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HisToSpatialCNV: an interpretable  
deep learning method predicting 
spatial copy number variations from 
histopathology images
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Shu Zhou4, Zheng Jing5, Yiwen Yang4, Yuheng Du4, Weiping Zou6 & 
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Copy number variations (CNV) are key drivers of cancer progression, 
yet methods for predicting spatial CNVs directly from haematoxylin and 
eosin (H&E) images are currently lacking. We introduce HisToSpatialCNV, 
a multiscale deep-learning framework that integrates histopathological 
features from H&E-stained images to infer spatial CNV patterns. Combining 
interpretable feature extraction with graph neural networks and multihead 
self-attention, our approach captures both local and global tissue contexts. 
Applied to HER2+ breast cancer, skin cancer and brain cancer datasets, 
HisToSpatialCNV outperformed existing methods for spatial gene 
expression inference and showed strong concordance between predicted 
CNVs and gene expression. In addition, it enabled tumour subclone 
identification, phylogenetic reconstruction and detection of pathway 
alterations linked to tumour progression. HisToSpatialCNV generalized 
across Visium and Xenium spatial transcriptomics platforms, on HER2+ 
patients. Applying the HisToSpatialCNV HER2+ model to TCGA HER2+ 
histopathology data identified spatial-molecular subtypes associated 
with distinct survival outcomes in TCGA HER2+ patients. By connecting 
histopathology to spatial genomics, HisToSpatialCNV offers a powerful, 
cost-effective tool for studying intratumour heterogeneity using only  
routine pathology images.

Histology imaging is widely regarded as the gold standard for can-
cer identification and diagnosis1. Among the available techniques, 
haematoxylin and eosin (H&E) staining is the most widely used stain-
ing method for preparing histology images2. Compared to other bio-
marker modalities, such as radiological imaging (CT, MRI, PET) and 
genetic biomarkers (genetic mutations, RNA expression and protein 
markers), H&E-stained histological images are more cost-effective 
and provide direct visualization of tissue architecture and cellular 

morphology2. The cellular-level assessment enables us to understand 
tumour heterogeneity, identify invasive cancer cells and investigate 
the tumour microenvironment.

DNA copy number variation (CNV) plays a critical role in chromo-
somal rearrangements and genomic diseases3. CNVs are large-scale 
genomic changes, typically exceeding 1 kilobase, which manifest as 
submicroscopic deletions and duplications affecting a larger portion 
of the genome than single-nucleotide polymorphisms (SNPs). These 
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In the training phase, HisToSpatialCNV is designed as a flexible 
framework to take paired H&E histopathology and spatial CNV infor-
mation as the input. While experimental methods to measure spatial 
CNVs are being developed, the spatial CNV information can be broadly 
obtained using the inferCNV17 method on spatial transcriptomics data 
currently. Histological images are then cropped into patches cen-
tred on the spot coordinates in the matched spatial transcriptomics 
(ST) data. These patches are processed using feature extraction tools 
(default: CellProfiler20) to extract interpretable and meaningful cellular 
and tissue characteristics, addressing a key limitation of black-box 
image-based methods. These extracted features are then represented 
by reduced-dimension embeddings using a 3-layer residual multilayer 
perceptron (ResMLP) with layer normalization and rectified linear unit 
(ReLU) activations, stabilizing gradient flow and mitigating vanishing 
gradients. The spot coordinates are used to create a spatial adjacency 
matrix that represents the graph structure based on Euclidean dis-
tances between spots. Following spatial CNV prediction with HisTo-
SpatialCNV, a series of downstream analyses, including visualization, 
phylogenetic tree construction, pathway enrichment analyses and 
spatial domain identification are conducted to demonstrate its utilities.

HisToSpatialCNV employs multiple analytical innovations. (1) Its 
sequential architecture progressively enriches representations from 
interpretable features to spatial context to global dependencies. The 
refined embeddings and spatial adjacency matrix feed into a sophis-
ticated graph neural network (GNN) module that integrates local and 
higher-order structural information through stacked graph convolu-
tion layers. (2) It uses a jumping knowledge ( JK) network21 with a long 
short-term memory network (LSTM) aggregator22, which enables 
the model to integrate intermediate representations from each GNN 
layer, capturing both local and extended spatial neighbourhoods.  
(3) It applies a multihead self-attention mechanism (MHSA)23 to model 
global relationships between spatially distant regions, unlike existing 
methods that use transformers for initial feature extraction. (4) It uses 
a 3-layer residual MLP, incorporating LayerNorm (ResMLP) and ReLU 
activation, and outputs 3-category (amplification, deletion and no 
change) CNV predictions via a softmax layer. (5) It adopts focal loss24 
which prioritizes samples that are difficult to classify due to the imbal-
ance issue among CNV categories.

Performance evaluation of HisToSpatialCNV
To quantitatively evaluate our model, we benchmarked on the following 
datasets: a HER2+ breast cancer dataset25 with 26 tissue sections from 
the Visium platform, and a cutaneous squamous cell carcinoma (cSCC) 
dataset26 with 9 tissue sections from the ST platform optimized for 
cSCC tissue (Supplementary Fig. 1a). Since models directly predicting 
spatial CNVs from H&E images are currently lacking, for comparison to 
HisToSpatialCNV we turned to methods that infer spatial gene expres-
sion data from H&E images and then estimated the spatial CNVs using 
inferCNV17. These spatial gene expression inference methods include 
the task-specific methods ST-Net27, HisToGene28, Hist2ST29, TCGN30, 
GHIST31, iSCALE32 and iSTAR33; the transformer-based contrastive 
learning method mclSTExp34; and the pretrained foundation model 
OmiCLIP35. As there are currently no experimental methods that directly 
measure spatial CNVs, we used the CNVs directly inferred from the 
paired spatial transcriptomics data coupled with the H&E images as the 

variations are strongly associated with various cancers, including 
breast cancer4 and colorectal cancer5, gastric cancer6, ovarian cancer7, 
testicular germ cell tumours8 and squamous cell carcinoma9. Beyond 
directly affecting large genomic regions, CNVs frequently encom-
pass oncogenes and tumour suppressor genes, establishing a close 
link with key differential gene expression10. For example, copies of 
apoptosis-related genes are commonly lost during cancer develop-
ment, whereas proliferation-related genes are typically retained11. CNVs 
also serve as crucial references for drug development, especially those 
therapies targeting cancer progression mechanisms, particularly when 
considering tumour heterogeneity12 and subclonal evolution13,14. Con-
ventionally, CNVs are detected using techniques such as fluorescence 
in situ hybridization15, array-based comparative genomic hybridiza-
tion16 and single-nucleotide polymorphism arrays16. However, the high 
cost of these methods limits their widespread application in large-scale 
cancer studies. Computational methods, such as inferCNV17, allow infer-
ence of CNVs from transcriptomic data without requiring additional 
CNV-detection experiments.

Recently, several methods have been proposed to infer CNVs 
from spatial transcriptomics data exclusively. For example, STARCH18 
leverages the spatial organization of cells within a tumour to infer copy 
number alterations, while CalicoST19 uses a probabilistic model to infer 
allele-specific copy number aberrations and tumour phylogeography. 
However, these approaches do not utilize H&E images, which directly 
provide critical information on the tissue structure, cellular mor-
phology and pathological features. We hypothesize that H&E images, 
with their detailed cellular morphology and complex visual features, 
hold immense predictive potential for spatial CNVs. Towards this, we 
propose HisToSpatialCNV, an innovative multiscale deep-learning 
framework that integrates H&E image features, spatial transcriptom-
ics data and spatial context information to deliver accurate spatially 
informative CNV prediction with robust interpretability. Our approach 
also enables comprehensive downstream analyses, including tumour 
subclone identification, inference of evolutionary relationships and 
characterization of functional pathways. Based on pathology images 
alone, HisToSpatialCNV provides important insights into tumour 
heterogeneity and progression mechanisms that are informative to 
precision medicine. Overall, HisToSpatialCNV represents a powerful 
and cost-effective framework that leverages widely available histology 
images to fill in the void between pathology and spatial genetics (CNVs), 
enabling a deeper understanding of cancer biology and offering new 
opportunities for large-scale translational research.

