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Abstract

Spatial transcriptomics (ST) has emerged as a revolution-
ary approach in the field of tissue analysis that can of-
fer spatial resolved molecular insights for the identifica-
tion of anomalous regions (AR) on human cancers. Cur-
rent ST-based methods for detecting AR focus narrowly on
the molecular features of local tissue spots, overlooking the
matched bulk RNA-seq data that contains crucial diagnos-
tic information. This oversight limits their effectiveness in
identifying subtle or heterogeneous tumors, where accurate
detection depends on broader genetic context. Besides the
genomic signatures, the pathological images can also pro-
vide rich visual information to reflect the morphology of AR.
To utilize the patient-level diagnostic knowledge and har-
ness complementary information from both histology im-
ages and ST, we develop a Bulk RNA-seq Guided Multi-
modal Anomalous Regions Detection method (BRGMAR)
for the identification of AR from human tissues. Specifi-
cally, to effectively model the dependencies in ST, we in-
troduce a Dynamic Multi-Relational Graph Learning (DM-
RGL) module to adaptively capture complex relationships
in ST, including both spatial proximity and gene expres-
sion similarity. Then, we design an Optimal Transportation-
based Gene Module Alignment (OTGMA ) approach to align
ST data with patient-level bulk RNA-seq data by matching
the compositional and functional similarities of their cor-
responding gene modules. Finally, we combine the learned
genomic features with pathological image representations
for accurate AR detection. We evaluate our method on three
public available ST datasets for the purpose of identifying
cancerous regions from normal tissues, and the experimen-
tal results demonstrate the advantage of our method in com-
parison with the existing studies.

*Corresponding author.
Code and Dataset is available at: github.com/shihangjs/BRGMAR
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Figure 1. (a) Most of the existing studies rely on gene expression
profiles derived from ST for anomalous region detection. (b) Our
BRGMAR fuses ST and pathological images, as well as leveraging
the corresponding bulk RNA-seq with diagnostic information for
performance improvement.

1. Introduction

Anomalous regions (AR) in human tissues refer to spatially
confined areas that deviate from normal histological or
molecular patterns, and are closely associated with the
onset and progression of various diseases particularly for
human cancer [1, 5, 20]. In the study of tumor biology,
AR correspond to malignant transformations, such as
carcinoma in situ or dysplastic regions, which often
precede the development of invasive tumors [58, 60]. The
accurate detection of these regions is critical not only for
early cancer detection and risk stratification, but also for
tracing clonal evolution and pinpointing potential sites of
recurrence or therapeutic resistance [16, 47].

Early studies on AR detection of human tissues pri-
marily rely on H&E-stained pathological images due to
their capacity to provide high-resolution visualizations of
tissue architecture and cellular morphology [10, 61]. In
these approaches, AR are typically identified by employing
computer vision and machine learning algorithms to detect
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morphological deviations between normal and abnormal
tissue regions. For instance, the authors in [61] have
presented a training system consisting of a CNN-based
feature generator and a one-class classifier for the detection
of abnormal tiles from Whole Slide Images (WSI). Dippel
et al. [10] have introduced a self-supervised learning
algorithm to flag anomalous regions in histopathology
images without the need for extensive manual annotation.
However, these image-based studies often face limitations
in accurately detecting subtle anomalies in human cancers,
particularly within the context of heterogeneous tumors
and complex tissue micro-environments [42, 56].

To overcome the above limitations, the spatial tran-
scriptomics (ST) technique has been widely adopted to
detect anomalous regions at molecular level [36, 44]. By
preserving the spatial context of gene expression within
tissue sections, ST facilitates a more comprehensive
characterization of tissue heterogeneity and reveals AR that
may not be apparent through tissue morphology. Based
on ST, researchers have designed several AR detection
algorithms. For example, Hu ef al. [21] formulate the
problem of anomaly detection on ST as comparing spatially
localized probability densities of gene expression among
different conditions. Xu et al. [50] use a deep autoencoder
coupled with a masked self-supervised learning mechanism
for the identification of AR regions in ST. By considering
that both ST and their corresponding visual representations
can provide complementary information, other studies
including [51] further adds pathological image to the ST
data for further performance improvement.

