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Abstract. Deep learning–based nuclei analysis in histopathology relies
heavily on large-scale, expert-curated datasets that are costly and diffi-
cult to scale across organs. To address this, we propose a scalable frame-
work leveraging cell-level spatial transcriptomics (ST) as an alternative
supervision source for nuclei classification. Cell-level ST provides both
gene expression profiles and nucleus masks, enabling automatic genera-
tion of image-label pairs without manual annotation. We convert gene
expression into cell-type labels and introduce an image-oriented classifi-
cation strategy to effectively transfer these identities to histopathology
images. Evaluated on unseen tissues, our framework achieves comparable
segmentation and classification performance compared with conventional
supervised approaches, despite using fewer manually annotated datasets.
Code is publicly available at https://github.com/naivete5656/CDGE.
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1 Introduction

Automated nuclei segmentation and classification from pathology images are fun-
damental tasks in computational pathology and quantitative precision medicine.
Despite the remarkable progress of deep neural networks [15, 13, 6, 30], their per-
formance critically depends on large-scale pixel-level annotations. In histopathol-
ogy, generating such annotations is labor-intensive, costly, and subject to sub-
stantial inter-observer variability, thereby limiting scalability across diverse or-
gans and clinical settings [12]. Reducing reliance on manually curated pixel-level
dataset remains a central challenge.

To address this limitation, we propose a Cross-modal automatic supervision
task, in which cell-level gene expression profiles obtained from spatial transcrip-
tomics (ST) serve as supervisory signals for nuclei segmentation and classifi-
cation. Emerging ST platforms, such as Xenium [18], simultaneously acquire
H&E-stained images, DAPI-stained nuclear images, and spatially resolved gene
expression measurements from the same tissue section.

Although generating new cell-level ST data remains costly, paired image–
molecular datasets are increasingly released and aggregated in reusable public
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resources. Driven by strict research data policies from publishers [23, 26] and
massive tissue-mapping consortia such as the Human BioMolecular Atlas Pro-
gram (HuBMAP) [27, 17], a vast amount of multimodal ST data is continuously
deposited into public domains and curated bio-repositories [20, 3]. However, there
is currently no established framework for deriving reliable image-level classifica-
tion labels directly from ST data.

We propose a practical training framework that leverages ST data for pathol-
ogy image analysis. DAPI-derived nuclear masks are used as segmentation labels,
while class labels are inferred from gene expression profiles. Since transcriptomic
taxonomy is often finer-grained than morphology-based categories, we define
image-level classes according to clinically established pathology classifications.
To handle ambiguity arising from measurement noise and the continuous na-
ture of gene expression, we introduce an explicit Unknown category for cases
where confident assignment is not feasible. Following pathological classification
taxonomy, we adopt a two-stage classification strategy that explicitly models
neoplastic identification.

We first evaluate segmentation robustness by assessing generalization to pre-
viously unseen organs and comparing with models trained on manually anno-
tated datasets. We then evaluate classification performance and compare our
labeling strategy with existing gene expression–based cell-typing approaches,
demonstrating the effectiveness of the proposed task formulation.

The main contributions of this study are as follows:

– We formulate nuclear segmentation and classification using spatial transcrip-
tomics as a cross-modal weakly supervised (cross-modal automatic) learn-
ing problem, and position ST as a reusable, potentially scalable supervision
source.

– We propose a practical label generation framework with a hierarchical design
and an explicit Unknown category to mitigate label noise.

– We demonstrate improved segmentation generalization to unseen organs and
superior classification performance compared with existing transcriptomics-
based labeling strategies.

2 Related Work

Cell Nuclei Segmentation. Nuclei segmentation and classification in H&E-
stained histopathology images is a core task in computational pathology. Early
methods relied on handcrafted processing techniques [6, 30]. With the availability
of large annotated datasets [22, 11, 14], deep learning has become the dominant
paradigm. Instance-aware models such as HoVer-Net [13] and CellViT [15] ad-
dress overlapping nuclei by jointly modeling segmentation and structural cues.

However, these approaches require extensive pixel-level expert-curated dataset.
In contrast, we leverage spatial transcriptomics (ST) as weak supervision.
Nuclei Segmentation with Spatial Transcriptomics. Recent work has ex-
plored segmentation methods tailored to ST data. SCS [5] and RNA2seg [8] learn
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segmentation directly from gene expression signals. Multimodal approaches, such
as GeneSegNet [31] and BIDCell [24], integrate gene expression with histological
images to improve segmentation accuracy.