Results
Overview of the HisToSpatialCNV method
The workflow of HisToSpatialCNV is illustrated in Fig. 1, comprising 
the HisToSpatialCNV model architecture and downstream analysis. 
HisToSpatialCNV directly predicts spatially resolved CNV states from 
H&E-stained histopathology images, rather than from the spatial tran-
scriptomics data. Such inferred spatial CNVs can then be used to analyse 
tumour cell states, subclones and their pathophysical differences. As a 
result, the model can contribute to the comprehensive understanding 
of the underlying mechanisms of tumour progression, provide impor-
tant information for tumour subtyping, help to identify biomarkers, 
and facilitate patient prognosis analysis and prediction.

Fig. 1 | Overview of the HisToSpatialCNV framework and analysis. The workflow 
consists of two main components: (1) the prediction model architecture and 
(2) downstream analysis. The HisToSpatialCNV model integrates histological 
image features and spatial CNVs with coordinates. Image features are processed 
through a 3-layer residual MLP to generate 1,024-dimensional embeddings, 
while spot coordinates create a spatial adjacency matrix. These inputs are 
fed into a graph neural network with multiple graph convolutional layers 
and a jumping knowledge network featuring an LSTM aggregator to capture 
multiscale features. A multihead self-attention mechanism then enriches node 

embeddings by modelling global dependencies. Finally, a 3-layer residual 
MLP with layer normalization and ReLU activation outputs 3-category CNV 
predictions via softmax, with focal loss addressing class imbalance. Downstream 
analyses include visualization, phylogenetic tree construction, spatial region 
identification using a GNN-based approach, differential CNV analysis, pathway 
enrichment analysis and validation on the TCGA breast cancer dataset. This 
comprehensive approach enables tumour subtyping, prognosis analysis and 
biomarker identification through the characterization of CNVs. Figure created in 
BioRender; Garmire, L. https://biorender.com/6vl3hj1 (2026).
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ground truth. For all methods in comparison, we used a leave-one-out 
cross-validation (LOOCV) evaluation on the same data split: in each iter-
ation, all sections except one were used for training, and one hold-out 
section was reserved for testing (Supplementary Fig. 1b). All model 
architectures and hyperparameters were fixed before evaluation, and 
were evaluated on the same held-out test sections under identical data 
splits, ensuring a fair comparison.

As shown in Fig. 2a, HisToSpatialCNV achieved the highest area 
under the receiver operating characteristic curve (AUC) (0.825) 
across all samples in the HER2+ dataset, substantially higher than 
those of other approaches including ST-Net (AUC = 0.505), HisToGene 
(AUC = 0.512), Hist2ST (AUC = 0.554), TCGN (AUC = 0.536), mclSTExp 
(AUC = 0.655), OmiCLIP (AUC = 0.610), GHIST (AUC = 0.588), iSCALE 
(AUC = 0.557) and iSTAR (AUC = 0.505). Similarly, it also achieved 
significantly higher overall mean AUCs (AUC = 0.748) for cSCC data, 
compared with ST-Net (AUC = 0.500), HisToGene (AUC = 0.504), 
Hist2ST (AUC = 0.539), TCGN (AUC = 0.566), OmiCLIP (AUC = 0.559), 
mclSTExp (AUC = 0.561), GHIST (AUC = 0.549), iSCALE (AUC = 0.519) 
and iSTAR (AUC = 0.489). The superiority of HisToSpatialCNV is also 
demonstrated by the receiver operating characteristic (ROC) curves 
of these two datasets (Fig. 2b). We further evaluated the classification 
performance of the model across the 3 CNV states (deletion, neutral 
and amplification) in both datasets using confusion matrix analysis 
(Fig. 2c). For HER2+ samples, our model achieves high precision in 
identifying CNV deletions (79.4% accuracy), neutral regions (73.6% 
accuracy) and amplifications (74.0% accuracy). Similar performance 
is observed in the cSCC dataset, particularly in amplification states 
(65.4% accuracy). In addition, we examined the relationships between 
predicted CNV states from HisToSpatialCNV and the gene expres-
sion measured by the coupled ST data36 (Fig. 2d). There is a clear posi-
tive correlation between the two data modalities in both datasets. 
The regions predicted as CNV+ (amplification) show significantly 
higher gene expression values, whereas CNV− (deletion) regions show 
lower expression.

To further evaluate the predicted CNVs, we analysed the alignment 
between the predicted and observed CNVs of representative genes 
from the HER2+ dataset (Fig. 2e). We selected CNVs from 4 genes: 
CDH1 (ref. 37), MIIP38, FADS2 (ref. 39) and SOX4 (refs. 40,41) with known 
relevance to cancer. HisToSpatialCNV efficiently detected CNVs, as 
shown by the Matthews correlation coefficient (MCC) values between 
the inferred spatial CNVs and the ground truths (0.621, 0.661, 0.758 
and 0.606, respectively). In contrast, the other methods (Hist2ST, 
HisToGene and TCGN) failed to detect many or all of the CNVs. HisTo-
SpatialCNV also accurately captured the spatial distribution patterns 
of key CNVs in the cSCC dataset, when compared to the ground truth 
derived from spatial transcriptomics (Supplementary Fig. 2). Together, 
these results highlight the robustness, accuracy and generalizability 
of HisToSpatialCNV in detecting spatial CNV patterns across different 
tumour types.

Ablation study reveals the importance of ResMLP layers
Given the complexity of HisToSpatialCNV, we conducted ablation stud-
ies to evaluate the contribution of various modules to model perfor-
mance. Using results from HisToSpatialCNV as the positive control, we 
demonstrate the impacts of removing different architectural compo-
nents leading to three HisToSpatialCNV variants (Fig. 3a): (1) a baseline 
model with both ResMLP and MHSA modules removed, (2) HisToSpa-
tialCNV without the ResMLP module (HisToSpatialCNV−ResMLP) and 
(3) HisToSpatialCNV without the multihead self-attention module 
(HisToSpatialCNV−MHSA). As expected, the original HisToSpatialCNV 
with all modules achieved the highest average AUCs of ~0.825 and 0.748 
for the HER2+ and cSCC datasets, respectively. The baseline models 
with both ResMLP and MHSA modules removed had the lowest accura-
cies. Notably, removing the ResMLP module resulted in a substantial 
decrease in average AUCs to ~0.693 and 0.641 for HER2+ and cSCC 

datasets, respectively. Removing the MHSA module reduced the accura-
cies to a lesser extent, to ~0.783 and 0.682 for HER2+ and cSCC datasets. 
These findings demonstrate that while both components contribute to 
model performance, the hybrid MLP module plays a more important 
role in capturing relevant spatial patterns.

In addition, we compared how training and prediction accuracy are 
affected by three distinct feature extraction approaches: CellProfiler20, 
ResNet-50 (ref. 42) and the state-of-the-art foundation model UNI43 
(Fig. 3b). The training curves show that HisToSpatialCNV using the 
CellProfiler20 module achieved the highest performance across both 
datasets, with AUCs of ~0.825 for HER2+ and 0.748 for cSCC. ResNet-50 
showed comparable performance with AUCs of 0.822 and 0.744, 
respectively, while UNI exhibited slightly lower performance at 0.785 
and 0.720. Notably, both ResNet-50 and UNI demonstrated substan-
tially faster convergence compared with CellProfiler. ResNet-50 and 
UNI required only 22.5 and 24.2 min for HER2+, respectively, compared 
with 66.1 min for CellProfiler. Similarly, ResNet-50 and UNI converged 
in 40.3 and 42.2 min for cSCC, respectively, while CellProfiler required 
76.9 min. Despite being slower, the CellProfiler20 module offers the 
advantage of interpretability by extracting specific image features, 
which can be ranked by integrated gradient (IG)44 values to elucidate 
feature importance in model predictions (Fig. 3c). For HER2+ tissues, 
area shape and granularity features show the highest contributions. 
Similarly, in cSCC tissues, area shape, granularity and texture difference 
variance features are most informative. The ResNet-50 module, on the 
other hand, generates high-dimensional, abstract feature vectors that 
are difficult to interpret.