Although much progress has been achieved, the exist-
ing ST-based studies for AR detection still face several
challenges. Firstly, these methods primarily rely on local
molecular features derived from individual tissue spots
in ST, without incorporating the broader patient-level
bulk RNA-seq data that contain diagnostic information.
Intuitively, the combination of the overall tumor genetic
profile and diagnostic information (i.e., cancer patients or
normal control) can provide more guidance to identify AR.
Secondly, for the purpose of aligning the genomic data
with different domains or sequencing technologies, most of
the existing studies primarily focus on matching individual
gene expression values [62]. However, such strategy often
overlooks the fact that the functional abnormalities in
tissues tend to involve disruptions in gene co-expression
patterns rather than individual gene expression changes
[41]. Thirdly, most existing graph-based ST models assume
adjacent spots share similar profiles and thus construct
graphs based on Euclidean distance. This approach fails
to capture non-local biological relationships, where distant
spots can also exhibit similar molecular patterns. Last but
not least, most of the existing studies have demonstrated
the advantages of combining genomic signatures and image

data for various clinical prediction tasks [28, 31], it can be
expected that better results can be achieved if we combine
ST and pathological images for AR detection.

Based on the above consideration, we propose a
Bulk RNA-seq Guided Multi-modal Anomalous Regions
(BRGMAR) detection method for the identification of
cancerous regions in human tissues by the combination
of ST and pathological images data. BRGMAR aligns
the extra bulk RNA-seq data to its corresponding target
ST data with the same cancer subtype that can leverage
the diagnostic information derived from bulk RNA-seq to
enhance the performance for cancerous region detection.
We conduct experiments on three ST datasets and the
experimental results demonstrate the superiority of our
method when comparing with the existing studies. We
summarize the main contributions of this study as follows:

1) We propose a novel multi-modal AR detection
method by the combination of Spatial Transcriptomics
(ST), pathological images and prior bulk RNA-seq data
with diagnostic information.

2) For each cancer subtype, we propose an Optimal
Transportation-based Gene Module Alignment (OTGMA)
approach to align ST data with bulk RNA-seq data by
matching the compositional and functional similarities
of their corresponding gene modules, allowing for the
integration of diagnostic information derived from bulk
RNA-seq to enhance AR detection on ST data.

3) We introduce a Dynamic Multi-Relational Graph
Learning (DMRGL) module to adaptively capture complex
relationships in ST, including both spatial proximity and
gene expression similarity.

2. Related Work

2.1. Anomalous Region Detection on Human Tis-
sues

Anomalous Region (AR) detection on human tissues is an
important task in personalized medicine aiming at identi-
fying region of interests (ROIs) that deviate from normal
biological states [1, 23]. Generally, the existing AR detec-
tion approaches on human tissues can be categorized into
two folds i.e., image and spatial transcriptomics (ST) based
methods. The image based methods are primarily rely-
ing on Hematoxylin and Eosin (H&E) stained pathological
images that can capture the cellular morphology [10, 61]
or tissue architecture [26, 56] difference between AR and
normal tissues. However, these image-based studies often
struggle to detect subtle anomalies sharing similar visual
appearance with normal tissues. To address the above limi-
tations, the spatial transcriptomics (ST) technique has been
utilized that can offer molecular-level perspective to iden-
tify AR [36]. Specifically, for the purpose of capturing the
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spatial correlation among different spots, most of the AR
prediction models are built upon the graph neural network
(GNN) [32, 43, 50]. By considering that the pathological
images can provide complementary visual information to
ST for AR detection, recent studies in [51, 52] have com-
bined them together for further performance improvement.
However, all the ST-based AR detection studies are rely-
ing on spot-level genomic signatures, which overlook using
the matched bulk RNA-seq data that can provide valuable
patient-level diagnostic information to improve the perfor-
mance for AR detection.

