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Abstract

Spatial transcriptomics (ST) is an emerging technology that
enables medical computer vision scientists to automatically
interpret the molecular profiles underlying morphological
features. Currently, however, most deep learning-based
ST analyses are limited to two-dimensional (2D) sections,
which can introduce diagnostic errors due to the hetero-
geneity of pathological tissues across 3D sections. Ex-
panding ST to three-dimensional (3D) volumes is challeng-
ing due to the prohibitive costs; a 2D ST acquisition al-
ready costs over 50 times more than whole slide imaging
(WSI), and a full 3D volume with 10 sections can be an
order of magnitude more expensive. To reduce costs, sci-
entists have attempted to predict ST data directly from WSI
without performing actual ST acquisition. However, these
methods typically yield unsatisfying results. To address this,
we introduce a novel problem setting: 3D ST imputation
using 3D WSI histology sections combined with a single
2D ST slide. To do so, we present the Anatomy-aware
Spatial Imputation Graph Network (ASIGN) for more pre-
cise, yet affordable, 3D ST modeling. The ASIGN archi-
tecture extends existing 2D spatial relationships into 3D by
leveraging cross-layer overlap and similarity-based expan-
sion. Moreover, a multi-level spatial attention graph net-
work integrates features comprehensively across different
data sources. We evaluated ASIGN on three public spatial
transcriptomics datasets, with experimental results demon-
strating that ASIGN achieves state-of-the-art performance
on both 2D and 3D scenarios. The code for this paper is
publicly available1.

1. Introduction
The rapid advancement of spatial transcriptomic (ST) has
provided researchers with an unprecedented capability to
characterize spatial gene expression patterns at both the

1Code Availability: https://github.com/hrlblab/ASIGN

Figure 1. ASIGN presents a novel problem setting for 3D spa-
tial transcriptomic (ST). Unlike recent methods that focus on ei-
ther (a) directly predicting 2D ST from 2D WSI or (b) performing
a full 3D WSI to 3D ST prediction, our proposed ASIGN method
generates a 3D ST volume by combining 3D WSI histology sec-
tions with a single 2D ST slide. This approach provides a balanced
solution—more precise than “free but less accurate” 3D predic-
tions, yet far more affordable than the “precise but prohibitively
expensive” acquisition of full 3D ST for every slide.

tissue and cellular levels [4, 7], transforming our under-
standing of human tissue development and clinical diag-
nosis [3, 12, 19]. However, current spatial transcriptomics
methods [11, 27, 32] are laborious and costly. This, cou-
pled with the need for specialized equipment and expertise,
limits their practical applications in real clinical settings.

The features of histopathological images are closely cor-
related with gene expression patterns [2], which offers an
opportunity to directly predict spatial transcriptomic ex-
pression from images. Driven by the widespread adoption
of deep learning models in medical field [12, 16, 25, 41], re-
cently, several studies have employed architectures such as
convolutional neural networks (CNNs) [9, 12, 35, 36] and
graph neural networks (GNNs) [15, 23, 38] to predict spa-
tial transcriptomic expression from histopathological two-
dimensional whole-slide images (WSIs). These methods
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incorporate spatial dependencies [35] and image similari-
ties [23], enabling predictions at the WSI level. These ap-
proaches provide new pathways for analyzing single-layer
tissue sections.

However, there are still many daunting limitations in
existing methods and training strategies. First, current
approaches only rely on two-dimensional (2D) views of
single-layer sections for spatial transcriptomic analysis and
training, which neglects the rich structural information of
organs and tissues in three-dimensional (3D) space. It might
lead to diagnostic errors due to the heterogeneity of patho-
logical tissues across 3D sections. Moreover, existing mod-
els exhibit noticeable deficiencies in generalizability, espe-
cially at the WSI level. This is mainly due to significant
variance in gene expression across patients [28, 33]. Ad-
ditionally, variations in staining styles [6, 26] and technical
discrepancies in sequencing methods [40] across different
data sources further contribute to this issue. Consequently,
the performance of these models is often degraded when
applied to new samples.

