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Abstract. Spatial transcriptomics preserves tissue context while pro-
filing gene expression, but its high cost and experimental complexity
limit large-scale use. This has motivated methods that predict spatial
gene expression directly from H&E histopathology images. However,
most existing approaches are trained on individual datasets with fixed
gene sets, limiting the joint use of heterogeneous projects. We propose
MINT-ST, a multi-dataset pretraining framework for histology-based
spatial gene expression prediction. MINT-ST constructs a global output
space from the union of project-specific highly variable genes, jointly
pretrains a shared model across multiple projects, and fine-tunes it for
each target gene panel and expression distribution. A Transformer inte-
grates the target spot, neighboring spots, relative positions, and species
and organ metadata. Training combines variance-normalized regression
with a local Pearson correlation loss to learn both expression values
and spatial patterns. Across ten human and mouse SpaRED datasets,
MINT-ST achieved the best average performance across all evaluation
metrics. Ablation studies verified the contributions of spatial context,
metadata, correlation-based supervision, multi-project pretraining, and
project-specific fine-tuning.
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1 Introduction

Spatial transcriptomics enables gene expression profiling while preserving tissue
architecture, supporting the analysis of spatial heterogeneity and region-specific
molecular states in tumor, stromal, immune, and normal tissues. However, its
specialized equipment, high cost, and complex experimental procedures limit
the scale of available cohorts. In contrast, H&E-stained histology images are
routinely acquired in clinical practice, motivating efforts to predict spatial gene
expression directly from histopathology.

Most existing methods are trained independently on individual datasets and
fixed gene panels, limiting the joint use of projects that differ in tissue, species,
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platform, expression distribution, and measured genes. To address this limita-
tion, we propose MINT-ST, a multi-dataset integration and pretraining frame-
work for histology-based spatial gene expression prediction. MINT-ST constructs
a global output space from the union of project-specific HVGs and jointly pre-
trains a single model using partially overlapping gene panels. Species and organ
information are incorporated as learnable metadata tokens, and the pretrained
model is subsequently fine-tuned to each target project’s gene panel and expres-
sion distribution.

MINT-ST uses a Transformer to jointly process the histological features of
a target spot and its spatial neighbors together with their relative positions.
Training combines a gene-variance-aware regression loss with a local Pearson
correlation loss, enabling the model to learn both spot-level expression values
and local spatial expression patterns. We evaluate MINT-ST on diverse human
and mouse spatial transcriptomics datasets against existing prediction methods
and analyze the effects of spatial context, correlation-based supervision, multi-
project pretraining, and project-specific fine-tuning through ablation studies.

2 Related Work

Early studies demonstrated the feasibility of directly predicting spatial gene
expression from histopathology images. STNet [4] independently processed lo-
cal H&E image patches corresponding to individual spots using a convolutional
neural network to predict spot-level gene expression. Subsequent studies increas-
ingly incorporated surrounding tissue context and spatial relationships between
spots, while more recent approaches have explored richer neighborhood and
cross-modal interactions. Hist2ST [14] combined convolutional feature extrac-
tion, a Transformer, and a graph neural network to model global and local
dependencies between spots. TCGN [12] integrated convolution, Transformer
encoding, and graph-node co-embedding into a single-spot vision backbone to en-
hance local histological representations. EGNv2 [13] introduced exemplar-guided
graph learning to retrieve similar tissue regions and transfer their information
for improved gene expression prediction. PEKA [7] transferred knowledge from
a single-cell transcriptomic foundation model to a pathology foundation model
through parameter-efficient adaptation, knowledge distillation, and structural
alignment. NH2ST [8] employed target and neighborhood branches together with
hypergraph learning, cross-attention, and contrastive learning to jointly model
spatial relationships and pathology—transcriptomics interactions.

Despite these advances, most existing methods are trained independently on
a predefined dataset and gene panel.

3 Methods

MINT-ST predicts target-spot gene expression from H&E features, spatial coor-
dinates, and project metadata of the target and its neighboring spots. A frozen
pathology foundation model extracts spot-level histological features, which are
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Fig. 1. Overview of the proposed MINT-ST framework.

combined with role, relative-position, species, and organ embeddings and pro-
cessed by a spatial Transformer. The target-token output predicts the target
expression vector, while neighbor-token outputs provide supervision for local
expression patterns (Fig. 1).

