Supplementary Methods
1. Cell-type annotation using ASTRA-CYTE
1.1. Reference construction 
The training reference was built from ten samples, one from each of ten tissue types (bile duct, bladder, breast, colorectum, gastro-oesophageal junction, liver, lung, oesophagus, oropharynx and pancreas), selected as the sample from each tissue type with the most balanced cell-type composition (measured by Shannon entropy across cell-type proportions, normalised by its maximum to give an evenness score between 0 and 1). Cells were labelled with the clinician-reviewed SingleR1 annotations described in the Methods, and cells without a reviewed label were removed. Raw transcript counts were used for all samples. After removal of contaminated cells (below), the reference comprised 2,090,457 cells.

1.2. Removal of cells affected by hepatocyte transcript spillover
In liver tissue, highly expressed hepatocyte transcripts were frequently assigned to neighbouring non-epithelial cells during segmentation, which could cause the classifiers to learn hepatocyte features as part of immune or stromal identity. For each non-epithelial cell in all reference samples, the fraction of transcripts from hepatocyte genes (ALB, APOA1, APOA2, APOC3, FGB, TF, CYP2E1 and HP) was calculated, and cells in which this fraction exceeded 0.1 were removed. In total, 45,956 cells were removed, 45,909 (99.9%) of them from the liver sample (Extended Data Fig. 4b).

1.3. Class balancing 
Before training each classifier, every class was capped at 100,000 cells. To avoid over-representing individual samples, the cap was distributed evenly across the samples contributing to that class: samples with fewer cells than their share contributed all their cells, and the remaining quota was redistributed among larger samples, from which cells were randomly sampled (random seed 42). The resulting training composition per sample and class is provided in Supplementary Table 5. During training, cells were additionally weighted inversely to class frequency.

1.4. Features
Raw counts were normalised to 10,000 counts per cell and log1p-transformed. All panel genes were used as features except immunoglobulin (IGHA2, IGHD, IGHG1, IGHG2, IGHG3, IGHG4, IGHM, IGKC) and ribosomal protein (RPL24, RPS27A, RPS4Y1, RPS6KA3) genes, which were excluded to avoid features driven by plasma-cell spillover, cell quality or cell size; canonical lineage markers were confirmed to be retained. In total, 1,987 genes were used.

1.5. Classifier architecture and training 
ASTRA-CYTE consists of three gradient-boosted decision tree classifiers implemented in XGBoost (v3.3.0)2: a broad-class classifier (epithelial cells, fibroblasts, endothelial cells, myeloid cells and lymphoid cells), a lymphoid classifier (T, NK, B and plasma cells) and a myeloid classifier (macrophages, monocytes and neutrophils). Each was trained as a multiclass model (softmax objective, maximum tree depth 6, learning rate 0.05, row subsampling 0.8, column subsampling 0.3, histogram-based tree construction). The number of trees was chosen by early stopping (patience 30 rounds, maximum 5,000 trees) on a validation split of samples within each training fold. Final models were trained on all reference cells for each level, with the number of trees set to the mean best iteration across folds. At inference, cells with a maximum predicted probability below 0.7 at the subtype level retained their broad-class label, and cells below 0.7 at the broad-class level were labelled unassigned.

1.6. Evaluation
Each classifier was evaluated by five-fold cross-validation grouped by sample, so that all cells from a given sample were held out together. Because each tissue type was represented by a single sample, this is equivalent to holding out entire tissue types, so performance reflects prediction in tissue types not seen during training. For each class, precision, recall, F1 score, mean prediction confidence and the fraction of cells below the 0.7 confidence threshold were calculated on held-out folds and averaged across folds. Balanced accuracy (the mean of per-class recall) was calculated for each classifier. For the broad-class classifier, balanced accuracy was 0.92 and macro-averaged F1 score 0.92, with per-class F1 scores ranging from 0.90 (myeloid cells) to 0.94 (endothelial cells); 11.9% of held-out cells fell below the 0.7 confidence threshold. For the lymphoid classifier, balanced accuracy was 0.91 and macro-averaged F1 score 0.91; B, T and plasma cells were classified with F1 scores of 0.94–0.96, whereas NK cells, the least abundant class, had an F1 score of 0.77, mainly reflecting confusion with T cells, and 23.2% of NK cells fell below the confidence threshold. For the myeloid classifier, balanced accuracy was 0.87 and macro-averaged F1 score 0.86, with F1 scores of 0.89 for macrophages, 0.86 for monocytes and 0.82 for neutrophils; 17.3% of held-out myeloid cells fell below the confidence threshold. Per-class and per-tissue-type performance is reported in Supplementary Table 22 and Extended Data Fig. 4d.

