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Abstract

The detection of anomalous tissue regions (ATRs) within af-
fected tissues is crucial in clinical diagnosis and pathologi-
cal studies. Conventional automated ATR detection methods,
primarily based on histology images alone, falter in cases
where ATRs and normal tissues have subtle visual differences.
The recent spatial transcriptomics (ST) technology profiles
gene expressions across tissue regions, offering a molecular
perspective for detecting ATRs. However, there is a dearth
of ATR detection methods that effectively harness comple-
mentary information from both histology images and ST. To
address this gap, we propose MEATRD, a novel ATR de-
tection method that integrates histology image and ST data.
MEATRD is trained to reconstruct image patches and gene
expression profiles of normal tissue spots (inliers) from their
multimodal embeddings, followed by learning a one-class
classification AD model based on latent multimodal recon-
struction errors. This strategy harmonizes the strengths of
reconstruction-based and one-class classification approaches.
At the heart of MEATRD is an innovative masked graph dual-
attention transformer (MGDAT) network, which not only facil-
itates cross-modality and cross-node information sharing but
also addresses the model over-generalization issue commonly
seen in reconstruction-based AD methods. Additionally, we
demonstrate that modality-specific, task-relevant information
is collated and condensed in multimodal bottleneck encoding
generated in MGDAT, marking the first theoretical analysis
of the informational properties of multimodal bottleneck en-
coding. Extensive evaluations across eight real ST datasets
reveal MEATRD’s superior performance in ATR detection,
surpassing various state-of-the-art AD methods. Remarkably,
MEATRD also proves adept at discerning ATRs that only show
slight visual deviations from normal tissues.

Code — https://github.com/wqlzuel/MEATRD
Extended version — https://arxiv.org/abs/2412.10659

Introduction
Detecting anomalous tissue regions (ATR) within tissues
from affected individuals is essential in clinical diagnostics,
pathological studies, and targeted therapies (Srinidhi, Ciga,
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and Martel 2021). Traditionally, automated ATR detection,
which typically applies computer vision techniques to his-
tology images, e.g., whole-slide images (WSI) stained with
hematoxylin and eosin (H&E) (Zingman et al. 2023), is a
specialized task of image anomaly detection (AD). However,
histology images, unlike natural images (e.g., those in Ima-
geNet dataset) (Bergmann et al. 2019), present unique chal-
lenges for AD due to their inherent high complexity (Zehnder
et al. 2022), subtle differences between ATRs and normal tis-
sues (Shenkar and Wolf 2022), the diverse manifestations of
ATRs (Komura and Ishikawa 2018), and variability in stain-
ing quality (Zingman et al. 2023). The complexities demand
supplementary information to visual cues for accurate ATR
detection.

Spatial transcriptomics (ST) meets this need by providing
spatial gene expression data. By far, a total of 1033 publicly
available human ST datasets that span 56 diseases and 35
tissues, providing a rich resource for investigating ATRs at
the molecular level (Wang et al. 2024). A typical ST dataset
is structured as a matrix X ∈ RN×G, where Xi,j denotes
the expression read counts of the j-th gene mapped to i-th
tissue spot. As illustrated in Figure 1, these spots, ranging in
size from 10 to 200 µm as per sequencing technology, are
spatially arranged in arrays to cover the entire tissue slice
(Hu et al. 2023), thereby characterizing gene expression pro-
file across the tissue. This molecular-level data, especially
in cases where ATRs are visually similar to normal tissues,
can significantly aid in their detection (Hu et al. 2021). How-
ever, due to limitations inherent to sequencing technology,
ST data suffer from severe noise and substantial missing val-
ues in gene expression measurements (Wang et al. 2022),
leading to compromised precision in demarcating tissue re-
gions (Wang, Maletic-Savatic, and Liu 2022). Integration of
histology images with ST data presents a promising solution
to these challenges. As illustrated in our toy example in Fig-
ure 1, the blank spots in the ST dataset’s spatial map, which
represent tumor core locations with missing gene expression
data, are visually identifiable in the accompanying histology
image. Conversely, the tumor edge region, which may not
be easily distinguishable from normal tissues visually, is de-
tectable in the ST data. Therefore, the information from the
two modalities can complement each other, greatly enhancing
the precision of ATR detection. Fortunately, ST technologies
like 10x Visium (Moses and Pachter 2022) provide accom-
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Figure 1: Detecting ATRs with histology images and ST
data. ATRs include both tumor core and edge regions, as
delineated by red and blue outlines in the histology image,
respectively. The tumor edge region visually resembles the
adjacent normal tissues. In the spatial map of the ST dataset,
the ATRs encompass both red and blank spots, with blank
spots indicating locations of missing gene expression data.

panying histology images, allowing concurrent analysis of
visual and genetic information for ATR detection.