3.1 Spatial Neighborhood Construction

Each spot is represented by a histological feature, a two-dimensional coordinate,
and a gene expression vector. For target spot i, we select the K nearest spots
from the same tissue section. When fewer than K valid neighbors are available
because of tissue boundaries or empty regions, the remaining slots are padded
and masked in both attention and loss computation. The histological encoder
remains frozen during multi-project pretraining and project-specific fine-tuning
to provide consistent representations across projects.

Let x; € RP be the feature of target spot 4, ji,, the spot assigned to its m-th
neighbor slot, and a;,, € {0, 1} the corresponding validity indicator. Target and
neighbor features are projected into a shared hidden space by fspot:

h;ar - fspot (Xl) + €tar, h?}r)lr = fSI—“Ot (in,m) + €nbr + Pim, (1)

where eg,, and ey, are learnable role embeddings distinguishing the prediction
location from contextual neighbors. The local token sequence is

H® = [ nir, . nip] . (2)

The spatial embedding p;,, represents the displacement of neighbor j;,, from
target i. To reduce project-specific differences in coordinate scale and spot spac-
ing, the displacement is normalized by the median target-to-neighbor distance,
expanded with sinusoidal Fourier features, and projected by a multilayer per-
ceptron [9]. Padded slots use zero spatial embeddings and are excluded by a;y,.
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3.2 Metadata-Conditioned Spatial Transformer

Species and organ are encoded as learnable metadata tokens and appended to
the local sequence:

(A A A

ZZ(.O) = [Hgo) e’P et ZEL) = Transformer (Z(o)) . (3)

The Transformer therefore integrates histological, spatial, and biological infor-
mation. A shared prediction head is applied to the target and all valid neighbor
outputs. The target prediction is used for direct regression, whereas target and
neighbor predictions jointly define the local Pearson correlation loss. During
pretraining, metadata tokens are randomly replaced with learnable unknown-
category tokens, preventing excessive reliance on project identity and encourag-
ing the use of morphology and spatial context.

3.3 Union-Gene Multi-Project Pretraining

MINT-ST forms a global output vocabulary from the union of project-specific
highly variable genes (HVGs) across all training projects. A single model is
jointly optimized on projects differing in species, organ, expression distribution,
and target gene set. The global head predicts every union gene, but each sample
contributes loss only for genes observed in its project.

Let z; be the target representation and I, the global indices of the HVGs for
project p. The project-observed prediction is

?Ep) = Wi, z; + by, (4)

where Wi, and by, select the corresponding rows of the global head. Optimiza-

tion compares ?l(p ) only with the observed project-specific vector y»

.. Gene
dropout further removes a random subset of observed genes from each sam-
ple loss, reducing dependence on a particular panel and improving robustness
to different target subsets. This design preserves a unified output space while
learning transferable histological and spatial representations across heteroge-

neous projects.

3.4 Project-Specific Fine-Tuning

After pretraining, the feature projection, relative-position encoder, Transformer,
role embeddings, and metadata embeddings are initialized from the shared check-
point and fine-tuned independently for each target project. A project-specific
head is initialized from the matching rows of the global head:

W Wi, b? by (5)

Fine-tuning uses only the target project’s training split, adapting the shared
representation and output head to its gene panel and expression distribution.
Gene dropout and metadata masking are disabled so that all target genes and
available metadata are used.
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3.5 Training Objectives

Both stages optimize a variance-normalized regression loss and a local Pearson
correlation loss. The former matches absolute spot-level expression while bal-
ancing genes with different dynamic ranges; the latter preserves relative spatial
patterns within each neighborhood.

For project p, the regression loss is

1 Yig — Yig)”
Ereg: Z ( 9 g) ) (6)

2
Vol oy, Tt

where V), is the set of valid spot—gene pairs and ngg is the variance of gene g
estimated only from the training split of project p. Project-specific statistics are
used during multi-project pretraining, and e ensures numerical stability.

For each target spot ¢ and gene g, let v;;, and v;, denote predicted and
observed expression over the target and its valid neighbors. The local correlation

loss is
1

['corr =1- ﬁ Z COI‘I‘(Gig,VZ—g) ) (7)
(i,9)eC
where C contains target—gene pairs with at least two valid observations and
nonzero expression variation. The final objective is

Ltotal = )\regﬁreg + )\corrﬁcorra (8)
with Areg = Acorr = 1.0 by default.