To visualize how HisToSpatialCNV focuses on histologically 
relevant regions, we compared its spatial attention patterns in the 
H&E images with the annotations from pathologists (Fig. 3d). The 
corresponding attention heat maps reveal that our model learns to 
focus on regions rich in CNVs, as demonstrated by brighter colours 
which correspond to higher attention weights. These regions include 
tumours annotated by the experts and surrounding so-called ‘adjacent 
normal regions’ that already have abnormal CNVs—a phenomenon 
well observed before13. Detailed quantitative region-level analysis 
confirmed significantly elevated CNV burdens in tumour-associated 
regions versus non-tumour regions annotated by pathologists, with 
AUC = 0.68 and P = 8.04 × 10−6 in sample B1, and AUC = 0.80 and 
P = 3.41 × 10−17 in sample D1 (Supplementary Table 1). These results 
highlight that the model’s predictions are based on meaningful tissue 
characteristics, thereby enhancing the interpretability and trustworthi-
ness of the predicted CNVs to assist in clinical applications.

Downstream functional analysis of predicted spatial CNVs 
reveals subclones of HER2+ breast cancer
To demonstrate the utility of spatial CNVs predicted by HisToSpa-
tialCNV, we conducted downstream subclone analysis and functional 
characterization using the B1 sample of the HER2+ cohort as an example 
(Fig. 4 and Supplementary Fig. 3). We classified the spots into tumour 
versus adjacent tissue labels, using the predicted spatial CNVs (Fig. 4a). 
Such CNV-guided annotations clearly distinguished tumour from adja-
cent normal regions. Focusing on the tumour compartment, we then 
applied a graph convolutional network-based spatial domain identi-
fication approach to classify tumour spots into 4 distinct subclones, 
0–3 (Fig. 4b), where the optimal number of subclones was determined 
using Silhouette score (Supplementary Fig. 4a). Uniform manifold 
approximation and projection (UMAP) visualization of CNV profiles 
further confirms the clear separation among these subclones (Fig. 4c). 
Moreover, a chromosome-level CNV heat map of the 4 subclones reveals 
progressive genetic alterations among subclones (Fig. 4d). For example, 
subclone 3 exhibits unique deletion patterns in chromosome 1 but 
amplification patterns in chromosomes 2 and 10, while subclones 1 and 
2 share similar patterns that differ from that of subclone 3. Consistent 
with this pattern, phylogenetic reconstruction based on CNV similarity 
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Fig. 2 | Performance evaluation of HisToSpatialCNV for spatial CNV prediction. 
a, Comparison of AUC values across individual tissue sections for HER2+ and 
cSCC datasets, showing consistently superior performance of HisToSpatialCNV 
over other opponent task-specific methods (ST-Net, Hist2ST, HisToGene, TCGN, 
GHIST, iSCALE and iSTAR), a transformer-based method (mclSTExp) and an 
FM method (OmiCLIP). b, ROC curves demonstrate the overall performance 
across all sections, with HisToSpatialCNV achieving significantly higher mean 
AUCs compared with baseline approaches. c, Confusion matrices illustrate the 
classification performance across 3 CNV states (deletion, neutral, amplification). 
d, Boxplots showing the positive correlation between predicted CNV states 
and normalized gene expression levels. The gene expression values were log 

transformed using log1p transformation (log(1+x)) to account for the typically 
skewed distribution of expression data. Each data point represents one gene. 
For the HER2+ panel, n = 5 patients covering 26 tissue sections; for the cSCC 
panel, n = 3 patients covering 9 tissue sections. Boxplots show the median 
(centre line), interquartile range (IQR, box bounds), whiskers extending to 1.5× 
IQR, and outliers as individual points. The compared groups correspond to 
inferred CNV states (loss/no variation/gain). e, Visualization of ground truth and 
predicted CNV patterns for 4 cancer-relevant genes (CDH1, MIIP, FADS2 and SOX4) 
across representative tissue sections. Spot colours indicate CNV states (purple, 
deletion; green, neutral; yellow, amplification).
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model variants of HisToSpatialCNV: HisToSpatialCNV without multihead 
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MLP (HisToSpatialCNV−ResMLP) and the baseline model in which both MHSA 
and ResMLP modules are removed. b, Training curves comparing CellProfiler, 
ResNet-50 and UNI feature extraction approaches. CellProfiler achieves 
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reveals a hierarchical evolutionary structure with increasing CNV bur-
den from subclone 0 to subclone 3 (Fig. 4e and Supplementary Fig. 5a). 
Subclones 0, 1 and 2 form a closely related branch, whereas subclone 
3 diverges with additional chromosomal events. Centroid-distance 
analyses jointly indicate that subclone 2 is a distinct genomic state 
rather than a mixture of subclones 1 and 3 (Supplementary Fig. 6). 
Many of the key CNVs that are characteristic of individual subclones 
have previously been implicated in tumour-associated processes, 

including deletions in MYO9B45,46, PTPRF47–49, SLC44A2 (ref. 50) and DUSP3  
(refs. 51–53), and insertions in NRBP1 (ref. 54) and HK1 (ref. 55) (Fig. 4e 
and Supplementary Fig. 3b–j).

To fully investigate the genetic alterations across all four tumour 
subclones, we conducted gene-level differential spatial CNV analysis 
(Fig. 4f). Amplification of JUN, a proto-oncogene regulating cell prolif-
eration and survival56, is prominent in subclones 0 and 1, and partially 
retained in subclone 2. A similar pattern to JUN is observed in TMEM59 
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Fig. 4 | Spatial domain identification and functional characterization of 
tumour subclones in HER2+ dataset. a, H&E-stained tissue section with 
corresponding tumour segmentation. Black spots represent tumour, and white 
spots represent normal cells. b, Spatial distribution of 4 distinct subclones 
(labelled 0–3) identified using the GNN-based approach applied to predicted 
spatial CNV data. c, UMAP plot confirming the differences of the 4 identified 
subclones, with a clear separation between clusters. d, Heat map of CNVs mapped 
to the corresponding locations on the chromosomes between subclones. Red 
and blue colour indicate amplification and deletion, respectively. e, Phylogenetic 

tree of subclones in HER2+ breast cancer tissue. f, Gene-level differential  
analysis of significant CNVs in each subclone, revealing subclone-specific  
CNV alterations. g, MSigDB hallmark pathway enrichment analysis  
showing significantly altered pathways for each subclone. The pathways are 
categorized into 8 functional groups as labelled by different colours. NES and  
P values are shown on the figure. Schematics created in BioRender: e, Garmire, L.  
https://biorender.com/q2hxvdr (2026); g, Garmire, L. https://biorender.com/
oqbbi9d (2026).
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and TACSTD2, consistent with their previously reported roles in cancer 
progression57,58. In contrast, deletion of multiple genes, including ILF3, 
WDR83OS, DUSP3, JUNB and SLC44A2, is unique in subclone 3. Amplifi-
cation of BTF3, which encodes a transcription factor implicated in cell 
cycle progression and apoptosis resistance59, is prevalent in subclone 
2 but not in subclones 1 and 3, supporting the idea that subclone 2 is 
not a simple mixture of subclones 1 and 3.