In this paper, We introduce an Anatomy-aware Spatial
Imputation Graph Network (ASIGN) tailored for 3D ST
analysis within a novel problem framework as is described
in Figure 1. Unlike recent approaches that either predict
2D ST directly from 2D WSI or perform full 3D WSI to
3D ST prediction, ASIGN creates the 3D ST volume by in-
tegrating 3D WSI histology sections with a single 2D ST
slide. This method strikes a balance between “free but less
accurate” 3D predictions and the “precise yet prohibitively
costly” acquisition of full 3D ST on a slide-by-slide basis.
ASIGN provides a new cost-effective route towards 3D ST,
achieving a significant cost reduction while maintaining ro-
bust performance.

To do so, ASIGN employs multiple registration methods
to establish inter-layer overlaps at the 3D sample level, ef-
fectively constructing spot connections across samples. It
also integrates a Multi-Level Spatial Attention Graph Net-
work (MSAGNet) to enhance information fusion across lay-
ers, neighboring regions, and resolutions, enabling com-
prehensive feature integration. Additionally, ASIGN shifts
training and prediction from an entirely unknown 2D WSI
level to a partially known 3D sample level. To improve
the imputation performance, we introduce a Cross-layer Im-
putation (CLI) block that propagates labels from known to
unknown layers, enhancing the model’s generalizability on
unseen tissue samples.

Our contributions can be summarized as three folds:
• We introduce a new learning paradigm that shifts from

2D WSI-ST predictions to partially known 3D volumet-
ric WSI-ST imputation. This is facilitated by a Cross-
layer Imputation (CLI) block, which propagates informa-
tion across layers to achieve more precise, yet affordable,
3D ST modeling.

• We present ASIGN, a novel framework for 3D ST predic-
tion that transforms isolated 2D spatial relationships into
a cohesive 3D structure through inter-layer overlap and
similarity, integrating 3D spatial information into 3D ST
imputation.

• A new multi-level spatial attention graphic network is
proposed to facilitate comprehensive feature integration
across different layers, neighboring regions, and multi-
ple resolutions, thus enabling precise sample-level pre-
dictions.

Figure 2. Overall framework of our proposed ASIGN ap-
proach. ASIGN begins with a global alignment process to esti-
mate overlap and similarity across layers, constructing 3D graph
connections. Then, MSAGNet, integrated within ASIGN, en-
hances information fusion across layers, neighboring regions, and
resolutions for comprehensive feature integration. Finally, a CLI
block propagates predictions from partially known labels, which
are weighted with MSAGNet’s model predictions to generate the
final output.

2. Related Work
2.1. Deep Learning Approaches for ST Prediction
The advancement of artificial intelligence in recent years
has provided powerful tools for medical image analysis [8,
17, 18, 35]. Deep learning methods have led to the emer-
gence of various approaches for spatial gene expression pre-
diction [9, 12, 23, 35, 36, 38]. ST-Net [12] is the earliest
proposed method. It employs a transfer learning strategy
and uses DenseNet121 [14] as the backbone to train a patch-
to-spot regression model for predicting gene expression.
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Figure 3. Architecture of MSAGNet and the CLI block. MSAGNet comprises cross-attention layers, GAT blocks, and Transformer
layers to integrate and aggregate features across multiple resolution levels, 3D sample levels, and patch-self levels, respectively. The CLI
block employs a label propagation strategy to diffuse known labels to unknown patches. A self-adaptive weighting mechanism merges the
final results from both MSAGNet and the CLI block.