1.7. External evaluation
ASTRA-CYTE was applied to 115 samples from the ten reference tissue types that were not used for training (21,539,686 cells), and predictions were compared with the clinician-reviewed annotations of these samples (Supplementary Table 6). Cells labelled unassigned, or assigned only to the broad lymphoid or myeloid class, were excluded. Because NK and T cells could not be reliably distinguished in the reference annotations consistently across all samples, they were evaluated as a single NK/T class. For each tissue type, F1 scores were calculated per cell type, and the macro-averaged F1 score was calculated across the nine cell types (Fig. 2d,e; Supplementary Table 7). Performance was lowest in liver (macro-F1 0.74), mainly reflecting lower F1 scores for epithelial cells, fibroblasts and macrophages, consistent with hepatocyte transcript spillover (Extended Data Fig. 4e).

2. Cellular neighbourhoods
2.1. Selection of k
For selection of k, k-means was run for k = 4–14 on the z-scored composition vectors, using the same settings as the final model. Solutions were compared using inertia (computed over all cells), silhouette width computed on a random subsample of 5,000 cells, and clustering stability, measured as the mean pairwise adjusted Rand index (ARI) across 10 initialisations (Extended Data Fig. 6a,b). k = 8 gave the highest stability (mean pairwise ARI = 0.994).

2.2. Robustness 
Robustness to neighbourhood size was assessed by recomputing composition vectors with 25, 50 and 200 nearest neighbours, re-clustering with k = 8, and comparing assignments with those obtained using 100 neighbours by ARI (Extended Data Fig. 6c). Consistency across processing sites was assessed by comparing cellular neighbourhood (CN) composition (Pearson correlation of mean neighbourhood compositions) and CN abundance between HCC samples processed in Australia and Japan (Extended Data Fig. 6d–f).

2.3. Transfer of CNs to external HCC cohort
Neighbourhood compositions in the external HCC cohort were computed as in the discovery cohort (100 nearest neighbours, excluding the cell itself; the same ASTRA-CYTE cell types). Compositions were z-scored using the per-cell-type mean and standard deviation of the discovery cohort, placing them in the space in which the discovery k-means model was fitted, and each cell was assigned to the CN with the nearest discovery centroid by Euclidean distance. For each discovery cell, the distance to its assigned centroid was recorded, and HCC cells whose distance to the nearest centroid exceeded the 99th percentile of discovery distances for that CN were excluded as outliers (Extended Data Fig. 9).

2.4. CN-induced expression shifts
Unassigned cells and cells assigned only to the broad myeloid or lymphoid categories were excluded. For each combination of sample, CN and cell type with at least 30 cells, cells were subsampled with probability min(1, 500/n), where n is the number of cells in the group (random seed 0), giving approximately 500 cells per group. Counts were normalised per cell to a total of 100 and log1p-transformed and were averaged into pseudobulk profiles.

For each cell type in each sample, the CN-induced shift was defined as the difference between its pseudobulk profile in each CN and the unweighted mean of its profiles across all CNs in that sample. Only sample–cell type combinations represented in at least two CNs were included. Each gene was then standardised to unit variance across pseudobulks of that cell type. 

2.5. Conservation of CN-induced shifts across tissue types 
For each cell type, shifts were averaged across samples within each tissue type for combinations of CN and tissue type represented by at least two samples. Pearson correlations were calculated between all pairs of tissue-type-level shift profiles from different tissue types, and pairs involving the same CN were compared with pairs involving different CNs (Extended Data Fig. 7a). The conservation score was defined as the median correlation of same-CN pairs minus that of different-CN pairs. Significance was assessed by permuting CN labels among each cell type's profiles within each sample before averaging (200 permutations), with P = (b + 1)/(n + 1), where b is the number of permuted scores greater than or equal to the observed score and n is the number of permutations. P values were corrected across cell types using the Benjamini–Hochberg method3. As a more conservative test, the analysis was repeated without averaging within tissue types, correlating sample-level shift profiles from different tissue types.