To examine the collective functional consequences of the dif-
ferential CNVs shown in Fig. 4f, we next performed pathway enrich-
ment analysis among the subclones (Fig. 4g). Subclone 0 showed 
relatively limited pathway perturbation, including enhanced myogen-
esis and apoptosis but suppression of both oxidative phosphorylation 
and epithelial–mesenchymal transition (EMT), reflecting a lineage 
commitment state under metabolic stress. In contrast, subclone 1 
showed marked activation of EMT, MYC-target pathways and oxida-
tive phosphorylation, suggesting active proliferation and transcrip-
tional reprogramming associated with tumour plasticity and early 
aggressiveness60,61. Subclone 2 displayed broader but very distant 
functional enrichment from subclone 1, with activation of the innate 
immune complement cascade and increased fatty acid metabolism, 
adipogenesis and xenobiotic metabolism signatures, indicating 
tumour-promoting inflammation62,63. Subclone 3 demonstrated the 
most extensive pathway activation, including activation of MYC tar-
gets, E2F signalling and PI3K/AKT/mTOR pathways, as well as xeno-
biotic and haem metabolism pathways. Notably, many pathway-level 
activities in subclone 2 do not lie between those in subclones 1 and 3 
(for example, EMT, innate immune activation and oxidative phospho-
rylation), further supporting the idea that subclone 2 represents a 
distinct evolutionary group rather than a simple mixture of subclones 
1 and 3. Collectively, these patterns indicate progressive intensifica-
tion of proliferative and metabolic programmes along the inferred 
evolutionary trajectory.

We applied the same analytical framework to the cSCC dataset 
(Supplementary Note, and Supplementary Figs. 7 and 8). In contrast 
to HER2+ breast cancer, the inferred cSCC subclones exhibited distinct 
pathway enrichment patterns characterized by UV response, DNA 
repair and inflammatory signalling pathways, consistent with the 
known biology of UV-driven skin cancers. Together, these findings 
highlight the utility of HisToSpatialCNV in enabling integrative analysis 
of spatial CNV architecture, subclonal evolution and associated func-
tional pathway signatures within tumour tissues.

Application of the HisToSpatialCNV HER2+ model to the TCGA 
cohort identifies distinct prognostic subtypes
To demonstrate the predictive power of the HisToSpatialCNV HER2+ 
model, we directly applied it to predict spatial CNV patterns in all 92 
HER2+ breast cancer samples from another study64. These samples 
are a subset from The Cancer Genome Atlas (TCGA), but have histopa-
thology images manually annotated by pathologists for tumour and 
non-tumour regions64 (Fig. 5a). Pathologist annotation is an important 
input for the inferCNV programme. Using 224 × 224-resolution windows 
from H&E-stained images, we created a total of 312,923 continuous 
pseudo-spots for this HER2+ cohort, allowing us to comprehensively 
characterize CNV spatial heterogeneity throughout the tumour micro-
environment at an unprecedented resolution.

First, we evaluated the ability of the spatial CNVs (inferred by 
HisToSpatialCNV) to distinguish early- versus late-stage HER2+ breast 
cancers (Fig. 5b). Following the tumour-node-metastasis staging 
system65, we classified stages 1 and 2 as early-stage disease and stages 3 
and 4 as late-stage disease. The ROC curve demonstrates excellent pre-
dictive accuracy (AUC = 0.825) when using spatial CNVs inferred by the 
HisToSpatialCNV model as features. In contrast, using bulk-measured 
CNV data from the corresponding HER2+ samples yielded a substan-
tially lower AUC of 0.594, highlighting the added value of spatial CNV 
information for disease staging.

Next, we utilized the inferred CNV data from HisToSpatialCNV 
and their corresponding spatial coordinates to generate spatially 
aware embeddings using a GNN-based approach (see Methods). We 
applied K-means clustering to these embeddings and identified 3 
distinct spatial clusters among the 90 samples that passed quality 
filtering (see Methods) (Supplementary Fig. 9a). Using the proportion 
of each of the 3 spatial clusters as the metric to represent each patient, 
we clustered the HER2+ patients into 4 new patient subtypes using 
the elbow method (Supplementary Fig. 9b). Figure 5c shows the heat 
map of the spatial clusters and the patient subtypes. Patient subtype 
1 is enriched with spatial cluster 2, patient subtype 2 is enriched with 
spatial cluster 0, patient subtypes 3 and 4 are enriched with spatial 
cluster 1 in different degrees. The subsequent Kaplan–Meier survival 
analysis shows that patient subtypes 1, 3 and 4 all exhibit an excellent 
prognosis with 100% survival probability over the follow-up period, 
but patient subtype 2 has the worst survival among the 4 patient 
subtypes (Fig. 5d).

To further understand the poor prognosis in patient subtype 2, 
we performed additional analyses on this patient subtype versus other 
subtypes. Through differential CNV analysis, we identified genes with 
significant CNVs that distinguish subtype 2 from others (Fig. 5e). Many 
genes known to be associated with tumour proliferation, metastasis 
and cancer progression are present in subtype 2, including MKNK2 
 (ref. 66), BSG67 and BCL3 (ref. 68). The pathway enrichment analysis 
revealed several enriched cancer hallmark pathways (Fig. 5f), including 
the most significant mTORC1 signalling pathway, followed by the oxi-
dative phosphorylation pathway, as well as other signalling pathways 
(for example, notch signalling), G2-M checkpoint regulation and lipid 
metabolism pathways (for example, cholesterol homeostasis). These 
findings suggest that dysregulation of multiple cancer-associated 
processes, particularly cell proliferation and lipid metabolism, char-
acterizes this aggressive tumour subtype. Together, these results 
highlight the powerful clinical relevance of spatial CNV profiling using 
HisToSpatialCNV, demonstrating its ability to enhance patient strati-
fication and prognostic assessment.

Generalization of HisToSpatialCNV models
To evaluate within-dataset robustness and potential data leakage, 
we tested the HisToSpatialCNV model previously trained from the 26 
H&E-stained sections of HER2+ breast cancers, on 6 additional HER2+ 
patient samples that were not included in the training set (Fig. 6a). The 
method maintained consistent performance with AUC values ranging 
from 0.715 to 0.747, demonstrating the within-dataset robustness of 
HisToSpatialCNV on new patient data. We further evaluated HisToS-
patialCNV using the direct CNV measurements as the ground truth. 

Fig. 5 | Spatial CNV inference on external HER2+ breast cancer cohort using the 
HisToSpatialCNV HER2+ model. a, Overall summary of spatial CNV inference, 
stage classification and prognostic stratification of another HER2+ breast 
cancer cohort (n = 92). b, ROC curve demonstrating the superior performance 
of HisToSpatialCNV compared with conventional classification analysis in 
distinguishing early-stage (stages 1 and 2) versus late-stage (stages 3 and 4) 
HER2+ cancers. c, Hierarchical clustering of the additional cohort of HER2+ 
breast cancer patients, based on the proportions of 3 spatial clusters identified 
from K-means clustering. The heat map reveals 4 distinct patient subtypes 

(determined using the elbow method). Colour intensity represents cluster 
proportion percentage from 0% (light yellow) to 100% (dark maroon).  
d, Kaplan–Meier survival analysis demonstrating significant differences 
in disease-free survival for subtype 2 compared to the other 3 subtypes. 
e, Differential CNV analysis comparing patient subtype 2 versus the other 
subtypes. The dot plot displays differentially altered genes, ranked by statistical 
significance (−log10(P value)). f, Hallmark pathway enrichment analysis of genes 
with significant CNVs in e. Schematic in a created in BioRender; Garmire,  
L. https://biorender.com/jv8nhn1 (2026).
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For this we applied the model to H&E images from 2 breast cancer 
patients in the Human Tumor Atlas Network (HTAN) WashU cohort69. 
These patients have coupled whole-exome sequencing (WES) data. 
Following the approach of ref. 19, we used the CNVs obtained from the 
WES data as the ground truth. As shown in Fig. 6b, HisToSpatialCNV 

achieved a macro-average AUC of 0.651 ± 0.019 (range 0.615–0.671) 
and a macro-average F1 score of 0.471 ± 0.071 among 9 H&E tissue 
sections. These consistent results confirm that HisToSpatialCNV can 
meaningfully predict spatial CNVs directly from H&E images, based 
on experimentally measured CNV ground truth.
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To test the cross-platform applicability of HisToSpatialCNV, we 
applied a model pretrained on HER2+ breast cancer data from the 
Visium platform (Fig. 2a) to predict high-tumour-content regions in 
3 HER2+ breast cancer samples generated using the Xenium platform 
across two independent studies70,71. For compatibility, we aggregated 
Xenium single-cell profiles into pseudo-Visium spots to match the 
Visium-scale resolution following a previously described strategy72. 
HisToSpatialCNV achieved good separation between CNV classes, 
with macro-average AUCs of 0.734, 0.656 and 0.682 on the 3 samples, 
respectively (Fig. 6c).