2.2. Cross-Domain Alignment for Genomic Data

As genomic profiling technologies continue to evolve [8],
integrating genomic data across different cohorts or se-
quencing technologies has become increasingly impor-
tant that allows researchers to leverage the complementary
strengths of each platform to achieve a more comprehen-
sive understanding of disease mechanisms [4, 19]. Specifi-
cally, by considering the challenges of acquiring sufficiently
labeled survival data for every cancer type, the studies in
[18, 55] have leveraged the knowledge from related cancer
types by aligning their corresponding gene expression data.
Bulk2Space [29] is a deep learning framework-based spatial
deconvolution algorithm that can simultaneously disclose
the spatial and cellular heterogeneity of bulk RNA-seq data
via the alignment of single-cell and spatial transcriptomics
references. Moreover, SpaGTL [22] is a ST-based trans-
fer learning framework that can realize tissue alignment via
gene-level transformers and spot-level manifold-dominated
variational autoencoder. Other studies include [25] have
presented a flexible deep transfer learning framework for
prioritizing single-cell RNA data in relation to bulk-RNA
data via a multi-task learning framework. However, most of
the existing approaches primarily focus on matching the ex-
pression levels of individual genes, which overlook the fact
that the functional abnormalities in tissues are often driven
by disruptions in gene co-expression patterns, rather than
isolated changes in individual genes [41].

3. Method

We show the flowchart of our proposed bulk RNA-seq
guided multi-modal anomalous region detection method
(BRGMAR) in Fig. 2, which is consisted of four steps. For
the pathological images, the vision-language foundational
model CONCH is applied for feature extraction [34]. As to
the ST data, we firstly develop a dynamic multi-relational
graph learning (DMRGL) module that can capture complex
dependencies of spots including the spatial proximity and
gene expression similarity. Then, we design an optimal
transportation-based gene module alignment approach that
can match ST and bulk RNA-seq data, by which we can
leverage the diagnostic information in bulk RNA-seq data

to help infer AR in ST. Finally, we fuse the representations
from the ST and pathological images to facilitate accurate
AR detection.

3.1. Data Preprocessing

For the ST data, we firstly exclude spots located outside the
tissue region. Then, we follow the approach in [11] that ap-
plies the SCANPY package [49] to identify a common set of
5000 highly variable genes (HVGs). Next, for the matched
pathological images of each ST slice, we crop them into
patches according to the spatial context of the spots and
further leverage the vision-language model CONCH [34]
for feature extraction. On the other hand, as to the bulk
RNA-seq data of each cancer cohort obtained from the The
Cancer Genome Atlas (TCGA), we also select the top 5000
HVGs and intersect with the selected genes in ST for align-
ment. To mitigate the batch effect for both ST and bulk
RNA-seq data, the SpaCross [13] algorithm is adopted.

3.2. Dynamic Multi-Relational Graph Learning

Recently, graph learning has emerged as a powerful tool for
detecting cancerous regions in spatial transcriptomics (ST)
[52]. However, most of the existing methods rely on the
spatial neighborhood of spots to build graph that fails to
take the gene similarity information into consideration. As
a matter of fact, the spots with similar gene expression pat-
tern also show close biological relationship [59]. To over-
come the above limitations, we propose a dynamic multi-
relational graph learning (DMRGL) module that jointly in-
corporates spatial proximity and gene expression similarity
to model the relationship among different spots.

Mathematically, we represent each slice of ST as X°® =
(25,25, ...,25]" € RNXD where 27 is the gene expres-
sion vector of the i-th spot, and D refers to the number of
genes. To capture multiple relational patterns among differ-
ent spots, a dynamic graph is defined G = (V,£®), where
V refers to the set of spots and £(*) denotes the edge con-
nections at stage ¢. In DMRGL, we initially (i.e., t = 0)
build the graph according to the spatial proximity of spots
by applying the KNN algorithm. Then, by considering that
the spots with long-range distance may share the same gene
expression patterns, we later (i.e., ¢ > 0) integrate gene
similarity to refine the graph structure by dynamically se-
lecting kg spots for each node with the largest cosine sim-
ilarities in the gene embedding space. Here, we employ
the Graph Attention Network (GAT) to learn genomic rep-
resentations of different spots. The attention mechanism
adaptively weights the influence of neighboring nodes as
follows:

exp (LeakyReLU (a—r [Wﬁf,HWf_ii]))