Following this, mainstream methods have primarily fo-
cused on leveraging image similarity [35, 36] and spatial
relationships [23, 38] to enhance model performance. EGN
[36] introduces an exemplar learning mechanism to dynam-
ically select the most similar point within the WSI for a tar-
get point. In contrast, BLEEP [35] utilizes a bi-modal em-
bedding architecture to estimate gene expression at queried
points by identifying similar expression profiles. However,
variations in staining styles and specimen preparation can
lead to significant differences at the gene expression level
for points identified through image similarity. This limits
generalization capability when models encounter entirely
new, unseen samples.

On the other hand, methods such as HisToGene [23] and
His2ST[38] enhance performance by incorporating spatial
relationships between spots within a single-layer WSI, uti-
lizing Transformers and graph neural networks to capture
global and neighborhood spatial information. TRIPLEX [9]
introduces multi-resolution information centered on spots,
integrating spatial information between patches and WSIs
for prediction. However, these methods are limited to
single-layer 2D spatial relationships and overlook the over-
all distribution of tissues in 3D space, thereby constraining
a comprehensive understanding of spatial interactions.

In contrast, our proposed ASIGN framework leverages
the integration of 3D-level information associations and
sample-level training strategies to better capture the spatial
distribution of information, thus significantly enhancing the

generalization capability for cross-sample predictions.

2.2. 3D ST Analysis and Label Imputation
As spatial transcriptomics technology has gradually devel-
oped in recent years, some studies have successfully con-
structed 3D spatial transcriptomic data for the mouse brain
[22] and cancer tissues [1]. Researchers conducted an in-
depth analysis of 3D spatial transcriptomic data to construct
a dynamic map of tissue changes across temporal and spa-
tial dimensions, revealing the pathways of disease progres-
sion [34] and the complex mechanisms of gene expression
and spatial structural changes during organismal develop-
ment [20, 31].

However, building up a 3D ST dataset is extremely
costly. To narrow this gap, other studies have attempted
to use this 3D spatial transcriptomic information to re-
construct and predict gene expression patterns. Existing
3D spatial transcriptomic methods primarily align differ-
ent slice layers using gene-level expression similarities be-
tween spots [30, 37]. For example, PASTE [37] employs
Gromov-Wasserstein optimal transport to probabilistically
align neighboring slices based on transcriptional and spa-
tial similarities. Stitch3D [30] uses a graph neural network
to map gene expression and spatial data from multiple slices
into a shared latent space to reconstruct 3D spatial transcrip-
tomic. However, due to deformation and displacement dur-
ing slicing, spot-level 3D reconstruction often fails to cap-
ture true spot distributions. BLEEP [35] proposes query-
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reference imputation to directly weight and predict labels
for unknown spots, but information shifts between spots and
questionable query reliability have limited its effectiveness.

On the contrary, our approach performs registration at
the WSI level to avoid spot-level deformation and displace-
ment. We also optimize label information by combining
deep learning with a cross-layer imputation block to im-
prove label imputation accuracy.

3. Method
3.1. Overall Framework
Our proposed ASIGN architecture consists of three main
components, including 3D graph construction, MSAGNet,
and the CLI block. Figure 2 shows the whole process of our
ASIGN framework. First, we align the original 2D single-
layer WSIs using a global alignment method to estimate
cross-layer overlap and similarity, thereby facilitating the
construction of spot-level 3D graph connections. Then, we
leverage MSAGNet to integrate multi-resolution image in-
formation and incorporate 3D spatial relationships, enhanc-
ing the model’s representation capabilities. Finally, the CLI
module propagates known labels to unknown spots, com-
bining adaptive weights with model predictions to generate
the final results.

3.2. 3D Graph Construction
WSI-wise alignment is a critical prerequisite for obtaining
3D information distribution. First, we utilize XFeat [24]
to extract features from each WSI sample and align them
using Advanced Normalization Tools (ANTs) [29]. We take
the middle layer of each sample as a reference for image
registration.

