatial Theratope (ST) identification in 340 tumours (12 tissue types, 23 515 
subtypes). For each target pair, a cell was scored positive if it expressed a tumour target 516 
and at least one of its 100 nearest neighbours expressed an immune checkpoint target. 517 
The resulting tumour-level co-localisation profiles were clustered by k-means into four 518 
STs. b,c, n = 340 tumours from 12 tissue types and 23 subtypes (ST1, n = 61; ST2, n = 519 
105; ST3, n = 111; ST4, n = 63). b, Proportion of tumours from each subtype within ST1–520 
ST4. c, Percentage of tumours in each ST with a min–max-scaled score > 0.5 for VEGF-521 
A–PD-L1 and for the top enriched target pairs for each ST. d, Imaging mass cytometry 522 
on the same sections of two hepatocellular carcinoma (HCC) samples (M365T and 523 
M356T), showing VEGF-A and PD-L1 protein co-localisation consistent with ST3. 524 
Segmented cells are coloured by cell type; PD-1 (white), PD-L1 (green) and VEGF-A 525 
(brown) protein signals are overlaid on PDCD1 (purple), CD274 (green) and VEGFA 526 
(magenta) transcripts. Scale bar, 20 µm. e, University of Tsukuba resected lung cancer 527 
cohort assigned to ST1 (n = 48 patients; seven histological subtypes; n = 47 with 528 
recurrence data). f, Cellular neighbourhood (CN) composition and clinical features 529 
(relapse, stage and subtype) for each patient. g, Kaplan–Meier curves of recurrence-free 530 
survival stratified by CN7 presence (proportion > 0; n = 39) and absence (n = 8). Shaded 531 
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regions, 95% confidence intervals (CIs); P values, log-rank tests; hazard ratios (HRs), 532 
Cox models. h, CN7 proportion in patients with (n = 19) and without (n = 28) recurrence. 533 
Box plots show the median and interquartile range, with whiskers extending to 1.5× the 534 
interquartile range; each point represents one patient. P value, two-sided Mann–Whitney 535 
U test. i–l, Independent cohort of patients with HCC treated with atezolizumab (anti-PD-536 
L1) plus bevacizumab (anti-VEGF-A) at Gifu University (n = 22 patients). i, Assignment 537 
to STs. 23 of 25 tumours were assigned to ST3 and 22 were analysed. j, CN composition 538 
(log10 proportion), progression and best response by mRECIST (CR, complete response; 539 
PR, partial response; SD, stable disease; PD, progressive disease). k, Univariable Cox 540 
models for PFS, with VEGF-A–PD-L1 score and CN8 proportion each modelled as 541 
median-split and continuous variables. Points, hazard ratios; error bars, 95% CIs; P, two-542 
sided Wald test. Dashed line, HR = 1. l, Kaplan–Meier curves of progression-free survival 543 
(PFS) by CN8 proportion, split at the median (high, n = 10; low, n = 12); shading and P 544 
value as in g. 545 
 546 
 547 
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Methods  548 

Clinical samples 549 
The ASTRA1.0 discovery cohort comprises 381 samples spanning 13 tissue types and 26 550 
subtypes, including tumours from the lung, liver, bile duct, pancreas, oropharynx, 551 
oesophagus, gastro-oesophageal junction, colorectum, breast, ovary, bladder and kidney, 552 
and lymph node tissues. An independent cohort of 25 HCC samples was used for 553 
validation of Spatial Theratopes, totalling 406 samples. Samples were contributed by 554 
thirteen institutions across Australia, Japan and Taiwan as depicted in Fig. 1b. 555 
Pathological diagnosis was made by certified clinicians at each institution according to 556 
the World Health Organization classification of tumours for the corresponding tissue 557 
type45. De-identified clinical and pathological information was obtained from medical 558 
records. Ethical sample collection and informed consent followed the procedures of each 559 
institution. The study was approved by the institutional review board of each participating 560 
institution; approval numbers are listed in Supplementary Table 23.  561 
 562 
In situ RNA expression profiling by Xenium  563 
Xenium in situ expression analysis was performed using the Xenium Slides & Sample 564 
