






to calculate 3 topological features regarding the mean,
maximum, and minimum distances from each nucleus to
its neighboring nuclei. For both morphology and topology
features, we aggregate the numerous nuclei-level features
extracted from a spot into spot-level representation by
calculating their average values.

3.3. Multi-modal Graph Embedding for the Repre-
sentation of Spots

Since gene expression often displays local patterns, which
are typically manifested in the histology images [26], it is
necessary to explicitly model the spatial location informa-
tion when predicting gene expression. Based on the above
consideration, we develop a multi-modal graph embedding
algorithm (MMGE) that can co-learn the spot representa-
tions from both handcrafted and deep features by consider-
ing their within-modal and inter-modal interactions (shown
in Fig. 2(b)). Before we give details about the proposed
framework, we firstly introduce some notations and we will
use them in the remaining of this study.

Mathematically, given the slide with N spots, we first
construct the graph G by adopting the K-nearest neighbor
algorithm. Here, we set the number of nearest neighbors as
6. The inputs of our MMGE module are the adjacent matrix
A ∈ RN×N and the initialized multi-modal features matrix
Xm = [x1

m, x2
m, ..., xN

m] ∈ RN×dm where m ∈ {D,M, T}
represents the deep features, handcrafted morphology and
topology features with the dimensionality of dm, respec-
tively. For the purpose of capturing the within-modal inter-
actions among different spots, the graph attention networks
(GATs)[36] is employed and can be formulated as:

hi
m = σ(

∑
j∈N(i)

αij
mWmxj

m) (1)

Where Wm ∈ Rdm×do

is a learnable weight matrix cor-
respond to modality m, σ is the non-linear Sigmoid func-
tion, N(i) denotes the set of neighbors of spot i, and αij

m

is the attention coefficient representing the association be-
tween spot i and j. As shown in Eq.(1), the updated repre-
sentation of spot i (i.e., hi

m) in modality m can be treated
as the weighted sum of its neighborhood spots, allowing a
more flexible way for modeling the within-modal interac-
tions among different nodes. Then, the within-modal em-
beddings for modality m can be represented as HWI

m =
[h1

m, h2
m, . . . , hN

m]T ∈ RN×do

.
On the other hand, to model the inter-modal interactions

among multi-modal data, we perform a similar aggregation
way as we do for the calculation of within-modal interac-
tions. Specifically, to ensure the consistency of dimensions
among multi-modal data for future fusion, we firstly intro-
duce a project matrix Qm ∈ Rdm×do

for each modality

denoted below:

X ′
m = Relu(XmQm) (2)

We then calculate a similarity score between modalities m
and n to assess their interactions as follows:

βm,n =
exp(tr((X

′

m)(X
′

n)
T ))∑

k∈{D,M,T}
exp(tr((X ′

m)(X
′
k)

T ))
(3)

Where tr(,) indicates the trace operator. Then, the inter-
modal aggregation for modality m can be formulated as:

H IT
m =

∑
k∈{D,M,T}

βm,kX
′

k (4)

Next, for the purpose of acquiring the modality-specific
spots representations with both neighboring nodes informa-
tion and the complementary knowledge derived from other
modalities, we combine the within-modal embeddings with
the inter-modal embeddings as follows:

Hm = γHWI
m + (1− γ)H IT

m (5)

where γ ∈ [0, 1] is a regularization parameter controlling
the relative contribution between within-modal and inter-
modal embeddings. Finally, the representations of spots
H = [h1, h2, . . . , hN ] ∈ RN×vs can be obtained by com-
bining all the modality-specific embeddings:

H = σ
(
WS · Concatm∈{D,M,T}Hm

)
(6)

Where WS is a learnable parameter and σ(.) is an element-
wise Sigmoid activation function.

3.4. Preserving the Topological Structure of Spots
via Spatial-Oriented Neighborhood Ranking.

Although the multi-modal graph embedding algorithm
(MMGE) introduced before can learn spots representations
by considering their spatial association, it may bring the
over-smoothing problem [21]. This is because the repeated
aggregation of neighboring node features in each GAT layer
causes the node representations to converge toward simi-
lar values, which reduces the model’s ability to differentiate
among spots. To address it, we firstly add a reconstruction
loss with the aim of recovering the adjacent matrix A from
the learned representations H . Specifically, for nodes i and
j, the pairwise representation similarity is denoted as:

A′
ij = σ(

h⊤
i hj

∥hi∥∥hj∥
) (7)

Where σ(.) is the Sigmoid function that enforce the value
of A′

ij ranging from 0 to 1. Then, the reconstruction loss
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can be formulated as:

Lrecon =
1

N2

N∑
i=1

N∑
j=1

(Aij −A′
ij)

2 (8)

Where A is the adjacent matrix. As shown in Eq.(8), we
hope that the directly connected nodes (i.e., Aij = 1) share
similar features while the unconnected nodes (i.e., Aij = 0)
come with different representations that can help relieve
the over-smoothing problem to some extent. However, it
only applies the direct neighbors without considering that
the long-range correlations between nodes can also reflect
the structure of the graph. Intuitively, for the purpose of
preserving the topological profiles of the spots, the pairwise
representation similarity between distant nodes should be
lower than that among direct nodes. Consequently, we fur-
ther develop a spatial-oriented neighborhood ranking mod-
ule (SONRM) to satisfy such similarity constrains. More
specifically, given any target node t from the node set of
graph G, we firstly extract its neighbors with different hop
ranges (i.e., 1-hop, 2-hop and 3-hop). For all the neighbor-
hood nodes in specific range, we individually calculate their
representation similarity RSr

t (r = 1, 2, 3) with the target
node according to Eq.(7), and then compute the quartiles
for each RSr

t denoted as (Qr
t )q(q = 1, 2, 3, 4). Then, to

keep the neighborhood similarity orders, we add the regu-
larization term below to ensure that (Qr

t )q with larger hop
ranges should be with smaller value for each quartile.

Ls =
∑
t∈G

4∑
q=1

max(0, (Q2
t )q − (Q1

t )q + ϵ)

+ max(0, (Q3
t )q − (Q2

t )q + ϵ) (9)

Where ϵ is a small positive value to regulate the difference
and we fix it as 0.01 in this study.

3.5. Gene Ontology Knowledge Guided Graph Neu-
ral Network for Gene Predictions

After deriving the representations of different spots, the ex-
isting ST based studies [5, 17, 39] treat the prediction tasks
on each gene independently, which overlook exploring the
important biological similarity information among different
genes. As a matter of fact, genes with similar functions are
likely to be regulated via the same mechanisms and show
similar expression patterns [15]. For instance, both the
genes TP53 and MDM2 are verified to share the same func-
tion in regulating cell cycle and apoptosis, and thus we can
observe their increased expression values in tumorigenic
cells[22, 37]. Based on the above considerations, we utilize
the graph learning to consider the gene-gene association by
incorporating the prior gene ontology (GO) knowledge [6].
The GO is actually a semantic database, which provides a

series of GO Terms to depict the attributes of genes. Gen-
erally, all the Go Terms can be divided into 3 different bi-
ological domains, (i.e., Biological Process (BP), Molecular
Function (MF), and Cellular Component (CC)) [6]. Here,
each domain can be represented by a directed acyclic graph
(DAG), with broad terms at the top and more specific terms
as moving down (More details are presented in Supplemen-
tary Materials). In what follows, we will present a novel
similarity measurement between pairs of genes based on the
DAG of GO.

Considering two genes, gi and gj , which can be repre-
sented by ni and nj different GO Terms. We use Eq.(10)
to compute the pairwise genes similarity matrix Sg whose
elements are:

Sg
ij =

1

ninj

ni∑
m=1

nj∑
k=1

Sim(GOm,GOk) (10)

where,

Sim(GOm,GOk) =

{
bm,k if GOm,GOk in the same domain,
0 otherwise,

(11)
and

bm,k =
Intersect(GOm,GOk)

max (Len(GOm),Len(GOk))
(12)

As shown in Eq.(10), the similarity between different
genes can be viewed as the sum of their corresponding
Go Terms. Specifically, if two Go Terms exist in the
same domain (i.e., BP, MF and CC), the similarity be-
tween them will be set according to Eq.(12). In Eq.(12),
intersect(GOm,GOk) counts the number of shared parent
nodes between GOm and GOk in Gene Ontology, and
Len(GOm) denotes the length of the path from root to
GOm.

Then, based on the pairwise gene similarity informa-
tion, we propose to learn inter-dependent gene predictors
P = [p1, p2, · · · , pC ] via GAT, where C indicates the num-
ber of genes that need to be predicted. Specifically, for the
purpose of predicting genes expression from N spots rep-
resented as Z ∈ RN×C , we firstly construct a graph Gg

whose nodes correspond to genes and its adjacent matrix
Ag ∈ RC×C can be calculated via a threshold θ. Here, θ is
determined by averaging all the 10 largest similarity values
for each gene according to Sg , and we assume Aij

g = 1

if Sg
ij > θ, otherwise Aij

g = 0. Next, we use a sin-
gle GAT layer to take the gene representation from pre-
trained Gene2Vec model [8] as inputs, and the output is
P ∈ RC×vs with vs denoting the dimensionality of spot
image representation, and thus the predicted genes expres-
sion for all the spots can be denoted as:

Ẑ = HPT (13)
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Table 1. Average Pearson Correlation Coefficient (PCC) of predicted expression for top 50 highly expressed genes (HEG) and top 50
highly variable genes (HVG) compared to ground truth expressions. The ’*’ symbol indicates that our M2TGLGO is significantly better
than the comparing methods.