After alignment, for the j-th spot in the i-th layer, de-
noted as sij , we draw a circle centered at its midpoint, de-
noted as cij . Subsequently, we calculate the spatial connec-
tion weight between this point and any spot spq on other
layers using Intersection over Union and cosine similarity,
as follows:

epqij =
|cij ∩ cpq|
|cij ∪ cpq|

+
c⃗ij · c⃗pq

∥c⃗ij∥ × ∥c⃗pq∥
(1)

where c⃗ij is the extracted feature from cij . For spots sik
on the same layeri, we employ the Euclidean Distance to
compute their connection weight, defined as eikij . Finally,
for each sij , we select the Top-k values of epqij and eikij to
build up connections with spots other layers and current
layer respectively. Then the constructed 3D graph is uti-
lized in the training of MSAGNet.

3.3. MASGNet
Figure 3 illustrates the network structure of MSAGNet and
the CLI block. To effectively integrate multi-level infor-
mation, MSAGNet leverages cross-attention layers to fuse

features from multi-resolution patches and employs a GAT-
Transformer block to aggregate sample-level 3D informa-
tion. Subsequently, a regression head generates predictions
for each resolution level independently.

3.3.1. Hierarchical Fusion of Multi-Level Features
For each spot s, the paired images consist of spot-level,
region-level, and global-level patches, denoted as is, ir, and
ig respectively. A pretrained ResNet50 [13] is employed as
the encoder for the feature extraction process to obtain fea-
tures at different resolution levels, denoted as fs, fr, and
fg . To reduce computational costs, we follow the approach
proposed by TRIPLEX [9] and freeze the parameters of the
encoders for ir and ig , only updating the parameters of the
spot-level encoder.

We employ a cross-attention layer to incorporate infor-
mation from fr and fg into fs, optimizing the representa-
tion of fs by aligning multi-source information. Taking the
fusion with region-level information as an example, we treat
fs as the query matrix and fr as the key and value matrices.
The fused feature f ′

s is given by the following formula:

f ′
s = softmax

(
fsf

T
r√
d

)
fr (2)

where
√
d is a scaling factor based on the feature dimension.

Similarly, we can obtain the fused feature f ′′
s by aligning fs

with global-level information. Finally, we concatenate the
features from the three levels to obtain the fused multi-level
feature F , represented as:

F = concat(fs, f ′
s, f

′′
s ) (3)

3.3.2. Spatial-aware Graph Attention Block
To integrate feature information in 3D space, we employ a
Spatial-aware Graph Attention Block that combines multi-
layer Graph Attention Networks and Transformer layers to
achieve feature fusion.

Based on the 3D graph construction strategy proposed in
Section 3.1, we establish edge connections for each resolu-
tion level, forming a graph structure in the following GAT
block for processing. Taking the feature Fi corresponding
to spot si as an example, after rounds of graph convolution,
the processed feature F ′

i is expressed as follows:

F′
i =

∥∥∥∥K
k=1

σ

 ∑
j∈N (i)

αk
ijW

kFj

 (4)

where N (i) denotes the set of neighboring nodes,
∥∥∥∥ rep-

resents the concatenation operation of multi-head attention,
σ is the activation function, αk

ij is the attention weight of
the k-th attention head, and Wk is a linear transformation
matrix determined by the connections between nodes.
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The outputs F ′
i from each round are concatenated and,

together with features processed at the Global-level and
Region-level, are fed into a Transformer layer to achieve
flexible information aggregation. Finally, a regression head
generates predictions for the global-level, region-level, and
spot-level, denoted as pg , pl, and ps respectively.

3.4. Cross-layer Imputation
To further enhance the generalization capability of the 3D
framework, we introduce a Cross-layer Imputation block
designed to propagate known gene expression label infor-
mation from one layer to unknown spots in other layers.
For nodes with known labels, their labels remain fixed dur-
ing the propagation process. For an unknown node ni, the
prediction result p′i after t+ 1 iterations can be given as:

p′
(t+1)
i =

∑
j∈N (i) αj · eij · p′(t)j∑

j∈N (i) eij
(5)

where N (i) denotes the set of neighbors of node i, αj is a
learnable weight for node j, eij represents the edge weight
between node i and its neighboring node j as mentioned in
Section 3.1, and p′

(t)
j is the label distribution of neighboring

node j at the t-th iteration. The denominator
∑

j∈N (i) eij
serves as a normalization factor.