While effective, these methods require gene expression measurements at in-
ference time, which may limit generalizability across platforms.
Cell-Type Annotation in Spatial Transcriptomics. Cell-type annotation
in ST largely builds on methods developed for single-cell RNA sequencing [7].
Marker-based approaches assign cell identities using predefined gene signatures
[1, 2], but their performance depends on the robustness of selected markers.
Reference-based methods, including cell2location [21], RCTD [4], and SPOT-
light [9], leverage scRNA-seq data to infer cell-type composition in ST data.
These approaches require appropriate reference datasets, whose availability and
transferability may be limited across tissues and disease conditions.

Importantly, these methods are primarily designed for molecular analysis and
are not designed for image classification.

3 Cross-modal Weak Supervised Learning

We formulate nuclear segmentation and classification in histopathology as a
cross-modal weakly supervised learning problem, where spatial transcriptomics
(ST) provides supervisory signals without manual pixel-level annotation.

Let (S, {(bj , gj)}Ncell
j=1 ) denote the data acquired using a Xenium platform [18],

where S is a high-resolution whole-slide image (WSI) obtained from tissue type
t, bj is nuclear boundary mask derived from DAPI staining, and gj is the corre-
sponding gene expression profile with gj ∈ RNg .

Since transcriptomic measurements provide molecular characterization rather
than image-level class labels, we define a mapping ϕ : RNg → Y, that converts
each gene expression vector gj into a discrete cell-type label yj ∈ Y. This process
yields cell-level labels {yj}Ncell

j=1 inferred from molecular information rather than
manual image annotation.

To enable model training, we partition the WSI S into image patches {xi}
Npatch

i=1 .
For each patch xi, we define the index set Ji = {j | bj ∩ xi ̸= ∅}, which contains
the nuclei located within the spatial extent of xi. The resulting training dataset is

given by D =
{
xi, t, {(bj , yj)}j∈Ji

}Npatch

i=1
, where each patch is associated with

the tissue type t, nuclear segmentation masks {bj}j∈Ji
, transcriptomics-derived

cell-type labels {yj}j∈Ji
. Given D, the objective is to train a deep neural net-

work fθ : xi 7→
(
M̂i, Ŷi

)
, that jointly predicts a nuclear segmentation map M̂i,

a set of nucleus-level class predictions Ŷi.
The supervision is weak in the sense that segmentation masks and class labels

are not manually annotated from histopathology images, but instead derived
automatically from ST measurements.
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Fig. 1: Overview of proposed framework.

4 Spatial Transcriptomics–Guided Model Training

An overview of the proposed framework is shown in Fig. 1. Following the for-
mulation above, the pipeline consists of two steps: 1) dataset generation from
ST observations, and 2) training a joint segmentation and classification model.
Instead of manually curated cell-type labels, pseudo-labels are derived in three
stages: gene expression clustering, marker-based cluster classification, and neo-
plastic refinement.

In this study, we design the classification taxonomy with the objective of
enabling multi-organ recognition based on Pannuke dataset [11]. Although not
covered in this study, alternative classification taxonomy can also be adopted
depending on the target application, such as organ-specific subtype classification
designed by Lizard [14] or PUMA [25] datasets.

Unlike PanNuke, which defines a Dead category, we alternatively introduce an
Unknown label in our classification scheme. This class is intended to include cells
with unstable or unreliable observations, as well as samples for which confident
assignment to a specific category is difficult.

This design is motivated by the nature of gene expression measurements:
transcriptomic profiles form a continuous spectrum rather than strictly separable
clusters, and the reliability of expression measurements is not uniform across all
cells. By incorporating an explicit Unknown category, we aim to account for
ambiguity and variability inherent in the observed molecular data.

4.1 Dataset Generation from Spatial Transcriptomics

Based on the defined classes, we adopt a hierarchical classification strategy fol-
lowing the PanNuke taxonomy.
Transcriptomic Clustering. For each ST sample, cells are clustered based
on their gene expression profiles using the Leiden algorithm [29], applied to a
nearest-neighbor graph constructed in principal component space. The resulting
cluster assignment cj ∈ {1, . . . ,K} is used as a proxy for cell identity.
Marker Gene-Based Cluster Classification. For each cluster k, we compute
differentially expressed genes (DEGs) using the Wilcoxon rank-sum test. The
top-N ranked genes {gk1 , . . . , gkN} are then matched against two marker gene
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databases: PanglaoDB [10], CellMarker [16]. These databases provide mappings
from individual genes to known cell types, which are further mapped to four
coarse categories, C = {Epithelial, Inflammatory, Connective, Unknown}, based
on name matching.