Given the rarity and unpredictable heterogeneity of anoma-
lies, AD in images is often framed as an unsupervised learn-
ing problem, where anomalies are not known a priori. Models
are trained exclusively on reference datasets comprising in-
liers to understand ”normality” at training time and identify
deviations from this norm as anomalies at inference time
(Liu et al. 2023; Bergmann et al. 2019). Contemporary im-
age AD methods, which use deep learning to learn initial
representations of normal images (Shvetsova et al. 2021; Liu
et al. 2023), often involve an encoder pre-trained on large
natural image datasets (Deng and Li 2022; Roth et al. 2022).
These representations are then used to either model the inlier
distribution in latent space, as seen in one-class classifica-
tion methods (Ruff et al. 2018), or to reconstruct inliers in
reconstruction-based methods (Schlegl et al. 2019). Instances
in the target dataset, which exhibit low probability in the in-
lier distribution or larger-than-expected reconstruction errors
are deemed anomalous.

Despite successes of these methods in areas such as man-
ufacturing defect inspection, financial fraud detection, etc
(Sohn et al. 2020), the unique challenges posed by ATR de-
tection require more specialized methods (Riasatian et al.
2021; Tschuchnig and Gadermayr 2022). To meet this need,
adaptions made to image AD methods focus on represen-
tation learning and anomaly discrimination techniques. For
example, image encoders pre-trained on natural images are
replaced with those tailored for histology images, such as U-
Net (Zehnder et al. 2022), DenseNet (Riasatian et al. 2021),
and s2-AnoGAN (Pocevičiūtė, Eilertsen, and Lundström
2021). In addition, anomaly scoring is adapted to use per-
ceptual loss instead of pixel-wise reconstruction errors com-
monly used for natural images (Shvetsova et al. 2021; Zehn-
der et al. 2022). However, these methods may struggle when
ATRs visually resemble normal tissues (Bejnordi et al. 2017).
In contrast, ST differentiates tissue regions at the gene expres-
sion level (Hu et al. 2021; Dong and Zhang 2022), providing
a remedy for ATR detection involving such complexities.

Currently, Spatial-ID (Shen et al. 2022) is the only method
that uses ST for ATR detection, employing a DNN classifier
which assigns spots in the ST dataset to known regions while
determining those with uncertain assignments as anomalies.
However, this classification-based approach can induce high
false positive rates, as uncertainties in assignment could stem
from similarities among normal tissues rather than the pres-
ence of ATRs (Li et al. 2022). Its sole reliance on ST data
also makes it vulnerable to noise and dropouts in gene expres-
sion measurements, even for detecting visually recognizable
ATRs.

In this study, we propose Multimodality Enhanced
Anomalous Tissue Region Detection (MEATRD), the first
method that integrates histology images and ST data for
enhanced ATR detection. MEATRD conceptualizes tissue
spots as nodes within an attributed graph, leveraging a
reconstruction-based graph model for inlier nodes reconstruc-
tion from dual perspectives of image and gene expression.
During inference, the discrepancies between reconstruction
errors of inliers (i.e., normal tissues) and anomalies (i.e.,
ATRs) can be exploited by a discriminative model for ac-
curate ATR detection. As shown in Figure 2, MEATRD in-
volves three stages. Stage I focuses on extracting visual
features of histology images. The histology image is seg-
mented into a patch centered around each spot, which are
processed into imagery embeddings. Stage II aims to re-
construct the gene expression profiles and image patches of
each spot from their fused embeddings, obtained using our
innovative masked graph dual-attention transformer (MG-
DAT) network. MGDAT allows concurrent cross-node and
cross-modal attention calculations, promoting efficient cross-
modality information sharing and incorporation of spatial
relationships among spots. Additionally, to counter poten-
tial model over-generalization1, we employ the node-feature
masking strategy, which forces the model to rely more on
the surrounding context and cross-modal information. Stage
III focuses on acquiring a one-class classification model
to identify anomalies. Unlike existing one-class classifica-
tion AD methods that use instance deep embeddings and
are prone to reference-target domain shifts (Ouardini et al.
2019), our model pioneers in using domain shift-robust latent
multimodal reconstruction losses (Donahue, Krähenbühl, and
Darrell 2016; Schlegl et al. 2019) for more reliable anomaly
detection. By collapsing inliers’ reconstruction losses into a
compact hypersphere, our model increases the reconstruction
error discrepancy between inliers and anomalies, thereby fur-
ther mitigating model over-generalization. In summary, our
main contributions include:

• We propose MEATRD, a pioneer multimodal method that
integrates spatial transcriptomics with histology images for
enhanced ATR detection.