Prep Reagents (PN-1000460, 10x Genomics)46. FFPE tissue blocks were sectioned at 5 565 
µm thickness and mounted on Xenium slides (10x Genomics) following the 566 
manufacturer's instructions (CG000578, 10x Genomics). The slides were then incubated 567 
at 42°C for 3 h. Deparaffinisation and decrosslinking were performed following the 568 
manufacturer's instructions (CG000580, 10x Genomics). The subsequent steps followed 569 
the user guide for ‘Xenium In Situ Gene Expression’ (CG000582, 10x Genomics). The 570 
custom-designed ASTRA2K panel, which targets 1,999 genes (design ID: CHZBUW), 571 
was hybridised to the tissue at 50°C overnight, followed by washing, ligation, and 572 
amplification. Autofluorescence quenching and nuclei staining were performed in the 573 
dark. The slides were run on the Xenium Analyzer (10x Genomics). The full list of target 574 
genes in the ASTRA2K panel is provided in Supplementary Table 1. 575 
 576 
Spatial protein profiling  577 
Spatial protein expression was profiled by two complementary methods. Multiplexed 578 
immunofluorescence was performed with the PhenoCycler system (Akoya Biosciences)47 579 
(n = 283), using the same tissue sections analysed by Xenium. After the Xenium run, 580 
sections were washed, subjected to antigen retrieval in a pressure cooker for 20 min and 581 
stained with a panel of 79 antibodies for 3 h (Supplementary Table 2). PhenoCycler-582 
inventoried antibodies validated by Akoya Biosciences across multiple FFPE tissue types 583 
were prioritised, and the staining quality of custom-conjugated antibodies was verified 584 
on test tissues. Stained sections were washed and the antibodies were fixed. Imaging was 585 
performed on the PhenoCycler instrument with a BZ-X810 fluorescence microscope 586 
(Keyence). 587 
 588 
Imaging mass cytometry was performed on a Hyperion XTi Imaging System (Standard 589 
BioTools; RRID:SCR_023195)48 on the same sections analysed by Xenium49. Sixteen 590 
sections underwent antigen retrieval in AR9 buffer (pH 9, Akoya Biosciences) at 96°C 591 
for 30 min, were blocked with 3% BSA for 45 min and were stained overnight at 4 °C 592 
with a panel of 43 metal-conjugated antibodies validated by immunohistochemistry 593 
(Supplementary Table 2). Nuclei were stained with an iridium intercalator.  594 
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 595 
For visual comparison with RNA data, IMC images were exported as OME-TIFF files 596 
and registered to the corresponding Xenium sections in Xenium Explorer (v5, 10x 597 
Genomics) using landmark-based alignment, and VEGF-A and PD-L1 protein signals 598 
were overlaid on Xenium transcript and cell segmentation data (Fig. 4d).  599 
 600 
Evaluation of the ASTRA2K panel  601 
To assess batch effects, serial sections of a normal lung sample were run on 12 Xenium 602 
slides (Extended Data Fig. 1a,b). Per-gene mean transcript counts (log1p-transformed) 603 
were compared between slides by pairwise Pearson correlation, alongside standard 604 
quality metrics (transcripts and cells per µm², and median genes and transcripts per cell). 605 
For cross-panel comparison, sections from six large-cell neuroendocrine carcinomas were 606 
profiled with the Xenium v1, ASTRA2K and Xenium 5K panels. Using the 183 genes 607 
shared by all three panels, per-sample median transcripts and genes per cell were 608 
compared by paired Wilcoxon signed-rank tests with Benjamini–Hochberg correction50 609 
(Extended Data Fig. 2a–d; Supplementary Table 4). Gene-wise consistency was assessed 610 
by Pearson correlation of log₂ mean transcript counts and by fold changes relative to the 611 
matched 5K sample. 612 
 613 
Xenium data preprocessing and quality control 614 
Cells with fewer than 10 transcripts, fewer than five detected genes or a segmented area 615 
below 15 µm² were excluded. Thresholds were chosen from the pooled distributions of 616 
these metrics across samples, with each sample weighted equally, and applied uniformly 617 
to all samples. This quality control was applied for cell-type classification, cellular 618 