For each gene gkl at rank l, a category vote vector v(gkl ) ∈ R|C| is re-
trieved from the databases. The cluster-level category score is computed as
sk =

∑N
l=1(M−l)v(gkl ), where the weight (M−l) implements rank-based down-

weighting, giving higher-ranked DEGs greater influence. The predicted category
for cluster k is ĉk = argmaxc∈C s

k
c . The final cell-level label yj is determined by

propagating the cluster-level prediction to all cells belonging to that cluster.
If total votes skc fall below τvote, fallback classification uses the full database.

Clusters with insufficient marker evidence are labeled Unknown and treated as
unlabeled during training.
Neoplastic Refinement. Clusters initially classified as Epithelial undergo a
secondary evaluation to distinguish normal epithelial cells from neoplastic (can-
cer) cells. We construct two neoplastic-related gene sets from CellMarker and
CancerSEA [32]. The fraction of the top-M DEGs overlapping with a curated
set of cancer-associated genes is computed. If this ratio exceeds a threshold
τcancer, the cluster is re-labeled as Neoplastic.

Unlabeled or unclassified cells are assigned the Unknown label and are ex-
cluded from the supervised loss during training.

4.2 Training of Nuclei Segmentation and Classification Model

Given a patch image xi, its nuclear masks and estimated cell-type, and the tis-
sue label t, denoted as Yi = {(bj , yj)}j∈Ji , we train a nuclei segmentation and
classification model. We use CellViT [15]. It has an encoder–decoder structure
with three branches for nuclei-related predictions: (1) nuclei probability (binary
segmentation), (2) horizontal and vertical distance maps, and (3) nuclei type
classification, as well as one additional branch for tissue classification. For train-
ing, we convert the Yi into a binary nuclei mask B ∈ RH×W , horizontal and
vertical distance maps D ∈ RH×W×2, and a nuclei type mask S ∈ RH×W×C .

Ltotal(xi,Yi, t) = LNP(xi, B) + LHV(xi, D) + LNT(xi, S) + LTC(xi, t), (1)

where LNP, LHV, LNT, and LTC denote the loss functions for each branches.
For the nuclei type classification loss LNT, pixels annotated as Unknown are
excluded from the loss computation.

5 Experiments

Implementation details. To ensure a fair comparison and reproducibility, all
hyperparameters were set to the default CellViT configuration for training on
the PanNuke dataset [15]. Specifically, we used the same optimizer, learning
rate schedule, input patch size, loss functions, and number of training epochs
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Table 1: Dataset statics. *: patches were randomly sampled from more than
20,000 whole-slide images (WSIs) for PanNuke.

Dataset Split Num. of tissues Num. of slide Patches Nuclei

HEST1K (ST-based) Train 9 51 373,214 6,643,746
PanNuke (Manual) Validation 19 *200,000 7,901 196,468
Seg.-Eval. (HEST1K) Test 4 8 73,091 3,704,652
Cls.-Eval. Test 1 1 10,238 219,342

Table 2: Segmentation evaluation on Seg.-Eval. comparing supervised (trained
on PanNuke dataset) and Ours.

Model Dice ↑ Jaccard ↑ bPQ ↑ F1 ↑ Prec. ↑ Recall ↑

CellViT (PanNuke) 0.6350 0.5220 0.4148 0.7492 0.7155 0.7862
CellViT (HEST1K, Ours) 0.6585 0.5510 0.4018 0.7562 0.7028 0.8183

as described in the official implementation for PanNuke. The batch size was
set to 256, as the number of patches in our dataset is larger than in PanNuke.
We set the clustering resolution to r = 4.0. For gene voting, the top-N = 10
differentially expressed genes (DEGs) were used for classification with rank-based
weighting enabled. For the neoplastic check, the top-M = 20 DEGs were used,
with thresholds of τvote = 5 and τcancer = 0.25.
Dataset. Table 1 summarizes the dataset statistics: HEST1K [20] for training,
PanNuke [11], Seg.-Eval, and Cls.-Eval [19, 18]. Model training was conducted
on HEST1K (ST-based), which provides whole-slide H&E images, DAPI-derived
nuclear masks, and cell-level gene expression profiles obtained via Xenium. Val-
idation was performed on the PanNuke dataset, which contains expert-curated
nucleus instance segmentation masks and annotations for five cell types (Neoplas-
tic, Inflammatory, Connective, Dead, and Epithelial). To ensure a fair compari-
son, experiments were restricted to the tissues shared by HEST1K and PanNuke
(Breast, Colon, Kidney, Liver, Lung, Ovarian, Pancreatic, Prostate, Skin, and
Stomach), and the same PanNuke validation split was used for all methods.
Segmentation Evaluation (Seg.-Eval.). Segmentation generalization was
evaluated on four organs from HEST1K that are not included in Training dataset.
Classification Evaluation (Cls.-Eval.). For classification evaluation, we used
a manually annotated breast cancer Xenium dataset [19, 18], which also includes
whole-slide images, masks, and gene expression data. Since the manual annota-
tion included 14 fine-grained labels, we mapped them to four cell types based
on cell type: Neoplastic, Inflammatory, Connective, and Epithelial. As there was
no label corresponding to dead cells, the “Dead” category was excluded.
Evaluation of Segmentation Performance. We evaluated the segmentation
performance on unseen organs by comparing a model trained on the PanNuke
dataset [11] with our model trained using spatial transcriptomics data. For a
rigorous comparison, both models utilized the identical CellViT architecture,
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Fig. 2: Example of generated masks.