Qg =

D ke (v) €XP (LeakyReLU (aT [Whs ||Wﬁ2]))
ey
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Figure 2. The flowchart of the proposed BRGMAR framework. BRGMAR learns the image representations via the vision-language
foundation model CONCH [34]. For the ST data, BRGMAR utilizes a Dynamic Multi-Relational Graph Learning (DMRGL) module to
delineate their complex dependencies. In addition, to leverage the patient-level diagnostic information from the bulk-RNA seq, an optimal
transportation-based gene module alignment approach is proposed. Finally, we fuse the representations from both ST and pathological

images to facilitate accurate AR detection.

where ﬁi denotes the node representation of spot v, W is
a learnable weight matrix, a is the attention vector, and ||
represents the concatenation operator. The updated node
representation is then computed as:

hi =0 ( ugf:(v) aquﬁi)

2

3.3. Optimal Transportation-based Gene Module
Alignment

It is widely recognized that tissue functional abnormali-
ties often involve disruptions in gene co-expression pat-
terns rather than changes in individual gene expression lev-
els [41]. To transfer diagnostic knowledge from source bulk
RNA-seq data to the target ST domain, we propose a novel
gene alignment framework by partitioning the shared D
genes across ST and bulk RNA-seq data into latent func-
tional modules and then aligning them by jointly consider-
ing their compositional and functional characteristics.
Specifically, we first compute domain-specific gene sim-
ilarity matrices A™ € RP*P from learned features, where
the bulk features Z° = [z’l’,zg,...,z?\,b]T € RM*D are
extracted using a multi-layer MLP and the ST features
H* = [h,h3,...,hy 1T € RN<*D are taken from the
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previous subsection. Here, m € {b, s} denotes the bulk
and ST domains, respectively. Then, given the learnable
gene-module assignment matrix R™ € RP*Km where R}
indicates the probability of gene ¢ belonging to module k
in domain m, and K, denotes the number of latent gene
modules specific to domain m, we construct a Topological
Overlap Matrix (TOM) for each unit to capture its internal
co-expression pattern:

m.
ik

TOM}'[i, j] = Afj - i 3)
where TOM' [¢, j] quantifies the co-expression relationship
between gene 7 and gene j in module k, and /1,»]» represents
the normalized gene similarity matrix. The following sec-
tions detail the composition and function alignment based
on the TOM representation.

Composition Alignment. To align co-expression modules
across the bulk and ST domains, we measure the diver-
gence between their topological representations. Specifi-
cally, we treat TOM}" as a weighted graph and follow the
study in [39] to compute its Laplacian matrix as L7
D — TOM;', where Dj" is the degree matrix of TOM;".
Then, the compositional dissimilarity between a source
module (bulk) and a target module (ST) is quantified using



the squared Wasserstein-2 distance between their respective
Laplacian matrices.

O3 = T (L) + (1))
2w\ (LT 2)

where Tr(-) represents the trace operator, and { indicates
the pseudoinverse operator.

Function Alignment. Building upon compositional corre-
spondence, we further incorporate functional resemblance
to refine module alignment. Following prior work [9], we
leverage pre-trained gene functional embeddings from a
matrix £ = [ej,ea,...,ep]| € RP*DPemv where each
row e; corresponds to gene ¢ and is encoded from its NCBI
description using OpenAl’s text-embedding-3-large model.
Given the gene module assignment matrix R € RP*Km
for domain m, the centroid of the k-th module is computed
as:

“4)

> RE

Py = —1* (5)

Based on p;’, we define the functional distance between

cross-domain modules as Cff" = d(pp, p}), where d(-,-)
is a distance function (e.g., Euclidean distance). This pro-
duces a functional distance matrix CT" € REv*Ks  with
Ky and K indicating the number of functional gene mod-
ules in bulk and ST data, respectively.
Joint Alignment via Optimal Transport. Finally, we for-
mulate the module matching as an optimal transport (OT)
problem. An integrated cost matrix is established by com-
bining structural and functional divergences:

total __ ~org fun
coal = O 4 Ol ©)

Our objective is to find an optimal transport plan P €
R&bxKs that minimizes the overall alignment cost:

Ky, Kg
total
> D Py C

i=1 j=1

> Py =ai, (7)
J
ZP,;J- =b;.

where a; = 1/K} and b; = 1/K; represent uniform
marginal distributions over bulk and ST modules, respec-
tively. To improve numerical stability and optimization
efficiency, we introduce an entropic regularization term
H(P) = =, ; Pij(log Pjj — 1), resulting in the final
Sinkhorn distance as the loss function:

Ctotal Z P” Crotal _

)

reg : H(P) (8)

where Aree = 0.1 controls the strength of regularization.
The optimal transport plan P is efficiently approximated
using the Sinkhorn algorithm. The complete algorithmic
workflow is provided in Algorithm | in the Supplementary
Material.