neighbourhood analysis and Spatial Theratope classification; additional analysis-specific 619 
filters are described in the relevant sections. 620 
 621 
Cell type annotation   622 
Cell types were first annotated with SingleR (v2.14.1)51 using the Human Primary Cell 623 
Atlas reference (celldex v2024-02-26)52. The reference was restricted to twelve main 624 
labels relevant to the tumour microenvironment, and its fine-grained labels were used to 625 
separate plasma cells from B cells and lymphatic endothelial cells from endothelial cells. 626 
Labels were assigned to individual cells and to Seurat clusters (Seurat v5.1.0)53. Clusters 627 
were flagged as low confidence when the cluster-level label differed from the most 628 
frequent cell-level label, or when that label accounted for less than 50% of the cluster's 629 
cells. Annotations and flagged clusters were reviewed by the clinician responsible for 630 
each sample against H&E staining and pathological findings, and labels inconsistent with 631 
histology were revised. 632 
 633 
These reviewed annotations were used to train ASTRA-CYTE, a hierarchical classifier 634 
of gradient-boosted decision trees (XGBoost54). ASTRA-CYTE first assigns cells to five 635 
broad classes (epithelial cells, fibroblasts, endothelial cells, myeloid cells and lymphoid 636 
cells) and then resolves lymphoid and myeloid cells into seven subtypes (Extended Data 637 
Fig. 4a). ASTRA-CYTE was trained on 2,090,457 cells from ten tissue types and cells 638 
with prediction confidence below 0.7 at the subtype level retained their broad-class label, 639 
and cells with a confidence below 0.7 at the broad-class level were labelled unassigned. 640 
Applied to 115 samples not used for training, ASTRA-CYTE predictions agreed with the 641 
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clinician-reviewed annotations, with macro-averaged F1 scores of 0.87–0.91 across nine 642 
tissue types and 0.74 in liver (Fig. 2d,e; Supplementary Table 7). Details of the reference 643 
data, training and evaluation are provided in the Supplementary Methods. 644 
 645 
Reference embedding and projection 646 
Data from all samples were combined into a single dataset of 56,693,873 cells. A 647 
reference embedding was built from 10,000 randomly selected cells per subtype (250,000 648 
cells in total) by normalisation, principal component analysis (50 components), UMAP55 649 
and Leiden clustering (resolution 0.5)56. No batch correction was applied. All remaining 650 
cells were then projected onto this reference with the ingest function of scanpy 651 
(v1.11.4)57. For centroid analysis, cells were grouped by sample and cell type, 652 
downsampled to 500 cells per group and averaged in this principal component space. The 653 
centroid of a cell type in a tissue type was the unweighted mean of its sample centroids. 654 
Distances between cancer-type centroids were compared between epithelial cells and 655 
pooled tumour microenvironment cell types by a one-sided Mann–Whitney U test. 656 
 657 
Cell-type composition and marker positivity  658 
Cell-type frequencies were calculated per sample as the proportion of all cells. Normal 659 
lung samples (n = 17) and lymph node samples (n = 5) were excluded, leaving 336 660 
tumours across 25 subtypes. For individual genes, a cell was considered positive if it had 661 
at least one transcript, and positive fractions were computed per sample and cell type, 662 
excluding groups of fewer than 20 cells. Tissue types were compared by Kruskal–Wallis 663 
tests with Benjamini–Hochberg correction. 664 
 665 
Cancer hallmark analysis  666 
Hallmark activity was scored per cell with UCell (v2.10.1, maxRank = 500)58 in the cells 667 
annotated as epithelial. The gene sets for the 13 cancer hallmarks were taken from a 668 
previous study59, and each set was restricted to genes present in the 1,999-gene panel 669 
(Supplementary Table 8). Per-cell scores were averaged within each sample, and per-670 