DLPFC ccRCC BC

HVG HEG HVG HEG HVG HEG

Hist2ST[42] 0.109 ± 0.0691 * 0.052 ± 0.0824 * 0.097 ± 0.0540 * 0.081 ± 0.0026 * 0.093 ± 0.0821 * 0.085 ± 0.1465 *
HisToGene[27] 0.116 ± 0.0274 * 0.063 ± 0.0607 * 0.121 ± 0.0059 * 0.062 ± 0.1843 * 0.102 ± 0.0805 * 0.091 ± 0.0184 *
IHItoGene[18] 0.124 ± 0.0523 * 0.095 ± 0.1319 * 0.143 ± 0.1832 * 0.158 ± 0.0175 * 0.191 ± 0.0644 * 0.118 ± 0.0514 *
ST-Net[14] 0.210 ± 0.0127 * 0.117 ± 0.0555 * 0.105 ± 0.0557 * 0.113 ± 0.0171 * 0.219 ± 0.0582 * 0.207 ± 0.1009 *
TRIPLEX[5] 0.236 ± 0.0230 * 0.154 ± 0.0898 * 0.251 ± 0.0934 * 0.229 ± 0.0592 * 0.246 ± 0.0402 * 0.205 ± 0.0428 *
TG-GATEs[17] 0.241 ± 0.0209 * 0.186 ± 0.0932 * 0.263 ± 0.0601 * 0.174 ± 0.0977 * 0.254 ± 0.0327 * 0.149 ± 0.0936 *
BLEEP[39] 0.252 ± 0.0617 * 0.173 ± 0.0920 * 0.254 ± 0.0574 * 0.209 ± 0.0312 * 0.227 ± 0.0775 * 0.223 ± 0.0344 *
M2TGLGO 0.291 ± 0.0218 0.217 ± 0.0431 0.296 ± 0.0433 0.256 ± 0.0489 0.308 ± 0.0501 0.269 ± 0.0409
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Figure 3. Comparison of M2TGLGO with other image representation methods on (a) DLPFC, (b) ccRCC and (c) BC datasets by the
measurement of average PCC.

Where H corresponds to the spots representation indicated
in Eq.(6) and Ẑ ∈ RN×C . Finally, the mean-squared loss is
applied to approximate the predicted gene expression values
to the ground truth that can be formulated as follows:

Lgene =
∥∥∥Z − Ẑ

∥∥∥
F

(14)

By the combination of Eq.(8), Eq.(9) and Eq.(14), the objec-
tive function of our M2TGLGO model can be represented
as:

Ltotal = Lgene + Ls + Lrecon (15)

4. Experimental Results
Datasets: In this study, we conduct our experiment on
three public available ST datasets i.e., DLPFC [23], BC
[1], and ccRCC [24]. Specifically, the DLPFC dataset is
generated from human brain samples, which is consisted
of 12 tissue slices from three human samples with four
adjacent slices for each. The BC cohort is collected for
generating a comprehensive atlas of breast cancer that is
consisted of 12 tissue slides. Moreover, the ccRCC dataset
contains 12 samples with paired high-resolution pathology
images and spatial resolved gene expression data. For each
slide in these three datasets, we list its involved spots and
gene number in Supplementary Materials.

Experiment Setup and Evaluation Metrics: For

each dataset, we adopt the leave-one-out strategy(LOOCV)
to test the performance of our method. Specifically, for
each round of LOOCV, each slide is treated as a single
test case, while the remaining samples are used for model
training with 500 epoches. In the training process of our
method, we adopt the AdamW optimizer with a learning
rate of 1×10−4 and the batch size is set as 1. For parameter
settings, the MMGE module presented in section 3.3 is
consisted of two GAT layers whose dimensions are 256 and
512, respectively. The dimension of gene representation
from pre-trained Gene2Vec model is 200, and then will be
transformed to the dimensionality of 512 after a GAT layer.
In addition, we tune the parameter γ in Eq.(5) from 0 to 1
with an interval of 0.2. We follow the study in [39] that
evaluate the performance for gene expression prediction
on the top 50 most highly variable genes (i.e., HVG)
and the top 50 most highly expressed genes(i.e., HEG)
by the measurements of Pearson Correlation Coefficient
(PCC) and Mean Squared Error (MSE). Due to the page
limitations, we only compare the PCC values of different
methods in the main context, and the index of MSE are
reported in the Supplementary Materials with consistent
conclusions.