Finally, we tested HisToSpatialCNV on brain cancer, which may 
have more complexity than breast cancer and cSCC tissues. We used a 
publicly available brain cancer Visium dataset73 comprising 49 tissue 
sections from 7 patients. As shown in Fig. 6d, HisToSpatialCNV achieved 
the highest macro-average AUC of 0.692 ± 0.044 and a macro-average 
F1 score of 0.431 ± 0.033 across the 5-fold cross-validation, outper-
forming all other top 5 benchmarked methods in Fig. 2a previously:  
OmiCLIP35, mclSTExp34, GHIST31, TCGN30 and Hist2ST29. Thus, we con-
clude that HisToSpatialCNV can be generalized to more heterogene-
ous and morphologically complex tumour types such as brain cancer. 
Moreover, the attention map by HisToSpatialCNV highlights the region 

of high weights of CNVs, which covers the core of the tumour (with high 
tumour cellularity), and surrounding regions that already have somatic 
CNVs, a phenomenon well observed before13 (Supplementary Fig. 10). 
The HisToSpatialCNV predictions show good concordance with pathol-
ogist annotations (ROC-AUC = 0.809, P = 2.85 × 10−131), confirming the 
value of spatially inferred CNVs.

Discussion
In this study, we introduce HisToSpatialCNV, a novel deep-learning 
model designed to infer spatial CNVs from histological images alone. 
HisToSpatialCNV uniquely fills a major void area relating histopathol-
ogy and spatial CNVs. Unlike spatial transcriptomics, currently, experi-
mental methods that enable unbiased, genome-wide measurement 
of spatial CNVs directly from tissues are not widely adopted yet. At 
the same time, other computational methods either predict spatial 
gene expression rather than spatial CNVs from histopathology, predict 
bulk CNVs without spatial resolution from histopathology, or predict 
CNVs from spatial transcriptomics rather than from histopathology. 
We exemplified the utilities of HisToSpatialCNV using datasets from 
HER2+ breast cancer and cutaneous squamous cell carcinoma (cSCC). 
In addition, HisToSpatialCNV facilitates a wide variety of functional 
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Fig. 6 | Generalization of the HisToSpatialCNV model across datasets and 
platforms. a, Validation results of the pretrained HisToSpatialCNV HER2+ 
model on 6 other HER2+ breast cancer samples (F1–F3 and G1–G3) in the same 
study25, showing consistent predictability across samples. b, Evaluation of 
HisToSpatialCNV HER2+ model against whole-exome sequencing (WES)-derived 
CNV ground truth. The HisToSpatialCNV model was directly applied to H&E 
images from 2 HTAN WashU breast cancer patients that have 9 tissue sections. 
c, Cross-platform evaluation of the HisToSpatialCNV HER2+ model results on 
Xenium samples. The Visium-trained HisToSpatialCNV HER2+ model was applied 

to 3 HER2+ breast cancer Xenium samples, whose single-cell profiles were 
aggregated into pseudo-Visium spots to match the training resolution. d, Radar 
plot showing the performance metrics of the HisToSpatialCNV model and other 
methods on a brain cancer dataset73. The other methods are the top 5 baseline 
methods selected on the basis of their CNV prediction results on the HER2+ 
and cSCC datasets in Fig. 2a. The performance metrics include AUC, F1 score, 
sensitivity and specificity. Figure created in BioRender; Garmire,  
L. https://biorender.com/6vi8d1x (2026).
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applications such as individualized subclone identification, phy-
logenetic tree inference and population-level new patient subtype 
identification. All of these highlight the potential clinical utility of 
HisToSpatialCNV-based spatial CNV prediction.

HisToSpatialCNV demonstrated high accuracy across both data-
sets after comprehensive benchmarking, even much better than the 
current popular foundation models (FMs) that claim to predict spatial 
gene expression well35. As a task-specific (spatial CNV) prediction tool, 
it is not surprising that HisToSpatialCNV outperforms other single-cell 
FMs for spatial gene expression. Similar observations were also shared 
by others, in that single-cell FMs currently do not necessarily out-
perform established task-specific methods across all downstream  
tasks74–77. HisToSpatialCNV owes its success to the underlying algo-
rithm and multiple architecture designs. Technically, HisToSpatialCNV 
employs a sequential architecture that progressively processes rep-
resentations from interpretable features to spatial context to global 
dependencies. The model incorporates a jumping knowledge network 
with LSTM aggregation within its GNN module, which integrates rep-
resentations from multiple graph convolution layers to capture both 
local and extended spatial neighbourhoods. Unlike methods that apply 
transformers for initial feature extraction, HisToSpatialCNV posi-
tions the multihead self-attention mechanism after spatial structure 
has been established through the GNN, enabling more contextually 
informed modelling of long-range dependencies between spatially 
distant regions. This design maintains the benefits of global attention 
modelling while avoiding the computational overhead of full trans-
former encoders. Ablation studies confirmed that both the ResMLP and 
MHSA modules contribute significantly to prediction accuracy, with 
their removal resulting in a notable performance drop. Furthermore, 
CellProfiler20-based feature extraction achieved accuracy comparable 
to or exceeding those of ResNet-50 and the foundation model-based 
UNI method, reinforcing the value of interpretable, handcrafted fea-
tures in enhancing both performance and explainability.

Some key strengths of HisToSpatialCNV lie in its interpretability 
and its ability to support rich downstream functional analyses. By 
incorporating CellProfiler20-derived features, such as cell shape, size, 
intensity and texture, the model offers biologically meaningful and 
human-interpretable metrics that go beyond black-box predictions. 
These interpretable features not only enhance model transparency 
but also enable detailed characterization of spatial CNV patterns. 
Moreover, the MHSA mechanism allows visualization of the most 
relevant regions for prediction tasks, with spatial patterns in the 
H&E images aligning with the tumour annotations from pathologists. 
This provides an opportunity to examine H&E images that may assist 
pathologists. In addition, HisToSpatialCNV facilitates downstream 
applications, including spatial clustering, subclone identification, 
phylogenetic inference, patient subtyping and prognosis prediction, 
which can better inform oncologists for personalized and precise 
treatment consideration.

Specifically, visualizations of spatial CNV distributions and their 
alignment with tissue states reinforce the biological relevance of the 
predictions. For instance, in the HER2+ model, key genes such as CDH1 
(ref. 37), MIIP38, FADS2 (ref. 39) and SOX4 (refs. 40,41) (Fig. 2e), pre-
dicted with good accuracies of CNV alteration, are highlighted for 
their roles in breast cancer progression and metastasis. Downstream 
analyses of HisToSpatialCNV prediction, including subclone cluster-
ing, pathway enrichment and phylogenetic reconstruction, allow 
precise characterization of the tumour. For example, in HER2+ breast 
cancer, subclone 3 exhibits distinct CNV patterns (Fig. 4d) and a highly 
aggressive phenotype characterized by amplification of oncogenic 
regions and loss of tumour suppressors such as DUSP3 (refs. 52,78) 
(Fig. 4f). Confirming this, subclone 3 also displays strong upregula-
tion of MYC-target-related, E2F and PI3K/AKT/mTOR signaling path-
ways, suggesting high proliferative potential. In short, besides clinical 
applications, HisToSpatialCNV also offers opportunities to examine 

in-depth the biological and molecular-level dysfunctions among sub-
clones, which is impossible to obtain using H&E images alone.