sample means were averaged within each tissue type. The resulting matrix was z-scored 671 
per hallmark and then centred per tissue type, so that the values shown reflect the relative 672 
activity of each hallmark within a tissue type rather than its absolute level. Tissue types 673 
were clustered on both axes by Ward linkage on Euclidean distances60. For the radar chart 674 
(Extended Data Fig. 5), these scores were averaged across tissue types within each tissue 675 
of origin, weighted by the number of samples, and z-scored per hallmark. 676 
 677 
Cellular neighbourhood identification  678 
For each cell, the local neighbourhood was defined as its 100 nearest cells, excluding 679 
itself, by Euclidean distance between cell centroids within each sample4. A composition 680 
vector was computed giving the fraction of these neighbours assigned to each of ten 681 
ASTRA-CYTE cell types. Unassigned and unresolved lymphoid and myeloid neighbours 682 
were excluded from the calculation, and cells with no assigned neighbours were removed. 683 
Composition vectors from all cells across 365 samples, including normal lung, were z-684 
scored per cell type and clustered jointly by k-means (scikit-learn v1.7.261 k = 8; 30 685 
initialisations; random seed 42) to define eight cellular neighbourhoods (CNs). The model 686 
was fitted on a random subsample of 2,000,000 cells, and all cells were then assigned to 687 
the nearest centroid. Each CN was named after the dominant cell types in the mean 688 
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neighbourhood composition of its cells (Figure 3b; Supplementary Table 9). Selection of 689 
k and robustness analyses are described in the Supplementary Methods. 690 
 691 
Identification of neighbourhood-associated genes  692 
To identify genes associated with each CN independently of tissue type, raw counts were 693 
summed across all cells of each CN in the four samples with the most cells per tissue 694 
type, to limit the influence of tissue types with many samples. Pseudobulk profiles from 695 
fewer than 100 cells were discarded, and the remainder were converted to log₂(CPM + 696 
1). Within each tissue type, the log₂ fold change of each CN was computed relative to the 697 
mean of the remaining CNs and summarised across tissue types by the median. Genes 698 
were considered CN-associated if the CN had a pseudobulk profile in at least four tissue 699 
types and the gene’s fold change was positive in at least 75% of them. This analysis was 700 
descriptive, and no significance testing was performed. Top genes per CN are shown in 701 
Fig. 3c, and complete ranked lists are provided in Supplementary Table 10. 702 
 703 
Cellular neighbourhood prevalence across tissue types 704 
A CN was considered present in a sample when it comprised more than 1% of that 705 
sample's cells. For each tissue type, prevalence was the fraction of samples meeting this 706 
threshold, and abundance was the median fraction of cells assigned to the CN among 707 
samples in which it was present (Fig. 3f; Supplementary Table 11). 708 
 709 
CN-induced expression shifts 710 
To test whether CNs affect their resident cells consistently across tissue types, pseudobulk 711 
expression profiles were computed for each combination of sample, CN and cell type 712 
with at least 30 cells, using the ten final ASTRA-CYTE cell types. To limit the influence 713 
of transcripts misassigned from neighbouring cells, each cell type was analysed only for 714 
genes expressed predominantly in that cell type. For each cell type in each sample, the 715 
CN-induced shift was defined as the difference between its pseudobulk profile in a given 716 
CN and its mean profile across CNs in that sample, removing patient-, tissue- and cell 717 
type-specific baselines. Shifts were standardised per gene before downstream analyses. 718 
 719 
Conservation of CN-induced shifts across tissue types 720 
For each cell type, shifts were averaged across samples within each tissue type, and 721 
Pearson correlations were calculated between shift profiles from different tissue types 722 