Subsequently, we combine the model prediction results
and the imputation results using an adaptive weight α,
yielding the final spot-level prediction result p′s given by:

p′s = α · ps + (1− α) · p′i (6)

3.5. Loss Function
We adopt a hybrid loss function to optimize the model’s in-
tegration and learning of multi-level information. The over-
all loss function consists of multi-level prediction loss (Lp)
and multi-level consistency loss (Lc). The multi-level pre-
diction loss evaluates the discrepancy between the model’s
predictions and the true labels. At the spot level, we use
Mean Squared Error (MSE) and Pearson Correlation Co-
efficient loss (PCC loss) to assess the model’s prediction
performance. For the region-level and global-level, we only
use PCC loss (P ) to estimate the model’s prediction per-
formance, thereby avoiding the introduction of extra noise.
Therefore, Lp can be described as:

Lp = MSE(ps, ys) +
∑

i=s,r,g

λi · P (pi, yi) (7)

where s, r, and g represent spot-level, region-level, and
global-level, respectively. pi and yi denote the model’s pre-
dictions and labels, and λi is a hyperparameter used to bal-
ance the PCC loss across resolutions.

We further constrain the predictions across different res-
olutions by a cross-resolution consistency loss. Since the

gene expressions of patches at different resolutions share
similar trends, we employ PCC loss to assess the differ-
ences between spot-level prediction and region-level as well
as global-level predictions. Lc is formulated as:

Lc = λ1 · P (ps, pr) + λ2 · P (ps, pg) (8)

Thus, the overall loss of the model L is described as:

L = γ1 · Lp + γ2 · Lc (9)

where γ1 and γ2 are hyperparameters used to balance the
two losses and are set as 1 in the following experiments.

4. Data and Experiments
Dataset and pre-processing procedure. We utilized three
public datasets for fair cross-validation: two breast cancer
datasets [1, 12] and one human dorsolateral prefrontal cor-
tex (DLPFC) dataset [20]. The HER2-positive breast tu-
mor dataset is referred to as HER2, while the other breast
dataset proposed by ST-Net is denoted as ST-Data. The
HER2 dataset consists of 4 samples with 6-layer sections
and 4 samples with 3-layer sections, and a total of 13,620
spots. The DLPFC dataset contains 3 samples with 4-layer
sections and 42,474 spots. For optimal global alignment,
we selected 16 three-layer samples from the 23 available
samples in ST-Data, totaling 41,544 spots.

With over 20,000 original gene dimensions, predicting
all gene expressions from histological image patches is im-
practical. Therefore, we referred to the method mentioned
in ST-Net [12] selecting the top 250 genes with the high-
est average expression for prediction. The normalization of
gene expression values was performed following the strat-
egy proposed by TRIPLEX [9], with a proportional normal-
ization followed by a log transformation.

We cropped patches at different levels into sizes: spot-
level, region-level, and global-level, with dimensions 224×
224, 512×512, and 1024×1024 pixels, respectively. Spot-
level patches were centered on the spot, while other patches
used overlaps to find corresponding spot patches.
Evaluation metrics. The Pearson correlation coefficient
(PCC), mean squared error (MSE), and mean absolute er-
ror (MAE) is employed as the evaluation metrics to provide
a comprehensive assessment of the models’ performance in
gene expression prediction tasks.
Implementation. The experiments were conducted using
two NVIDIA RTX A6000 GPU cards. We utilized an SGD
optimizer configured with a momentum of 0.9 and a weight
decay parameter set to 10−4. The initial learning rate, de-
noted as lr0, was set to 10−4. A cosine decay strategy was
applied to reduce the learning rate to 0.01 of its initial value
during training. We employed a batch size of 256 for train-
ing and fine-tuned the hyperparameters λ1, λ2, λs, λr, and
λg in our hybrid loss function to values of 0.25, 0.25, 0.75,
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Table 1. Quantitative comparisons in both 2D WSI-wise and 3D Sample-wise methods across different public datasets.