3.4. Multi-modal Fusion of ST and Image Data

To integrate representations from both ST and image modal-
ities, we utilize a cross-attention mechanism. For each spot
v, the gene expression feature hS, serves as the query, while
the corresponding image feature ™ provides keys and
values.

=Wyhs, k, =Wz v, =W,zm8 )

where W, € RP*P W, € RP*Pims and W, €
RP*Pimg are learnable projection matrices. The cross-
attention is computed as:

«@ softma (qd@j) he = ayv (10)
v = X P v — GyUy
VD

The attended image context fzﬁ is then concatenated with the
learned gene expression feature and projected to produce
the final fused representation:

z5 = MLP([h3||h3]) (11)

3.5. Anomalous Region Detection

We employ a unified classifier to supervise the shared latent
representation space across domains. For each domain m €
{b, s}, we define learnable class-specific weight vectors or-
ganized into a matrix W™ = [w}",wy,...,wl 1T €

RNeisXD Then, the classification probability for sample 4
in domain m is computed as:

P(yzic|

my_ el .

SIS exp((wf) )

Finally, the overall training objective combines cross-
entropy losses for both domains with optimal transport:

L=1LYe + Lig+ Lo (13)
_% Zf\i1 log P(y

4. Experimental Results

m.o __ o,true m
where L = s =y | 2.

4.1. Experimental Settings

Datasets: In this study, we utilize three public available
spatial transcriptomics (ST) datasets for experimental val-
idation: BRCA[2], ccRCC[35], and HCC[24]. Specifi-
cally, the BRCA dataset, derived from breast cancer tis-
sue samples, comprises eight slices (A1l to H1), each con-
taining between 167 and 659 spatial spots. The number
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Figure 3. Comparison of the visualization results for anomalous region detection.

of detected genes per slice ranges from 14,861 to 15,671.
The ccRCC dataset, obtained from clear cell renal cell car-
cinoma tissues, consists of eight samples (GSM5924032
to GSM5924041), with each sample comprising 3,585 to
4,975 spatial spots and a uniform gene count of 17,943. The
HCC dataset, sourced from hepatocellular carcinoma speci-
mens, includes ten tissue slices (HCC-1L to HCC-5D), with
spot counts ranging from 2,755 to 4,750 and gene counts
varying between approximately 16,010 and 17,283. Com-
prehensive statistics for spatial spots including both nor-
mal and cancerous spots as well as gene counts across all
slices are provided in the Supplementary Table 5. For the
referenced bulk RNA-seq data of each tissue type, we col-
lect both normal and cancerous samples, which are obtained
from The Cancer Genome Atlas (TCGA), a large-scale can-
cer genomics program supported by the NCI and NHGRI.
Since the top 5000 HVGs obtained from bulk RNA-seq and
ST data differ (see Section 3.1), we establish a common
gene panel for cross-modal alignment by using the intersec-
tion of the HVGs identified in both datasets.

Implementation Details: In this paper, we adopt a leave-
one-out cross-validation (LOOCV) protocol for perfor-
mance evaluation across all datasets. Both our BRGMAR
and its competitors are trained for 300 epochs using the
Adam optimizer, with a learning rate of 1 x 10~* and a
batch size of 1. More specifically, the DMRGL module is
implemented as a three-layer architecture with hidden di-
mensions are set as 256 and 512, respectively. In DMRGL,
the spatial structure are formed based on the k,, = 5 near-
est neighbors of each spot, while gene similarity graph is
constructed by identifying the £, = 5 most similar nodes
for each spot. As to the OTGMA module, both ST and bulk
RNA-seq data are partitioned into V,,, = 10 functional gene
modules. We evaluate the performance of our method by the
metrics of the Area Under Curve (AUC) and the F1-score.
All experiments are conducted on two NVIDIA RTX 3090
GPU with 24GB memory. We will analysis the time com-
plexity compared with existing methods in Supplementary