2.6. Prediction of CN identity in held-out tissue types
For each cell type, a multinomial logistic regression classifier (L2 penalty, C = 0.1, balanced class weights; scikit-learn4) was trained to predict CN identity from standardised sample-level CN-induced shifts, using leave-one-tissue-type-out cross-validation, so that each tissue type was predicted by a model trained only on the remaining tissue types. Cell types were included if each CN was represented by at least two pseudobulks. Performance was measured by balanced accuracy, with chance level 1/k for k CNs (12.5% for eight CNs). Significance was assessed by repeating the full procedure after permuting CN labels within samples (50 permutations), with P = (b + 1)/(n + 1) (Extended Data Fig. 7e). Predictions were also pooled across cell types to calculate overall balanced accuracy and the fraction of misclassifications falling within the same CN family.

3. Spatial Theratopes 
3.1. Selection of k and stability 
Solutions for k = 2–10 were compared using within-cluster sum of squares, silhouette width and subsampling stability (Extended Data Fig. 8a). For each k, k-means was fitted to the full scaled score matrix (50 initialisations). Subsampling stability was defined as the ARI between the full-data cluster labels and labels obtained by re-clustering 50 random subsamples of 80% of tumours (10 initialisations each), and is shown as mean ± s.d. The correspondence between the four Spatial Theratopes (STs) and the k = 3 and k = 6 solutions was summarised by cross-tabulation (Extended Data Fig. 8b).

The stability of individual STs was assessed by bootstrap resampling. Tumours were resampled with replacement (100 resamples) and re-clustered with k = 4. For each ST, the Jaccard index with the best-matching bootstrap cluster was calculated among the tumours drawn in that resample, and the mean ± s.d. across resamples was reported. Values above 0.75 were considered stable and values below 0.5 unstable5 (Extended Data Fig. 8c). Robustness to the clustering algorithm was assessed by comparing the k-means STs with four-cluster solutions from Ward hierarchical clustering on Euclidean distances and from a Gaussian mixture model with full covariance (10 initialisations), using the ARI (Extended Data Fig. 8d).

3.2. Prediction of Spatial Theratope membership
To assess how much ST membership reflected tissue of origin, histological subtype or neighbourhood composition, random forest classifiers (scikit-learn defaults, 100 trees)4 were trained to predict ST membership from five feature sets: per-tumour CN proportions (CN1–CN8), tissue type, histological subtype, CN proportions plus tissue type, and CN proportions plus subtype. Tissue type and subtype were one-hot encoded. Performance was evaluated by stratified five-fold cross-validation, repeated ten times with different random splits, using out-of-fold predicted probabilities. For each ST, the contribution of CN composition was quantified as the difference in mean AUC between CN proportions plus subtype and subtype alone. 

3.3. Confidence of Spatial Theratope assignment in the HCC cohort
HCC tumours were assigned to STs by nearest-centroid classification. Pair scores were min–max normalised within each tumour, as for the discovery cohort, and restricted to features shared with the discovery cohort. ST centroids were defined as the mean normalised profile of discovery tumours in each ST, and each HCC tumour was assigned to the ST with the nearest centroid by Euclidean distance (Extended Data Fig. 9d).

To assess confidence of ST assignment in the independent HCC cohort, two metrics were calculated for each HCC tumour. First, the ratio of the Euclidean distance to the nearest discovery centroid to that of the second-nearest centroid was computed; ratios close to 1 indicate that a tumour lies near the boundary between two STs, and samples with a ratio > 0.9 were classed as ambiguous. Second, to identify samples poorly represented by any discovery ST, a reference distribution was obtained from the distances of discovery-cohort tumours to their own ST centroid. Samples whose distance to their assigned centroid exceeded the 95th percentile of this reference distribution for that ST were classed as outliers.
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