Comparing Methods: For the purpose of testing the
effectiveness of our M2TGLGO, we compare it with
the following seven spatial resolved gene prediction
methods: Hist2ST[42], HisToGene[27], THItoGene[18],
ST-Net[14], BLEEP[39], TRIPLEX[5], TG-GATEs[17],
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Figure 4. Comparison of the visualization results for spatial resolution gene expression.

as well as six pathology image representation meth-
ods:IGI-DL[11],SI-MIL[19], TMEGL[32], MGNN[10],
GECMC[38], TSIEN[34]. More descriptions of these com-
paring methods are presented in Supplementary Materials.

Comparison with ST based Gene Prediction Meth-
ods: We first compare the gene prediction performance
of M2TGLGO with the existing ST based gene prediction
models on different datasets. As shown in Table 1 and
Table ?? (provided in the Supplementary Materials), our
method achieves significantly higher PCC as well as lower
MSE than its competitors on all of the three datasets. The
reason lies in the following two aspects: 1) We combine
multi-modal pathological image features with the spatial
information to generate better representations of spots. 2)
We take the biological similarities among different genes
into consideration, which is beneficial to the individual
gene prediction tasks.

Comparison with Pathology Image Representation
Methods: To further verify the superiority of the proposed
multi-modal graph embedding method on spots, we also
compare it with SOTA pathology image representation
algorithms. The results shown in Fig. 3 and Fig. ??
(provided in Supplementary Materials) suggest that our
spot representation method can best predict the gene profile
from the ST data. More specifically, our M2TGLGO per-
forms better than TMEGL[32], MGNN[10], GECMC[38]
since we co-learn the spot representation from multi-modal
features that can more comprehensively describe the
pathology image. On the other hand, our method can
better predict gene expression than the comparing IGI-DL
[11], SI-MIL[19], GECMC[38] and TSIEN[34]. This is

because our M2TGLGO designs the spatial-oriented rank-
ing module that can preserve the neighborhood similarity
information for spots representation learning.

Comparison of the Visualization Results for Spa-
tial Resolution Gene Expression: To gain further insight
into the predicted gene expression, we also visualize the
spatial resolution gene expression on the histopathological
images in Fig. 4. Specifically, for the marker gene NEFH
on the DLPFC dataset (first row in Fig. 4), our method can
predict its strong expression pattern on the cortical layer of
the brain tissues, which is consistent with the ground truth
and the existing knowledge[13]. Additional results on the
ccRCC and BC datasets (second and third rows in Fig. 4)
also indicate that our method can better infer the spatial
distribution of different genes than its comparing methods,
which again validates its effectiveness for gene expression
prediction on ST data.

Comparison of Different Methods for Gene-Gene
Correlation Analysis: For the gene expression prediction
task, another way to evaluate its performance is to investi-
gate if the predicted Gene-Gene Correlations (GGCs) can
recover their original association[39]. Here, GGCs measure
how the expression levels of one gene correlate with the
expression levels of another across spatial locations that
can reveal co-expression patterns, regulatory interactions,
and functional relationships among different genes. We
show the heatmap of Gene-Gene Correlations calculated
from the predicted expressions of different methods in Fig.
5. As illustrated in Fig. 5, our proposed M2TGLGO can
more accurately preserve the GGCs than its competitors,
which clearly shows its potential in gaining a deeper un-
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Ground Truth M2TGLGO BLEEP TG-GATEs SI-MILIGI-DL

Figure 5. The heatmap of Gene-Gene Correlations calculated from the predicted expressions of each method on DLPFC dataset

derstanding of how gene interactions vary across different
spatial locations.

Table 2. Ablation studies for different Modules in our M2TGLGO.

MMGE SONRM GO Prior
Knowledge

DLPFC ccRCC BC
Within-Modal Inter-Modal HVG HEG HVG HEG HVG HEG

✓ ✓ ✓ 0.090 0.073 0.215 0.183 0.162 0.115
✓ ✓ ✓ 0.236 0.182 0.229 0.204 0.260 0.213
✓ ✓ ✓ 0.252 0.187 0.258 0.222 0.261 0.232
✓ ✓ ✓ 0.163 0.102 0.216 0.160 0.117 0.223
✓ ✓ ✓ ✓ 0.291 0.217 0.296 0.256 0.308 0.269

Ablation Study: We conduct the ablation study to verify
the effectiveness of MMGE and SONRM modules as well
as the GO knowledge guided GNN for gene prediction.
In the MMGE module, we further analyze the effects of
within-modal and inter-modal embeddings, and the results
are shown in Table 2. The proposed M2TGLGO (shown in
the last row of Table 2) can better predict gene expression
than all its competitors, indicating that each component
contributes positively to the final prediction results.