Some limitations of this study should be noted. First, due to the 
lack of experimentally measured spatial CNVs as the ground truth, 
our initial benchmarking relied on CNV states inferred from spatial 
transcriptomics data using inferCNV, which may introduce some 
biases. This is due to the fact that expression-based CNV inference 
methods such as inferCNV17 estimate large-scale chromosomal altera-
tions from coordinated gene expression shifts, rather than direct DNA 
measurements. Noise in gene expression (for example, low coverage), 
particularly in smaller CNV segments or regions with heterogeneous 
expression patterns, is likely to introduce inaccuracy in CNVs79,80. As a 
result, it is possible that HisToSpatialCNV learns patterns specific to 
inferCNV in addition to true CNV signals. To mitigate potential system-
atic biases, we used tumour versus non-tumour region labels as priors 
when applying inferCNV. As the histopathology heat maps highlighting 
regions enriched for informative CNVs showed good concordance with 
pathologist-annotated tumour core regions, spatial CNV estimates 
using HisToSpatialCNV does provide a certain level of confidence. To 
address the limitation of using inferred CNV from spatial transcriptom-
ics data as the ground truth, we additionally validated HisToSpatialCNV 
against the CNV ground truth derived from whole-exome sequencing 
(WES) data of the HTAN cohort. Results demonstrated lower but still 
consistent performance (AUC = 0.65) compared with the CNVs inferred 
from spatial transcriptomics. However, it should be noted that WES 
provides bulk genomic measurements rather than spatially matched 
single-spot profiles, hence it may underestimate the true accuracy. 
Related to this issue, the other baseline methods benchmarked here, 
including TCGN, mclSTExp, OmiCLIP, GHIST, Hist2ST, iSCALE, His-
ToGene, ST-Net and iSTAR, follow a two-stage framework as they are not 
spatial CNV inference methods but spatial gene expression inference 
methods. Therefore, inaccuracy in spatial transcriptomics inference 
from these methods could propagate together with the inaccuracy in 
CNV inference from spatial transcriptomics data. In comparison, HisTo-
SpatialCNV avoids the intermediate gene-expression reconstruction 
step, which contributes to improved performance in CNV inference.

Moreover, HisToSpatialCNV models are currently trained on 
spot-resolution Visium spatial transcriptomics data, given their 
predominant sizes and availability among current spatial transcrip-
tomics platforms. However, real-world applications will inherently 
involve cross-dataset and cross-spatial transcriptomics technology 
settings. Although we showed preliminary applicability of the HisTo-
SpatialCNV HER2+ model to Xenium datasets, broader testing on 
fine-grained applications (for example, phylogenetic reconstruction 
and pathway enrichment) are needed in the future. At subcellular 
resolution, increased technical variability and sparsity in gene expres-
sion measurements may require additional more-granularized model 
construction. Thus, refinement and harmonization with other spatial 
transcriptomics technologies (for example, Xenium, CosMx, MERFISH 
or Slide-seqV2) need to be carried out as a follow-up study, following a 
similar technique recently done by others81. Despite these limitations, 
we demonstrated that HisToSpatialCNV can predict spatial CNVs in 
new patient samples, identify subtypes in a new population cohort 
(for example, TCGA HER2+ patients), as well as reveal spatial CNVs in 
complex cancers, as exemplified by brain cancer.

In addition, HisToSpatialCNV is a task-specific model that trains 
and evaluates within a specific cancer type, rather than being a foun-
dation model. The latter (for example, OmiCLIP) has been shown to 
have poorer comparative performance (Fig. 2a). As different can-
cer types harbour distinct CNV landscapes and histomorphological 
features, cross-cancer CNV prediction is not as clinically motivat-
ing, unless they share the same developmental origin (for example, 
gastric and colon cancers). Achieving broader cross-cancer gen-
eralizability would require a foundation model kind of paradigm, 
with large-scale pan-cancer pretraining. However, the size of paired 
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histology and spatial transcriptomics datasets across cancer types 
is currently still very modest. For example, HEST-1K72 includes fewer 
than 350 cancer samples in total, with limited representation of vari-
ous cancer types (often fewer than 10 samples or none). In addition, 
variability in the quality of paired H&E images may affect the perfor-
mance of the foundation model. Nevertheless, it could be a future 
direction as sample sizes continue to grow and data quality continues  
to improve.

In conclusion, HisToSpatialCNV represents a substantial 
advancement in spatial CNV prediction, with high accuracy, easy 
interpretability and immediate clinical relevance. By leveraging graph 
neural networks and attention mechanisms, the model effectively 
captures both molecular and spatial patterns, providing a compre-
hensive framework for studying tumour evolution and heteroge-
neity. Applying HisToSpatialCNV to population-level H&E images 
of cancer samples will likely uncover new patient subtypes with 
distinct phenotypes.

Methods
Data collection
All datasets used in this study are publicly available and can be accessed 
through the links provided in the Data availability section.

Spatial transcriptomics datasets and preprocessing
To evaluate the performance of our model in predicting copy number 
variations, we utilized two human spatial transcriptomics datasets. 
These datasets include whole-slide images of H&E-stained tissue with 
spatial coordinate information and corresponding gene expression 
data. Specifically, we used the HER2+ breast tumour dataset25 with 26 
selected slides from 5 patients, and another cutaneous squamous cell 
carcinoma26 dataset with 9 selected slides from 3 patients. We con-
ducted preprocessing to filter out genes with low variability, and then 
intersected genes common across all samples within each dataset. As a 
result, 2,562 genes remained in the HER2+ dataset and 540 genes were 
kept in the cSCC dataset. Since pathologist-annotated CNV data are 
unavailable for these datasets, we inferred CNV status using InferCNV17 
as the ‘ground truth’. Spots with gene counts below 5% were filtered 
out before analysis. The count and annotation files were input into the 
inferCNV tool to infer CNVs.

For the HER2+ and cSCC datasets, we extracted 224 × 224-pixel 
patches centred on the spatial coordinates of each spot. To ensure 
data quality, we applied two filtering criteria: removing spots con-
taining fewer than 300 detected genes and eliminating genes that 
showed no mutations across all spots in the dataset. We then reor-
dered the remaining genes according to their genomic coordinates 
for subsequent analysis.

inferCNV preprocessing and settings
For CNV inference, we used immune infiltrate as the reference set. 
The run() function was executed with the following parameter values: 
cut-off = 0.1, cluster_by_groups = TRUE, denoise = TRUE, HMM = TRUE, 
write_expr_matrix = TRUE and HMM_type = ’i3’.

Cellprofiler settings
CellProfiler20 was used to extract features from H&E images. It begins 
with the ‘UnmixColors’ module, which separates histological stains 
for enhanced visualization of tissue components. The ‘IdentifyPri-
maryObjects’ module identifies cellular structures, followed by the 
‘IdentifySecondaryObjects’ module which detects cell bodies sur-
rounding the identified primary objects. A comprehensive feature 
extraction pipeline is implemented with modules, including ‘Measure
ObjectSizeShape’ for quantifying morphological characteristics, 
‘MeasureTexture’ for analysing textural patterns within objects, ‘Meas-
ureColocalization’ for evaluating spatial relationships between differ-
ent markers, ‘MeasureGranularity’ for assessing granular patterns at 

different scales, and ‘MeasureImageAreaOccupied’ for calculating the 
fraction of image occupied by identified objects. This approach gener-
ated 2,952 interpretable features, providing insights into the biological 
and morphological characteristics for analysis tasks.

HisToSpatialCNV
The proposed model HisToSpatialCNV architecture, illustrated in 
Fig. 1, introduces a novel sequential refinement approach specifi-
cally designed for multiclass CNV prediction. Unlike existing meth-
ods that process raw image patches directly, our framework begins 
with biologically interpretable morphological features extracted 
from 224 × 224-pixel histopathology images using CellProfiler. This 
ensures that subsequent predictions remain grounded in meaningful 
cellular and tissue characteristics. These features are mapped into 
a 1,024-dimensional embedding space using a 3-layer residual mul-
tilayer perceptron with LayerNorm and ReLU activation. This step 
refines the raw image features into embeddings that preserve spatial 
context, making them suitable for graph-based learning. Simultane-
ously, CNV data along with spatial coordinates are used to construct 
a weighted adjacency matrix. The mapped image features and spot 
location information are then fused and passed into the GNN module, 
which employs jumping knowledge networks with LSTM aggregation to 
preserve intermediate representations from each layer. Node features 
are iteratively updated by aggregating information from neighbouring 
nodes via the adjacency matrix, with the LSTM dynamically learning to 
fuse multiscale spatial features. This process effectively captures both 
local neighbourhood information and higher-order spatial dependen-
cies, encoding relational context into the node features. Following 
GNN processing, a multihead self-attention mechanism is integrated 
to capture global dependencies and complex node interactions. Unlike 
existing approaches that use transformers for initial feature extraction, 
this mechanism operates on graph-refined features, allowing each node 
to globally attend to others with spatial context and enabling adaptive 
weighting of distant relationships. Finally, the prediction head employs 
a normalized MLP to output CNV predictions across three categories 
for each spatial location.