Materials Section 7

Comparing Methods: To thoroughly assess the effec-
tiveness of our proposed framework, we conduct com-
prehensive benchmarking against a broad spectrum of
state-of-the-art methods.  These baselines are catego-
rized into four distinct groups: (i) Uni-modal AR detec-
tion methods relying on histopathology images, including
SimpleNet[33], THOR[6], BIHN[61], AnoDDPM[30]; (ii)
Uni-modal AR detection approaches relying on ST data,
including FICT[43], Giotto[12], SEDR[50], SpaGIC[32]
and BRGMAR-G. Here, BRGMAR-G is a variant of
our BRGMAR solely relying on ST data; (iii) Multi-
modal AR detection methods by the combination of ST
and histopathological image data, including MEATRD[52],
STAIG[53], STANDS[51], STGIC[57], stMMC[27]; (iv)
Domain alignment methods for transfer learning, in-
cluding Bulk2Space[29], DARE-GRAM[37], IRAD[54],
LOCIT[46], STEM[19]. More detailed introductions of
these comparing methods can be found in Supplementary
Materials.

4.2. Comparison with Uni-modal Methods

We first evaluate the performance of BRGMAR against
uni-modal baselines that utilize either histopathology
images or gene expression data alone. As shown in
Table 1, methods relying solely on histopathology images
consistently underperformed. For example, on the BRCA
dataset, the best image-based method achieves relatively
lower AUCs of 0.601. In contrast, models relying on ST
data exhibit substantially better performance, highlighting
the advantage of ST that can effectively identify subtle
molecular perturbations for AR detection. Notably, our ST-
only variant, BRGMAR-G, outperforms all other ST-based
baselines. These results underscore the effectiveness of our
DMRGL module in capturing complex, multiple spatial
dependencies, including non-local biological relationships
that are often missed by conventional graph-based or
transformer-based approaches.
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Table 1. Comparison of BRGMAR with Uni-modal Methods on (a) BRCA, (b) HCC, and (c) ccRCC datasets using average AUC and
F1-score as evaluation metrics. The best results are in bold, and the second-best results are underlined.

. Image-based ST-based
Dataset Metric
SimpleNet f-AnoGAN THOR BRGMAR-G SEDR Giotto FICT SpaGIC
BRCA AUC 0.601 +£0.094 0.558 +0.001 0.512+0.031 0.726 £ 0.009 0.7124+0.046 0.675+0.009 0.674 +0.093 0.701 + 0.082
Fl 0.579 +£0.005 0.546 +0.101 0.557 £0.084 0.734 £ 0.119 0.649+0.078 0.710+£0.119 0.585+0.030 0.629 + 0.037
HCC AUC 0.586 +0.036  0.673 +0.032 0.529 +0.045 0.806 £ 0.033 0.773+0.135 0.717+£0.033 0.630 +0.063 0.633 + 0.145
Fl 0.5174+0.115 0.581 +0.083 0.641 £0.070 0.755 £ 0.045 0.654 +0.117 0.636 £0.045 0.662 +0.127 0.752 + 0.014
ccRCC AUC 0.536 +£0.053  0.592 £0.128 0.568 +0.035 0.671 4+ 0.050 0.660 £ 0.181 0.653 £0.055 0.668 & 0.074 0.642 £ 0.057

Fl 0.540 +£0.002 0.611 £0.048 0.607+0.100 0.678 = 0.001 0.622 £ 0.005 0.661+0.199 0.655 £ 0.051 0.647 £ 0.066

4.3. Comparison with Multi-modal Methods

We further compare our BRGMAR with multi-modal meth-
ods that combine ST data and pathological image for can-
cerous region detection. As summarized in Table 2, the
experimental results show that BRGMAR consistently and
significantly outperforms all competing methods across all
the three datasets. For example, on the BRCA dataset,
BRGMAR achieves an Fl-score of 0.775 and an AUC of
0.801. A similar trend is observed on the HCC dataset,
where our framework attains a leading AUC of 0.897 and an
F1-score of 0.863, demonstrating a clear performance gain
over the next-best approach. We attribute this substantial
improvement to the incorporation of a novel transfer learn-
ing strategy, which effectively leverages the rich diagnostic
signals embedded in patient-level bulk RNA-seq data for
cancerous region detection.