(Extended Data Fig. 7a; Supplementary Table 12). The conservation score was defined 723 
as the median correlation between profiles of the same CN minus that between profiles 724 
of different CNs. Significance was assessed by permuting CN labels within samples (200 725 
permutations), with Benjamini–Hochberg correction across cell types. One-sided P 726 
values were computed as the proportion of permuted conservation scores greater than or 727 
equal to the observed score. CN families were defined by inspection of the block structure 728 
and confirmed by mean between-block correlations. Further details, including a sample-729 
level analysis, are provided in the Supplementary Methods. 730 
 731 
Transfer of CNs to the HCC cohort 732 
Neighbourhood compositions in the HCC cohort were computed as in the discovery 733 
cohort (100 nearest neighbours, ASTRA-CYTE cell types). Compositions were z-scored 734 
using the mean and standard deviation of the discovery cohort, and each cell was assigned 735 
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to the discovery CN with the nearest centroid (Supplementary Table 20).  736 
 737 
Target-pair co-expression scoring 738 
Twelve tumour-associated targets and four immune checkpoint targets were selected 739 
based on approved or clinical-stage antibody-based therapies (e.g. bispecific antibodies 740 
and antibody–drug conjugates). The tumour-associated targets were HER2 (ERBB2), 741 
HER3 (ERBB3), EGFR, TROP-2 (TACSTD2), FRα (FOLR1), EpCAM, VEGF-A, 742 
VEGFR2 (KDR), gp100 (PMEL), tissue factor (F3), MET and DLL3; the immune targets 743 
were PD-1 (PDCD1), PD-L1 (CD274), CTLA-4 and LAG-3. A cell was considered 744 
positive for a target if at least one transcript of the corresponding gene was detected. For 745 
each tumour–immune pair, a cell was scored as positive if it expressed the tumour target 746 
and at least one of its 100 nearest neighbours (Euclidean distance between cell centroids, 747 
excluding the cell itself) expressed the immune target. For immune × immune pairs, a cell 748 
was scored as positive if it expressed either target and at least one neighbour expressed 749 
the other. PD-1 × PD-L1 was excluded as a receptor–ligand interaction rather than a 750 
combination of therapeutic targets. The score for each pair in a sample was the fraction 751 
of all cells scored positive. Samples with fewer than 50 cells were excluded. Scores for 752 
all samples can be found in Supplementary Table 15. 753 
 754 
Spatial Theratope classification 755 
Lymph node samples (n = 5), normal lung samples (n = 17) and normal liver samples (n 756 
= 3) were excluded, leaving 340 tumours. Scores for 53 target pairs were min–max scaled 757 
within each tumour to a range of 0 to 1, so that clustering reflected the relative ranking of 758 
target pairs within each tumour rather than absolute levels. Spatial Theratopes (STs) were 759 
defined by k-means clustering61 of the scaled score matrix (k = 4; 50 random 760 
initialisations; random seed 0). Silhouette widths were low across k = 2–10, indicating 761 
gradual rather than discrete structure; k = 4 was selected because it had the highest 762 
silhouette width among k ≤ 5 and high subsampling stability, and because it separated a 763 
group of tumours (ST4) that was merged with ST1 at k = 3 but recovered almost intact at 764 
k = 6 (Extended Data Fig. 8a–d). Selection of k and stability analyses are described in the 765 
Supplementary Methods.  766 
 767 
To assess the contribution of tissue of origin and neighbourhood composition to ST 768 
membership, random forest classifiers were trained to predict each ST from tissue type, 769 
histological subtype and CN proportions, alone and in combination, and evaluated by 770 
repeated cross-validation (Extended Data Fig. 8f; Supplementary Table 17; 771 
Supplementary Methods). 772 
 773 
Target-pair enrichment across Spatial Theratopes 774 
To identify target pairs characteristic of each ST, the min–max-scaled pair scores of 775 