with the PanNuke baseline trained according to official data splits. Validation
was conducted on the corresponding folds as detailed in the Dataset section.

Tables 1 and 2 summarize the dataset statistics and segmentation results,
respectively. While the PanNuke baseline was fully supervised across 19 organs,
the proposed HEST1K model was trained on 9 organs. Despite the smaller num-
ber of slides and organs, HEST1K leverages substantially more nuclear instances
per slide via DAPI-derived masks, thereby facilitating dense supervision.

As demonstrated in Table 2, the proposed method achieves performance com-
parable to the PanNuke baseline. Notably, the most significant improvement is
observed in Recall, which increased from 0.7862 to 0.8183 (+0.0321). This sug-
gests enhanced robustness in detecting true nuclei within unseen organs.

Furthermore, DAPI-derived nuclear masks from Xenium data provide dense,
spatially aligned supervision that improves detection accuracy. Given that these
annotations are automatically generated, the framework is inherently scalable
and stands to benefit from the incorporation of additional data.
Evaluation of Classification Performance. For cell-type classification, we
compared our method with four reference-free approaches. Reference-based meth-
ods were excluded because they require organ-specific scRNA-seq datasets, whose
availability varies across tissues. We evaluated: (1) a top-down approach im-
plemented [28], which assigns cell identities based on the average expression
of predefined gene sets; (2) UCell [2], a rank-based gene signature enrichment
method; (3) AUCell [1], which computes enrichment using the area under the
recovery curve; and (4) CellAssign [33], a Bayesian model that assigns cell types
based on marker genes. The same marker gene databases were used across all
methods. As an ablation study, we also evaluated a variant without hierarchi-
cal classification of neoplastic cells (w/o Hier). To compare with conventional
supervised approaches, we additionally conducted experiments on the PanNuke
dataset following the standard segmentation setup.
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Table 3: Classification perfor-
mance for each model

Model Macro F1 Acc

TopDown 0.1459 0.1261
UCell 0.1297 0.1595
AUCell 0.2309 0.2325
CellAssign 0.1919 0.2560
w/o Hier. 0.3034 0.3041
Ours 0.3492 0.5359
PanNuke 0.3569 0.5696

Image Ground truth Pannuke Ours

Fig. 3: Example segmentation results.

Fig. 2 shows examples of labels generated by comparisons. As shown in the
top two rows of the results, the conventional method misclassifies neoplastic cells
as epithelial. In contrast, the proposed method correctly classifies neoplastic cells
through the proposed two-stage refinements.

Table 3 reports classification accuracy and macro F1 scores. The proposed
method outperforms the reference-free baselines and improves upon the w/o Hier
variant, demonstrating the effectiveness of hierarchical refinement. Performance
remains slightly below the PanNuke-trained model, likely due to noise in gene
expression–based automatic labels. Incorporating manually annotated datasets
may further improve robustness.

Fig. 3 presents qualitative comparisons between the PanNuke-trained model
and the proposed method. While their classification tendencies differ, the pro-
posed model correctly identifies some nuclei misclassified by the PanNuke-trained
model.It indicate the feasibility of assigning classification labels that can support
and enhance manual supervision in clinical image analysis workflows.

6 Conclusion

In this paper, we proposed a novel problem formulation for nuclei segmenta-
tion and classification in digital pathology that leverages spatial transcriptomics
(ST) as an alternative to large-scale manual annotation. By constructing a prac-
tical framework, we trained segmentation and classification models without con-
ventional pixel-level annotations. Experimental validation on a public dataset
demonstrated the effectiveness of the proposed approach. The results indicate
that ST-derived supervision can help for scalable training.
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