4.4. Comparison with Transfer Learning Methods

To comprehensively assess the efficacy of the proposed
OTGMA within our BRGMAR framework for aligning
ST and bulk RNA-seq data, we conducted the comparison
against several SOTA transfer learning approaches. The
experimental outcomes, as detailed in Table 2, unequiv-
ocally demonstrate that our method achieves superior
performance across multiple evaluation metrics. This
consistent advantage stems from the inherent limitations of
conventional transfer learning techniques, which primarily
focus on aligning individual transcriptomic features in
isolation. Such approaches often overlook the critical
biological insight that functional abnormalities in tissues
predominantly emerge from disruptions in gene co-
expression networks, rather than from isolated alterations
in single-gene expression profiles [14]. In contrast, our OT-
GMA module innovatively addresses this gap by aligning
ST and bulk RNA-seq data at the granular level of gene
co-expression modules, leveraging both functional and
compositional similarities. This design not only preserves
the underlying regulatory architecture but also facilitates a
more biologically meaningful transfer of knowledge across

data modalities.

4.5. Qualitative Analysis of Anomaly Detection:

To qualitatively assess the anomaly detection performance
of our method, we visualize the predicted results across
different datasets. As shown in Fig. 3, on the BRCA
dataset, our model can accurately delineate anomalous
regions, with boundaries closely matching ground truth
annotations.  Similar results can also be observed for
HCC and ccRCC datasets, where our method consistently
produces coherent and well-defined contours aligned with
tumor regions. By contrast, image-only methods such as
SimpleNet often yields blurred or diffuse predictions due
to their limited contextual understanding from the genomic
perspective, while the gene expression-based approaches
like FICT show stronger AR detection ability but may
produce fragmented or spatially inconsistent outputs.
Moreover, by the combination of image and genomic data,
the multi-modal approach including MEATRD, STANDS
can offer more advanced cancerous region detection results
but still exhibits less precise boundary in comparison with
our approach.

4.6. Ablation Study

In Table 3, we conduct the ablation study to verify the
effectiveness of different components in our proposed
BRGMAR. Here, C°"9 and C¥*" in OTGMA refer to con-
sidering the compositional and functional similarities of
gene modules for domain alignment via optimal transporta-
tion, while £%P and £°™ correspond to the incorporation
of spatial units or gene expression profile similarity edge in
the DMRGL module. From Table 3, we can derive the fol-
lowing three observations. Firstly, capturing both compo-
sitional and functional similarities for gene module align-
ment is very important since it can enhance the biologi-
cal relevance and accuracy of the alignment between ST
and bulk RNA-seq data. Secondly, the DMRGL module
that can combine both spatial proximity and gene expres-
sion similarity for graph learning can yield more promis-
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Table 2. Comparison of BRGMAR with Multi-modal and Transfer Learning Methods on (a) BRCA, (b) HCC, and (c) ccRCC datasets
using average AUC and F1-score as evaluation metrics.

Multi-modal Methods

Transfer Learning Methods

Dataset Metric BRGMAR
MEATRD STANDS STAIG STGIC stMMC STEM DARE-GRAM LOCIT Bulk2Space IRAD

BRCA AUC  0.801 £ 0.029 0.764 4 0.047 0.723+0.164 0.756 £0.028 0.769 = 0.069 0.737 +0.052 0.721+0.017 0.738 £0.033  0.770 £0.028 0.740 £ 0.030  0.719 £ 0.039
Fl1 0.775 +0.046 0.732+0.079 0.742+£0.049 0.738£0.013 0.744 4+0.023 0.630 +0.023 0.742+0.065 0.7224+0.084 0.732+£0.043 0.735+0.018 0.701 +0.115
HCC AUC  0.897 £0.010 0.861+0.116 0.854+0.015 0.828+0.087 0.803 £0.035 0.748+0.050 0.836 £0.036 0.732+£0.021 0.827+0.095 0.831 £0.111 0.816 £ 0.024
Fl1 0.863 + 0.037 0.838 +0.004 0.835+0.056 0.803+0.063 0.7494+0.064 0.807 +0.104 0.811+0.116 0.807+0.104  0.842+0.051 0.824 +0.141  0.807 + 0.001
ccRCC AUC  0.724 £0.025 0.681£0.012 0.705+0.143 0.651 +£0.074 0.648 £0.091 0.691+0.051 0.704 £0.024 0.685+0.022 0.698 £ 0.122 0.663 £ 0.057 0.697 £ 0.084
Fl1 0.732 +0.041 0.707 +0.039 0.669 +0.031 0.703+0.009 0.676 +0.106 0.706 +0.009 0.705+0.018  0.701 +0.057  0.684 +0.081  0.709 4 0.007  0.684 + 0.031