Effects of Parameter γ in MMGE Module: We
also discuss the effects of parameter γ that balances the
contributions of within-modal and inter-modal embeddings.
Specifically, we tune γ from 0 to 1 with the interval 0.2
and the results are shown in Fig. 6. Most of inner intervals
of the curves for both have larger PCC values (i.e., better
gene prediction performance) than the two vertices, which
indicates the effectiveness of combining two types of
embeddings for gene profile prediction.

Effects of Combining Multi-modal Features: To
further verify the advantage of our method combining
both handcrafted and deep features for gene expression
prediction, we also compare it with its variations relying on
partial modalities. As can be seen from Table ?? (provided
in Supplementary Materials), our method (shown in the
first row of Table ??) outperforms its competitors, which
demonstrates that each modality feature is valuable in
predicting the genomic profiles on ST data.

Effects of Quantile Values in the SONRM Module:
In our SONRM module, we set the quantile value as 4. In
this section, we further discuss its effects from 3 to 6 with
interval 1 and the results are shown in Table 3. We observe
that the PCC values fluctuate in small ranges, indicating
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Figure 6. Performance of the model with varying values of hyper-
parameter γ on (a) DLPFC, (b) ccRCC, and (c) BC datasets by the
measurement of PCC.

that our model is robust to the quantile values.

Table 3. Performance comparison with different Quantile values
by the measurements of PCC.

Quantile DLPFC ccRCC BC
HVG HEG HVG HEG HVG HEG

3 0.285 0.210 0.298 0.231 0.300 0.257
4 0.291 0.217 0.296 0.256 0.308 0.269
5 0.289 0.204 0.281 0.240 0.295 0.258
6 0.292 0.211 0.288 0.241 0.302 0.260

5. Conclusion
In this paper, we propose a multi-modal topology-
embedded graph Learning algorithm to help impute the
gene expression of the queried spots from their correspond-
ing pathological images. The main advantage of this study
lies in the following two aspects: 1) Our proposed method
can effective integrate multi-modal pathological image fea-
tures by considering the topological structure among differ-
ent spots. 2) We consider the correlation among different
genes with prior gene ontology knowledge and develop a
novel GNN model for predicting gene expressions in ST
data. The experimental results on three public available ST
datasets indicate that our proposed M2TGLGO can achieve
significant higher prediction accuracy than all comparing
methods, which highlights the potential of our method in
bridging the gaps between tissues and sequencing in ST
data.
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Bougoüin, Guilhem Pupier, Anne Calvez, Ilenia Giglioli,
Virginie Verkarre, Guillaume Lacroix, Johanna Verneau,
et al. Tertiary lymphoid structures generate and propagate
anti-tumor antibody-producing plasma cells in renal cell can-
cer. Immunity, 55(3):527–541, 2022. 6

[25] Riccardo Miotto, Fei Wang, Shuang Wang, Xiaoqian Jiang,
and Joel T Dudley. Deep learning for healthcare: review,
opportunities and challenges. Briefings in bioinformatics, 19
(6):1236–1246, 2018. 1

[26] Lambda Moses and Lior Pachter. Museum of spatial tran-
scriptomics. Nature methods, 19(5):534–546, 2022. 4

[27] Minxing Pang, Kenong Su, and Mingyao Li. Leverag-
ing information in spatial transcriptomics to predict super-
resolution gene expression from histology images in tumors.
BioRxiv, pages 2021–11, 2021. 2, 3, 6

[28] Suresh Poovathingal, Kristofer Davie, Lars E Borm, Roel
Vandepoel, Nicolas Poulvellarie, Annelien Verfaillie, Nikky
Corthout, and Stein Aerts. Nova-st: Nano-patterned ultra-
dense platform for spatial transcriptomics. Cell Reports
Methods, 4(8), 2024. 1

[29] Benoı̂t Schmauch, Alberto Romagnoni, Elodie Pronier,
Charlie Saillard, Pascale Maillé, Julien Calderaro, Aurélie
Kamoun, Meriem Sefta, Sylvain Toldo, Mikhail Zaslavskiy,
et al. A deep learning model to predict rna-seq expression of
tumours from whole slide images. Nature communications,
11(1):3877, 2020. 2

[30] Marie Schott, Daniel León-Periñán, Elena Splendiani, Leon
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