4 Experiments

4.1 Implementation Details

Histological features for each spot were extracted using the pretrained pathology
foundation model UNI [2], and the feature encoder was kept frozen throughout
training. H&E patches of 224 x 224 pixels were extracted, and the resulting
1024-dimensional spot features were projected into a 512-dimensional hidden
space. All data preprocessing procedures, including gene expression preprocess-
ing, target HVG selection, and the predefined training, validation, and test splits,
followed the SpaRED framework [5]. The spatial Transformer consisted of four
encoder layers with eight attention heads. For each target spot, we used its
K = 36 nearest neighbors from the same tissue section. Multi-project pretrain-
ing was performed for 20 epochs using the AdamW optimizer with a batch size
of 32 and a learning rate of 0.001. The model was then fine-tuned independently
for each target project for 10 epochs with a batch size of 1 and a learning rate of
0.0002. The weight decay was set to 10~4. During pretraining, gene dropout and
metadata masking were applied with probabilities of 0.5 and 0.1, respectively,
and both were disabled during fine-tuning. All experiments used a random seed
of 42 and were conducted on an NVIDIA GeForce RTX 3090 GPU. The check-
point achieving the highest validation PCC was selected for test evaluation.
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Table 1. Comparison with existing histology-based spatial gene expression prediction
methods. Results are reported as the mean 4+ standard deviation across ten datasets.

The best and second-best results are shown in bold and underlined, respectively.

Model PCC 1 MI 1 AUCowz T AUCgso T NRMSE |
STNet 0.0246 £0.04 0.0226 = 0.01 0.4860 + 0.03 0.5139 £ 0.03 0.1987 & 0.06
Hist2ST | 0.0503 £0.01 0.0775+0.03 0.4934 4 0.01 0.4999 + 0.01 0.1451 = 0.03
TCGN 0.1638 £ 0.09 0.0585 + 0.02 0.5459 + 0.06 0.5896 & 0.05 0.2450 + 0.15
EGNv2 0.2116 £ 0.08 0.0604 + 0.03 0.5929 £ 0.05 0.6208 = 0.05 0.1433 £ 0.03
NH2ST | 0.2894 +0.09 0.0889 & 0.03 0.5986 + 0.06 0.6442 + 0.05 0.2344 & 0.27
PEKA 0.3458 £0.10 0.0982 £ 0.04 0.6289 £ 0.05 0.6670£0.04 0.1633 £ 0.10
MINT-ST|0.3686 + 0.15 0.1344 + 0.05 0.6572 + 0.06 0.6905 + 0.06 0.1250 + 0.02

4.2 Datasets

We used ten datasets curated in SpaRED [5], originating from Abalo et al. [1],
Erickson et al. [3], Mirzazadeh et al. [6], Vicari et al. [10], and Villacampa et
al. [11]. The datasets include human and mouse samples from skin, prostate,
intestine, bone, brain, and lung organoid tissues. SpaRED provides either 32
or 128 highly variable genes (HVGs) for each dataset, which were used as the
project-specific target genes during fine-tuning and evaluation. Across the ten
datasets, these project-specific HVG sets were combined to form the union-gene
vocabulary used for multi-project pretraining. The 32- or 128-gene project panels
form the 695-gene union vocabulary. For multi-project pretraining, we jointly
used the predefined training splits of all ten datasets. The pretrained model was
subsequently fine-tuned independently for each dataset using its corresponding
training split.

4.3 Evaluation Metrics

We evaluated gene expression prediction using Pearson correlation coefficient
(PCC), mutual information (MI), two area-under-the-curve (AUC) metrics, and
normalized root mean squared error (NRMSE). AUC,nz measures the ability to
distinguish zero from nonzero expression, and AUCgso evaluates discrimination
between expression values below and above the gene-specific median. All metrics
were first computed independently for each target gene across all spots in the
test split and then averaged over the target genes.

4.4 Comparison Results

We compared MINT-ST with six baseline models: STNet, Hist2ST, TCGN,
EGNv2, NH2ST, and PEKA. Each baseline was trained and evaluated inde-
pendently on each dataset using its corresponding project-specific split and tar-
get HVGs. In contrast, MINT-ST was jointly pretrained across the ten datasets
and subsequently fine-tuned and evaluated separately for each project. Table 1
summarizes the mean performance across the ten SpaRED datasets. MINT-
ST achieved the best average performance across all five evaluation metrics.
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Table 2. Ablation study of the main components of MINT-ST. Results are reported
as the mean + standard deviation across ten datasets. Project adapt. denotes project-
specific fine-tuning for the pretrained model and project-specific training from scratch
when pretraining is disabled. O and X indicate whether each component is enabled or
disabled. The best and second-best results are shown in bold and underlined, respec-
tively.