ing AR detection results. Finally, by leveraging dynamic
graph construction, BRGMAR discovers latent tissue orga-
nization patterns during feature learning, which consider-
ably enhances the model’s detection capability for cancer-
ous regions.

Table 3. Ablation study for different components in our proposed
BRGMAR

OTGMA | DMRGL | BRCA HCC ccRCC

cors Cfwn | gse geim | AUC  FI  AUC  FI  AUC  FI

x v/ v v/ | 0767 0729 0854 0833 0.694 0.705
v x v v/ | 0752 0743 0877 0842 0.690 0.710
x x v/ v/ | 0748 0714 0830 0819 0.643  0.669
v/ v/ x v/ | 0763 0752 0841 0795 0.721  0.717
v/ v/ v x | 0785 0746 0860 0816 0716 0.723
v/ v v v/ | 0.801 0.775 0.897 0.863 0.724 0.732

4.7. Parameter Analysis

In this section, we discuss the effects of the following key
parameters in our proposed BRGMAR method: k,,: Num-
ber of neighbors used to construct the spatial context graph.
ks: Number of neighbors when building the gene similarity
edge. IV,,,: Number of generated gene modules in OTGMA.
N}pg:The number of top highly variable genes.

As shown in Fig. 4 in Supplementary Materials, our
model is robust to variations in k,, and ks, and with both
evaluation metrics fluctuating within a small ranges. Fur-
thermore, increasing the number of gene modules N, ini-
tially improves performance, as the model captures finer-
grained functional patterns for alignment between ST and
bulk RNA-seq data. The performance stabilizes when
N,, exceeds 10, suggesting that most biologically rele-
vant patterns for AR detection have been adequately cap-
tured. For the number of HVGs, we observe that per-
formance improves as the number increases from 3000 to
5000, then plateaus beyond 5000 genes, indicating that se-
lecting around 5000 HVGs is sufficient to capture the key
transcriptional features for optimal performance.

4.8. Results for Module Alignment

For each cancer cohort, We first identify the top three bulk-
ST gene module pairs that exhibit the highest matching

probabilities according to the optimal transport plan (shown
in Supplementary Materials) derived from the OTGMA
module. Then, for each pair, we perform KEGG path-
way enrichment analysis and visualize the pathways that are
commonly enriched in each paired module. As illustrated
in Fig. 6 ( in Supplementary Materials), for BRCA co-
hort, the selected bulk—ST pairs underscored core processes
such as cellular signaling regulation, immune—stromal com-
munication, and hormone response. These pathways are
well-known to drive tumor-growth [17], influence the tumor
microenvironment [45], and modulate hormone-dependent
oncogenic programs [3] of breast cancer. Additional discus-
sions for other cancer types can be found in the Supplemen-
tary Materials.

5. Conclusion

In this study, we introduces BRGMAR, a multi-modal ap-
proach for detecting anomalous tissue regions by jointly
leveraging spatial transcriptomics, bulk RNA-seq, and his-
tology images. Unlike existing methods that focus only on
molecular signals in ST, BRGMAR incorporates broader
patient-level information and visual features to enhance de-
tection sensitivity. Through dynamic multi-relational graph
learning, our model captures multiple relationships among
spots in ST, while the proposed OTGMA module enables
diagnostic knowledge transfer from bulk-RNA data. We
evaluate our method on three public available ST datasets
for the purpose of identifying cancerous regions from nor-
mal tissues, and the experimental results demonstrate the
advantage of our method in comparison with the existing
studies. Overall, our study underscores the value of multi-
modal integration in spatial genomics and opens avenues
for more precise and informative cancer diagnostics.
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