tumours in each ST were compared with those of all remaining tumours by two-sided 776 
Mann–Whitney U tests, separately for each target pair, with Benjamini–Hochberg 777 
correction across pairs within each ST. As a measure of effect size, the fraction of tumours 778 
with a pair score >0.5 was calculated in each ST and in the remaining tumours, and the 779 
difference was taken. A target pair was considered enriched in an ST if it had an FDR < 780 
0.05 and a fraction of high-scoring tumours at least 10 percentage points greater than in 781 
the remaining tumours (Fig. 4c; Extended Data Fig. 8e; Supplementary Table 16). 782 
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Enriched pairs were ranked by this difference, with FDR used to break ties. Because STs 783 
were defined from the same pair scores, these comparisons were used to rank and describe 784 
pairs rather than as independent tests of differences between STs. 785 
 786 
Assignment of HCC tumours to Spatial Theratopes 787 
Target-pair scores for HCC tumours were computed and min–max scaled within each 788 
tumour as in the discovery cohort, and each tumour was assigned to the ST with the 789 
nearest discovery centroid by Euclidean distance (Extended Data Fig. 9d; Supplementary 790 
Table 21). Twenty-three of 25 tumours were assigned to ST3, one to ST2 and one to ST4. 791 
Survival analyses were restricted to ST3 tumours with complete progression-free survival 792 
data (n = 22); one ST3 patient was excluded because of missing follow-up information. 793 
Assignment confidence was assessed as described in the Supplementary Methods. 794 
 795 
Survival analysis 796 
Per-sample proportions of eight cellular neighbourhoods (CN1–CN8) were analysed in 797 
two cohorts. The first comprised resected ST1 lung cancers (n = 48), of which 47 with 798 
available recurrence-free survival data were included in survival analyses. The second 799 
consisted of 22 ICI-treated hepatocellular carcinomas assigned to ST3 with complete 800 
follow-up (of 25 in the validation cohort) also with PFS and mRECIST response 801 
(responders: CR/PR) as endpoints. Each CN was dichotomised as present/absent when 802 
enough patients had a proportion of zero (≥5 for lung, ≥10 for HCC), and otherwise at the 803 
median. CNs were tested only if each group had at least five patients and five events. 804 
Survival associations were estimated with Cox models, adjusted for stage and histology 805 
in the lung cohort and univariable in the HCC cohort. The proportional hazards 806 
assumption was assessed using a test based on scaled Schoenfeld residuals with rank-807 
transformed time. P values were corrected using the Benjamini–Hochberg procedure, and 808 
Kaplan–Meier curves were compared by log-rank test (Supplementary Table 19). In the 809 
HCC cohort, CN8 proportion and the VEGF-A–PD-L1 pair score were compared 810 
between responders and non-responders using two-sided Mann–Whitney U tests, 811 
correlated with mRECIST category (PD < SD < PR < CR) using Spearman’s rank 812 
correlation (two-sided), and tested for association with PFS in univariable Cox models, 813 
with each variable modelled as median-split and continuous (pair score per s.d.; CN8 per 814 
log₁₀ unit). Cox P values were from two-sided Wald tests. Analyses used Python 815 
(v3.11.14) with lifelines (v0.30.3), SciPy (v1.16.2) and statsmodels (v0.14.5). 816 
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Data availability  817 
Raw and processed Xenium data, PhenoCycler and IMC images, cell-type annotations, 818 
CN assignments and de-identified clinical metadata will deposited in DNA Data Bank of 819 
Japan [accession number-TBC] and will be made publicly available upon publication. 820 
Source data are provided with this paper. 821 
 822 
Code availability  823 
Code for all analyses, including ASTRA-CYTE, is available at 824 
https://github.com/OncofetalEcosystemLab/ASTRA1.0_analysis and archived at Zenodo 825 
([DOI to be provided upon publication]). 826 
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