Dimension Model HER2[1] DLPFC[20] ST-Data[12]

MSE MAE PCC MSE MAE PCC MSE MAE PCC

2D WSI-wise

ST-Net[12] 0.663 0.633 0.430 0.496 0.552 0.738 0.804 0.705 0.517
EGN [36] 0.580 0.585 0.442 0.401 0.490 0.757 0.674 0.644 0.554

HisToGene[23] 0.669 0.644 0.432 0.348 0.472 0.753 0.575 0.598 0.552
BLEEP [35] 0.743 0.665 0.340 0.304 0.429 0.737 0.581 0.590 0.496
His2ST [38] 0.591 0.591 0.441 0.409 0.494 0.764 0.534 0.568 0.539

ASIGN 2D (Ours) 0.579 0.590 0.476 0.275 0.411 0.766 0.528 0.566 0.552

3D Sample-wise
Overlap 0.461 0.532 0.625 0.292 0.422 0.749 0.447 0.525 0.663

Similarity 0.449 0.517 0.649 0.278 0.412 0.762 0.579 0.548 0.696
ASIGN 3D (Ours) 0.363 0.473 0.693 0.353 0.458 0.773 0.332 0.459 0.739

0.5, and 0.5, respectively. We set the ratio of known labels
as 0.2 in the CLI block to achieve the ideal performance.
The top k selection for 3D graph construction is set as 8 for
inter-layer spots and 12 for cross-layer spots.

4.1. Experimental Setting
Sample-level cross-validation strategy We performed
cross-validation at the sample level across the three datasets,
utilizing four-fold cross-validation for HER2 and ST-Data,
and three-fold cross-validation for DLPFC to account for
dataset size differences. During validation, one layer was
selected as the known label layer and included in the train-
ing set, while other unknown layers were reserved for the
test set. This approach ensures that all models have equi-
table access to known information, thereby maintaining a
consistent and fair evaluation framework and allowing for
a comprehensive assessment of model performance across
varying data distributions.
Baseline methods We benchmarked our model’s perfor-
mance against current SOTA methods, including 1) 2D-
level CNN-based models such as ST-Net [12], EGN [36],
and BLEEP [35], and 2) 2D-level Transformer and GNN-
based networks like HisToGene[23] and His2ST[38]. Ad-
ditionally, we designed and introduced two 3D-based impu-
tation methods inspired by PASTE [37], which utilize spot
overlap information and patch similarity to enhance predic-
tions. All baseline models were trained and evaluated under
consistent conditions for fair comparison.

5. Results
5.1. Empirical Validation
The cross-validation performance of different baseline
models across three datasets is summarized in Table 1. Our
proposed ASIGN framework consistently outperformed ex-
isting approaches in terms of MSE, MAE, and PCC met-
rics across both the 2D WSI level and the 3D sample
level experiments, with particularly strong results observed

for the ASIGN 3D model. For instance, in the HER2
dataset, known for its high inter-sample heterogeneity, the
ASIGN 3D model achieved MSE, MAE, and PCC val-
ues of 0.363±0.054, 0.473±0.053, and 0.693±0.091, re-
spectively. This marks a substantial improvement over
other methods, such as the 3D similarity-based approach
(PCC = 0.649±0.130) and the 2D EGN model (PCC =
0.442±0.152). These results indicate that the ASIGN
framework is particularly adept at capturing complex data
relationships that are critical for accurate modeling in het-
erogeneous datasets.