Feature extraction module
Depending on the size and complexity of the dataset, HisToSpatialCNV 
provides three types of feature extraction module: the CellProfiler20 
module, the ResNet-50 (ref. 42) module and the UNI43 module. The 
CellProfiler module is suitable for smaller datasets, while the ResNet-50 
module is better suited for larger datasets, and the UNI module is opti-
mized for medical domains.

Unlike deep-learning models such as ResNet-50, which require 
extensive datasets to generalize effectively, CellProfiler can extract 
meaningful features from smaller datasets. Its extracted features, 
such as size, shape, intensity and texture, have direct physical inter-
pretations, making the results explicit and interpretable. In addition, 
CellProfiler employs deterministic algorithms, ensuring consistency 
and reproducibility across runs. Its transparency facilitates the iden-
tification of important features, helping to determine which features 
are closely linked to CNV events.

Residual multilayer perceptron module
We introduced a ResMLP module, which consists of a three-layer 
residual multilayer perceptron equipped with layer normalization 
(LayerNorm) and ReLU activation functions. Residual connections 
enable the network to learn identity mappings, effectively mitigating 
the vanishing gradient problem often encountered in deep neural 
networks and facilitating the training of deeper architectures. Com-
pared to traditional MLPs, the residual connections in this module 
enhance its ability to learn rich feature representations while main-
taining efficient training dynamics. These connections enable the 
network to learn modifications to the input features, rather than 
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completely relearning them. The formula for the residual connection 
is shown below:

h1 = x + ReLU (LayerNorm (W1x + b1)) (1)

h2 = h1 + ReLU (LayerNorm (W2h1 + b2)) (2)

z = W3h2 + b3 (3)

where: x ∈ ℝd  is the input feature vector, h1,h2 ∈ ℝd  are the hidden 
representations, z ∈ ℝ1024 is the output embedding, W1,W2 ∈ ℝd×d  are 
weight matrices for the hidden layers, b1,b2 ∈ ℝd  are bias vectors for 
the hidden layers, W3 ∈ ℝ1024×d  and b3 ∈ ℝ1024  are the weight matrix  
and bias vector for the output layer, LayerNorm (⋅)  denotes the layer 
normalization operation, and ReLU (⋅)  is the rectified linear unit 
activation function.

Graph neural network
To effectively capture CNV relationships between spots, we intro-
duced a GNN architecture designed to model both the local and global 
structures of the graph through multilevel feature aggregation. The 
network uses image feature matrices as node attributes and the adja-
cency matrix to define the connectivity between nodes. By integrat-
ing flexible neighbourhood aggregation, deep stacking and adaptive 
layer-wise feature integration via a jumping knowledge network with 
an LSTM aggregator, the model learns complex relationships among 
nodes by fusing multilevel information. This approach enhances the 
representation capacity of image features embedded within the graph 
structure, enabling more accurate CNV predictions.

We first constructed a spatial adjacency matrix based on the 
Euclidean distances between nodes, represented by their 2D coordi-
nates. This matrix defines connections between nodes within a speci-
fied distance or proximity, allowing the creation of a graph structure 
that reflects spatial relationships. More specifically, we first calculated 
the distances between one node and all other nodes, forming a distance 
matrix, which can be expressed as:

distMati,j = √(px − qx)
2 + (py − qy)

2 (4)

where px, py and qx, qy are the x and y coordinates of nodes p and q, 
respectively. The adjacency matrix incorporates both k-nearest neigh-
bours and distance thresholding. For each node, we first identified its 
k-nearest neighbours as:

res [i] = argsort (distMati,) [∶ k + 1] (5)

where k represents selected nearest neighbours. In addition, 
we applied a distance threshold to ensure that connections are 
spatially meaningful:

Adji, j = {
1, if distMati, j ≤ 2.0and j ∈ res [i]

0,otherwise
(6)

This dual criterion ensures that connections in the graph repre-
sent meaningful spatial relationships, balancing both proximity and 
distance constraints. Once the graph structure is established through 
the adjacency matrix, we can leverage this spatial information within 
our graph neural network architecture. The constructed adjacency 
matrix encodes the neighbourhood relationships that will guide the 
message-passing process, allowing information to flow between spa-
tially proximal nodes. The node feature matrix and adjacency matrix 
are used as inputs to the graph convolutional layer. This layer aggre-
gates neighbourhood features using a mean pooling strategy, combin-
ing and transforming node features based on the structural encoding 

represented by the adjacency matrix. The operation can be effectively 
expressed as:

H(l)
neigh = Aggregate (H(l−1),A) (7)

H(l)
Combined = Combine (H(l−1),H(l)

neigh) (8)

H(l) = ReLU (H(l)
CombinedW

(l)⊤) (9)

where l denotes the number of layers, A ∈ ℝN×N  represents the adja-
cency matrix, H(l) ∈ ℝN×E  is the node feature matrix at layer l, and 
W(l) ∈ ℝE×D  is the weight matrix for layer l. After processing through  
all layers, we collected the outputs from each layer to capture multi-
scale representations. For each node i, the sequence of its representa-
tions across layers was treated as a time series and passed through an 
LSTM network to learn how to combine these representations. The 
LSTM process can be expressed as:

Si = LSTM (h(1)i ,h(2)i ,… ,h(L)i ) (10)

where Si ∈ ℝL×E  represents the hidden states of the LSTM for node i, 
and h(l)i ∈ ℝE is the feature vector of node i at layer l. Finally, the embed-
ding for each node is obtained by averaging the hidden states of the 
LSTM across all layers:

hfinal
i = 1

L

L
∑
l=1
S(l)i (11)

where S(l)i ∈ ℝE  represents the hidden state for node i at the lth step of 
the LSTM processing.

Multihead self-attention mechanism
After the GNN aggregates information from immediate neighbours 
and updates node features to capture local structural information, 
we applied the MHSA mechanism. This mechanism enhances the node 
feature representations by capturing global dependencies across the 
graph. To fully leverage the complex relationships inherent in the graph 
structure, it is crucial to allow nodes to attend to all other nodes. The 
MHSA mechanism enables each node to weigh and aggregate informa-
tion from every other node, capturing remote interactions and global 
context, as described by:

MHSA (Q,K,V) = Concat (head1,… ,headh)WO (12)

where each attention head is computed as:

headi = Attention (QWQ
i ,KW

K
i ,VW

V
i ) (13)

and the attention mechanism is defined as:

Attention (QWQ
i ,KW

K
i ,VW

V
i ) = Softmax(

(QWQ
i ) (KW

K
i )

⊤

√dk
)VWV

i (14)

where Q, K and V are the query, key and value matrices, respectively, 
and h represents the number of attention heads. WO is the output 
projection matrix, Concat (⋅)  denotes the concatenation of the  
outputs from all h heads, WQ

i , WK
i , WV

i  are weight matrices, and dk is the 
dimension of the key vectors.

Loss function and training strategy
In this study, we addressed the issue of imbalanced CNV data by employ-
ing the focal loss function24, which is specifically designed to mitigate 
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class imbalance in classification tasks. CNV datasets often exhibit 
severe class imbalance, with certain CNV states being more prevalent 
than others. The focal loss function reduces the impact of class imbal-
ance by emphasizing harder-to-classify samples. It is mathematically 
defined as:

Focal Loss (pt) = −αt(1 − pt)
γlog (pt) (15)

where pt  denotes the model’s estimated probability for the true class 
label, αt  represents a weighting factor for the class t, and γ is the focus-
ing parameter. In addition, we employed a LOOCV strategy to enhance 
the robustness and generalizability of our model. In LOOCV, one of the 
N slides is left out each time to serve as the testing dataset, while the 
remaining slides are used for training. The imputed CNV data are then 
compared to the original ST data. This method is particularly effective 
for small datasets.