Meta Trans. Local PCC Pretraining Project Adapt. PCC 1t MI 1+ NRMSE |
X X X (0] 0.3474 £0.10 0.1114+£0.04 0.1498 £ 0.07
(0] X X (0] 0.3470 £0.14 0.1270 £0.05 0.1491 £+ 0.07
(0] (0] X (6] 0.3619 £0.13 0.1250 £0.04 0.1384 £ 0.04
(0] (0] (0] X 0.1979 £ 0.10 0.0547 £0.03 0.1479 £0.03
(0] (0] (0] (0] 0.3686 +£0.15 0.1344 + 0.05 0.1250 + 0.02

Compared with PEKA, the strongest competing method, MINT-ST improved
PCC, MI, AUCyynz and AUCgs0 by 0.0228, 0.0362, 0.0283, and 0.0235, respec-
tively. MINT-ST also reduced NRMSE to 0.1250, compared with the second-best
result of 0.1433 obtained by EGNv2. These consistent improvements indicate
that multi-dataset pretraining provides transferable information beyond mod-
els trained independently on individual datasets. The union-gene model showed
limited performance when applied directly without project-specific adaptation.
This is expected because the projects differ in their target gene panels, expression
distributions, tissues, and species. Although pretraining learns shared histologi-
cal and spatial representations, its predictions are not directly calibrated to the
expression scale and gene composition of an individual project. Project-specific
fine-tuning is therefore required to adapt both the representation and prediction
head to the target distribution.

4.5 Ablation Studies

Table 2 demonstrates ablation experiments to evaluate the contributions of the
metadata-conditioned spatial Transformer, local PCC loss, multi-project pre-
training, and project-specific fine-tuning. All configurations used the same frozen
histological features. The metadata-conditioned spatial Transformer improved
MI from 0.1114 to 0.1270. Adding the local PCC loss further increased PCC
from 0.3470 to 0.3619 and reduced NRMSE from 0.1491 to 0.1384. The pre-
trained model showed limited performance when applied without fine-tuning. In
contrast, the complete MINT-ST model improved PCC from 0.3619 to 0.3686
over the model trained without pretraining and achieved the best performance
across all metrics. This indicates that multi-project pretraining provides a useful
initialization, while project-specific adaptation remains necessary to account for
differences in gene sets and expression distributions.

4.6 Qualitative Analysis

To qualitatively evaluate the predicted spatial expression patterns, we visual-
ized spot-level gene expression values overlaid on the corresponding H&E tissue
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Fig. 2. Qualitative comparison of spot-level spatial gene expression maps overlaid on
the corresponding H&E tissue sections.

sections. We compared the ground truth with MLP (UNI), Scratch w/o PCC,
Scratch w/ PCC, and the complete MINT-ST model for three representative
dataset—gene pairs: MALAT! in Abalo human squamous cell carcinoma, Pcp4
in Mirzazadeh mouse brain P2, and Slc17a7 in Vicari mouse brain.

As shown in Fig. 2, MLP (UNI) and the scratch-trained models partially
recovered the overall expression patterns but exhibited less accurate regional
localization or expression intensities. In comparison, MINT-ST most closely re-
produced both the spatial distribution of high- and low-expression regions and
the corresponding expression magnitudes observed in the ground truth. These
qualitative results support the quantitative findings and indicate that multi-
project pretraining, spatial context modeling, and local correlation supervision
jointly improve the reconstruction of spatial gene expression patterns.

5 Conclusion

We proposed MINT-ST, a histology-based gene expression prediction framework
designed to integrate multiple spatial transcriptomics datasets with different tis-
sues, species, and target gene sets. MINT-ST enables joint learning from hetero-
geneous ST projects by combining a union-gene output space with spatial neigh-
borhood and metadata conditioning. Across ten human and mouse datasets, it
achieved the best mean performance for all evaluated metrics. Ablations show
that spatial context and local PCC supervision improve project-specific learning,
while union-gene pretraining is most effective when followed by project adapta-
tion. Future work will investigate leave-one-project-out pretraining and transfer
to unseen projects, organs, species, platforms, and gene panels.
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