Moreover, the boxplot presented in Figure 4 highlights
the generalization capability and prediction stability of the
models under cross-dataset validation. Our ASIGN archi-
tecture exhibited the smallest prediction deviation across
different datasets, underscoring its robust cross-sample pre-
diction generalization capabilities. As it ensures consistent
performance across diverse patient data, further enhancing
the framework’s practical value.

This significant improvement stems from the ASIGN
framework’s exceptional ability to accurately capture and
integrate multi-dimensional information through the con-
struction of cross-layer connections, rather than focusing
solely on intra-layer information as is typical with exist-
ing methods. The ASIGN framework also facilitates the
effective propagation of known layer information into un-
explored regions, thereby enhancing the model’s general-
ization ability and providing a more applicable approach to
clinical uses.

5.2. Cancer Marker Gene Expression Prediction
We identified two key cancer markers, Human Epidermal
Growth Factor Receptor 2 (ERBB2) [10, 21] and Midkine
(MDK)[5, 39], which are highly associated with HER2 and
have significant clinical relevance, to evaluate the model’s
applicability in real clinical scenarios.

Figure 5 visualizes the spatial distribution of ERBB2 and
MDK in WSIs, along with the MSE metrics of different
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Figure 4. Quantitative comparison between different methods. This figure presents the box plot of different methods with Pearson
correlation coefficient (PCC), mean squared error (MSE), and mean absolute error (MAE). Welch’s t-test is used to assess the statistical
significance of differences between other method and ASIGN. P-values below 0.05 are considered significant and are annotated with ∗.

models for these critical genes. Our model achieved the
lowest MSE for ERBB2 and MDK, at 0.1421 and 0.1791,
respectively. In contrast, some 2D-based methods, such
as HisToGene (0.8200) and His2ST (0.7410), failed to ef-
fectively predict these key cancer markers due to signifi-
cant variance in cross-sample prediction, underscoring their
limitations in capturing cross-sample spatial heterogeneity.
By comparison, our ASIGN framework was able to nearly
replicate the gene expression spatial distribution of these
key markers, demonstrating its robustness and superior ca-
pacity to capture complex patterns. This makes it more ap-
plicable for use by pathologists in clinical practice and fur-
ther enhances its practical utility in real-world scenarios.

5.3. Ablation Study
We designed three sets of ablation experiments to verify
the effectiveness and necessity of each module within the
ASIGN framework. These experiments include 1) the com-
parison between 2D-based and 3D-based graph construc-
tion 2) the network functional block, and 3) the CLI block
and the proportion of known labels

We adhered to the cross-validation procedure employed
in the comparison experiments to ensure a fair evaluation
of the ablation study. We trained the models on the HER2
dataset using identical hyperparameter settings, which al-
lowed us to objectively assess the impact of each module
and isolate their individual contributions to the overall per-
formance of ASIGN.
Function blocks in ASIGN The experimental results for
the ablation study of the functional blocks incorporated in
ASIGN are shown in Table 2. The cross-attention layer
for fusing multi-resolution features and the GAT blocks for
capturing 3D spatial information improved the PCC met-
ric from 0.659 to 0.677 and 0.686, respectively. Moreover,
when both blocks were utilized together, the model’s perfor-
mance further increased to 0.693. Notably, the benefits from
the two blocks are orthogonal, enabling ASIGN to achieve

optimal performance when both are employed together.
This indicates that the cross-attention layer plays a cru-

cial role in effectively integrating 2D multi-resolution in-
formation, enabling the model to capture and align details
at different scales. Meanwhile, the GAT blocks are respon-
sible for processing and handling 3D spatial information,
providing an additional layer of contextual understanding
through 3D spatial relationships. By strategically combin-
ing these multi-level and multi-source features, the model
can develop a more holistic data representation.