Performance comparison with other models
Model performance was evaluated using a leave-one-out 
cross-validation strategy at the tissue-section level due to the lim-
ited number of available spatial transcriptomics samples. In each 
LOOCV iteration, one tissue section was held out as an independent 
test sample, while all the other sections were used for model training. 
Model architectures and hyperparameters were fixed before LOOCV 
iterations. Performance was primarily assessed using the AUC and 
the MCC. Metrics were computed for each held-out tissue section and 
subsequently aggregated across all LOOCV iterations to summarize 
overall model performance. Compared methods included ST-Net27, 
HisToGene28, Hist2ST29, TCGN30, mclSTExp34, GHIST31, iSCALE32 and 
iSTAR32, as well as the pretrained foundation model OmiCLIP35. For 
fair comparison, all task-specific baseline methods were evaluated 
under the same LOOCV data splits and evaluation protocol as those 
for HisToSpatialCNV. For the foundation model OmiCLIP35, the default 
parameter setting was used. Since these methods use histopathology 
images to predict spatial gene expression rather than spatial CNV, their 
outputs were converted to CNV states using inferCNV, with identical 
preprocessing steps and parameter settings across all methods as well 
as those generating the CNV ground truth.

Application of HisToSpatialCNV to the TCGA cohort
To assess the applicability of HisToSpatialCNV beyond spatial tran-
scriptomics datasets, we directly applied the model trained on 
the HER2+ Visium cohort25 earlier to histopathology images from 
the TCGA cohort82. Specifically, we analysed 92 HER2+ breast can-
cer samples from a previously published TCGA subset in which 
whole-slide H&E images were manually annotated by pathologists 
to delineate tumour and non-tumour regions64. Whole-slide images 
were processed using the same preprocessing and patch extrac-
tion pipeline as used for spatial transcriptomics data. Briefly, H&E 
slides were divided into non-overlapping 224 × 224-pixel image 
patches, and features were extracted using the same feature extrac-
tion module as in the spatial datasets. These patches were treated 
as pseudo-spots to generate dense spatial CNV predictions across  
the tissue.

Predicted CNV states at each pseudo-spot were subsequently 
used for downstream analyses, including spatial embedding construc-
tion, patient stratification, pathway enrichment analysis and survival 
analysis, as described in the Results section. This strategy enabled the 
direct transfer of a HER2+-trained spatial CNV prediction model to a 
large independent cohort, facilitating exploratory analysis of spatial 
CNV patterns and their clinical relevance in breast cancer. Among the 
92 TCGA HER2+ samples, 2 were removed by the single-patient cluster 
filter during K-means clustering and 9 lacked disease-free survival 
information, leaving 90 samples for spatial cluster analysis and 81 for 
Kaplan–Meier survival analysis.

Graph convolutional network (GCN)-based spatial domain 
identification
To identify spatial domains from predicted spatial CNV, we constructed 
a spatial graph for each slide using the Python package SpaGCN83. 
CNV data were first log normalized, followed by principal component 
analysis (PCA). The resulting PCA scores were used as graph node 
features, while spatial coordinates defined the adjacency matrix as 
graph edges. This graph was input into a GCN trained with a predefined 
number of clusters. A spatially informed embedding was extracted 
from the trained GCN and used for Leiden clustering84, yielding spatial 
domain partitions.

Validation against CNV ground truth measured from 
whole-exome sequencing
To validate HisToSpatialCNV predictions against direct genomic 
measurements, we used the preprocessed data from 2 breast cancer 
patients (HT206B1 and HT268B1) in the HTAN (WashU cohort), shared 
by Ma et al. who developed CalicoST19. For these patients, whole-exome 
sequencing data from tumour and matched adjacent tissues were 
available, along with the H&E histopathology data. We used HATCHet2 
(ref. 85) to infer clone-specific copy number states, which were dis-
cretized into 3 categories: deletion (total copy number < 1), neutral 
(total copy number = 1) and amplification (total copy number > 1). 
Since WES provides bulk-level CNV profiles without spatial localiza-
tion, we applied K-means clustering to the predicted CNV profiles 
to delineate spatially coherent regions. We then used the Hungar-
ian algorithm to optimally match predicted clusters to WES-derived 
clones, based on L2 distance, as done in ref. 19. Clusters corresponding 
to normal tissue were excluded from evaluation. Predictive perfor-
mance was assessed using macro-average AUCs and F1 scores across the  
3 CNV classes.

Functional downstream analysis
For downstream analysis of the predicted spatial CNV, we used the 
R package ‘TUSCAN’86 to perform tumour versus non-tumour spot 
identification. Spatial domain identification was conducted using a 
GNN-based approach. We constructed phylogenetic trees using the 
R package ‘phangorn’87 with the parsimony method to infer clonal 
relationships. Differential CNV analysis between subclones was per-
formed using Fisher’s exact test88, with significant genes filtered using 
thresholds of P < 0.05 and odds ratio > 1.5 to identify cancer-associated 
genes with subclone-specific alterations. For pathway analysis, we 
conducted gene set enrichment analysis (GSEA) using the MSigDB 
Hallmark89 gene set for both HER2+ breast cancer and cSCC datasets. 
Additional functional enrichment analysis for TCGA data integration 
was performed using the Python package ‘erichr’90.

Evaluation metrics
We employed the AUC to evaluate the model’s ability to discriminate 
between CNV classes and adopted the MCC to evaluate the model’s 
classification quality. AUC values range from 0 to 1, allowing evalu-
ation of the model’s performance across all classification thresh-
olds. MCC values range from −1 to +1 and offer a correlation-based 
evaluation sensitive to all types of error, making them suitable 
for assessing overall classification quality. MCC can be expressed  
as follows:

MCC =
c × s −∑K

k=1pk × tk

√(s2 −∑K
k=1p

2
k) × (s2 −∑K

k=1t
2
k)

(16)

where K denotes number of classes, s represents the total number of 
samples, c represents the total number of correctly classified samples, 
pk  represents predicted samples for class k, and tk  represents actual 
samples for class k.
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Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used in this study are publicly available. The human HER2+ 
breast tumour spatial transcriptomics data, including images and 
spatial information used in this study, are available in GitHub at https://
github.com/almaan/her2st. The human cutaneous squamous cell car-
cinoma 10x Visium data, including images and spatial information used 
in this study, are available from the Gene Expression Omnibus (GEO) 
under accession number GSE144240 (https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE144240). The human glioblastoma Visium 
data are available at https://www.gbmspace.org/. The breast cancer 
whole-exome sequencing (WES) data from the HTAN cohort are avail-
able via Zenodo at https://doi.org/10.5281/zenodo.14175627 (ref. 91). 
The HER2+ breast cancer patient samples generated on the Xenium 
platform are available from GEO under accession number GSE243280 
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE243280) 
and from the 10x Genomics Datasets portal (https://www.10xgenomics.
com/datasets/xenium-ffpe-human-breast-biomarkers). The TCGA 
breast cancer cohort data used for validation can be accessed from 
the GDC Data Portal at https://portal.gdc.cancer.gov/projects/TCGA-
BRCA. The inferred CNV data used as ground-truth input to train HisTo-
SpatialCNV generated in this study are available via Zenodo at https://
doi.org/10.5281/zenodo.20141481 (ref. 92). Source data are provided 
with this paper.

Code availability
The software used to generate the results reported in this study is 
the subject of a pending patent application (U.S. provisional patent 
application number 63/875) filed by The University of Michigan 3 
September 2025 in the United States. The source code is not currently 
publicly available. Any inquiries expressing interest in this technology 
should be directed towards the University of Michigan’s technology 
transfer office. The code can be available to academic researchers for 
non-commercial research purposes upon reasonable request.
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