Table 2. Ablation study for functional blocks in ASIGN

Functional Blocks MSE MAE PCC

w.o GAT & Cross-atten 0.674 0.531 0.659
w.o Cross-atten 0.578 0.692 0.686
w.o GAT 0.466 0.627 0.677
w. Both blocks 0.363 0.473 0.693

CLI block and proportion for known labels. Table 3 il-
lustrates the impact of different proportions of known la-
bels on the model’s predictive performance. When the CLI
block is introduced to propagate known labels to unknown
labels, the model’s performance sees a significant improve-
ment, with the PCC metric increasing from 0.635 to 0.693.
This underscores the essential role of the CLI block and la-
bel imputation in enhancing the effectiveness of our pro-
posed ASIGN framework.

Additionally, as the proportion of known labels contin-
ues to increase, the model’s performance progressively im-
proves. Once the proportion of known labels reaches the
range of 20-30%, the model performance stabilizes, indi-
cating convergence. This suggests that when the proportion
of known labels reaches a certain threshold, increasing sim-
ilarity difference and spatial distance will introduce addi-
tional noise and limit gains, thus affirming that a relatively
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Figure 5. Qualitative comparison between different methods. This figure presents the ST imputation performance for predicting the
distribution of cancer markers, specifically (A) ERBB2 and (B) MDK, within the WSIs. The MSE between the ground truth and the
predicted values is presented for each model.

small proportion of known labels can yield optimal predic-
tive outcomes within our proposed ASIGN framework.

Table 3. Ablation study for CLI block and known label proportion

Proportion of Known Label MSE MAE PCC

w. 0% (w.o CLI) 0.622 0.606 0.635
w. 10% 0.542 0.563 0.677
w. 20% (ASIGN) 0.363 0.473 0.693
w. 30% 0.397 0.492 0.708
w. 40% 0.439 0.512 0.703

Comparison of 2D and 3D graph construction. Table 4
compares the performance of 2D-based and 3D-based graph
construction on the HER2 dataset. After incorporating 3D
spatial information, the model’s PCC score significantly in-
creased from 0.476 to 0.635. This demonstrates that adding
an extra spatial dimension allows the model to better cap-
ture gene correlations using 3D spatial information and re-
construct the true three-dimensional structure of tissues.
Consequently, this wealth of comprehensive information al-
lows for a more detailed and precise analysis of gene ex-
pression patterns, significantly enhancing the model’s pre-
dictive capability and overall accuracy, thus making reliable
predictions across diverse datasets.

Table 4. Ablation study for graph construction

Graph Construction MSE MAE PCC

2D WSI-wise 0.579 0.590 0.476
3D Sample-wise 0.622 0.606 0.635

6. Conclusion
We propose a new learning paradigm for 3D ST model-
ing that imputes full 3D volumetric ST data using 3D WSI
sections combined with a single 2D ST acquisition. This
approach provides a balanced solution—more precise than
“free but less accurate” 3D predictions, yet far more af-
fordable than the “precise but prohibitively expensive” ac-
quisition of full 3D ST for every slide. To this end, our
ASIGN framework integrates multi-level features, combin-
ing local multi-resolution patches with global 3D sample-
wise graph connections to enhance prediction and imputa-
tion outcomes. Experimental results demonstrate ASIGN’s
superior performance and robust generalization in cross-
sample validation across multiple public datasets, signifi-
cantly improving the PCC metric for gene expression tasks
from ≈0.5 with existing methods to ≈0.7. ASIGN offers
a promising pathway to achieve accurate and cost-effective
3D ST data for real-world clinical applications.
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convolution of her2-positive breast cancer delineates tumor-
associated cell type interactions. Nature communications, 12
(1):6012, 2021. 3, 5, 6

[2] Jordan T Ash, Gregory Darnell, Daniel Munro, and Bar-
bara E Engelhardt. Joint analysis of expression levels and
histological images identifies genes associated with tissue
morphology. Nature communications, 12(1):1609, 2021. 1

[3] Michaela Asp, Stefania Giacomello, Ludvig Larsson,
Chenglin Wu, Daniel Fürth, Xiaoyan Qian, Eva Wärdell,
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