• MEATRD simultaneously addresses the over-
generalization in reconstruction-based AD methods
and the domain shift issue in one-class classification,
leading to significant performance improvement.

1A common pitfall of reconstruction-based methods where
anomalies might yield low reconstruction errors (Liu et al. 2023;
Ristea et al. 2022).
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• We design an MGDAT network as the core component
of MEATRD to facilitate cross-modality and cross-node
information exchange while ameliorating model over-
generalization. We also demonstrate the theoretical foun-
dation for this information exchange, which is grounded
in MGDAT’s ability to generate inclusive and condensed
encoding of modality-specific, task-relevant information
(supplementary material D).

• Extensive benchmarks on eight breast cancer ST datasets
demonstrate MEATRD’s superiority over nine state-of-the-
art (SOTA) AD methods in accurately detecting ATRs, in-
cluding those with subtle visual deviations from surround-
ing normal tissues.

Preliminary
Definition D.1. ST Dataset and Associated Histology Image.
Let X ∈ RN×G be a ST dataset, where N is the number of
tissue spots and G is the number of genes. SN and SG denote
the set of spots and genes, respectively. Xi,j represents the
the read counts of gene j at spot i, and xi ∈ RG represents
the gene expression profile at spot i. Let P ∈ RH×W×C be
the associated histology image, where H,W , and C are the
height, width, and number of channels, respectively.
Definition D.2. Graph Representation of ST Dataset and
Histology Image. For a given ST dataset X , the associ-
ated histology image P is segmented into N patches, where
Pi ∈ Rh×w×C denotes the patch centered around spot
i ∈ SN , with height h and width w. Then spots are modeled
as nodes on an unweighted, attributed graph G(SN , A,Z),
where A ∈ {0, 1}N×N is the adjacency matrix, and Z :=
[Zimage||Zgene] is the node feature matrix. Zimg ∈ RN×D

and Zgene ∈ RN×D are embeddings of image patches
and gene expression profiles of spots. A(i, j) = 1 if node
j ∈ n(i), where n(i) is the set of k-nearest neighbors of node
i, and A(i, j) = 0 otherwise. k is typically set to be six due
to the hexagonal arrangement of spots (Xu et al. 2024).
Definition D.3. Problem Definition. Let X and P denote
the target ST dataset and associated histology image, re-
spectively. Similarly, let X and P denote the reference ST
dataset and associated histology image, respectively. We de-
fine yi ∈ {0, 1} as the label for spot i, where yi = 1 in-
dicates an anomalous spot, and yi = 0 otherwise. Note,
yi = 0, ∀i ∈ X; yj ∈ {0, 1}, ∀j ∈ X . The task of ATR
detection is defined as identifying the subset of anomalous
spots within the target dataset: S = {§i|y§i = 1, ∀§i ∈ X},
using a model trained exclusively on X and P . 2

Method
As shown in Figure 2, the workflow of MEATRD includes
three stages: Stage I extract visual features from histology
image patch of each spot; Stage II focuses on the learning of
reconstructions of image patches and gene expression pro-
files using multimodal embeddings generated by a MGADT
network; Stage III entails the training of an anomaly discrim-
inator based on latent multimodal reconstruction errors.

2Related work is in supplementary material A due to space
limitation.

Extracting Visual Features of Histology Image
Patches (Stage I)
Initially, whole slide images are segmented into 32x32
patches centered around each spot in the ST dataset (Zong
et al. 2022). The visual manifolds of these image patches are
obtained using a Mobile-Unet, with an encoder consisting
of downsampling convolutional layers and inverted residual
blocks. Its decoder comprises upsampling deconvolutional
layers and inverted residual blocks, connected to the encoder
via shortcut connections.

This design not only inherits the merits of U-Net in ex-
tracting visual features from histology images but also boosts
computational efficiency by reducing the model’s parame-
ters. Given a histology image patch Pi for spot i ∈ SN , the
Mobile-Unet is pretrained to reconstruct it as P̂i, with a pre-
training loss that is a mix of a perceptual loss, based on the
Structural Similarity Index (SSIM), and an L1 reconstruction
loss:

P̂i := D1(E1(Pi)), zi ∈ RD := E1(Pi) (1)

Lperc = −SSIM(Pi, P̂i),L1 = ||Pi − P̂i||1 (2)

SSIM(X,Y ) =
(2µXµY + C1)(2σX,Y + C2)

(µ2
X + µ2

Y + C1)(σ2
X + σ2

Y + C2)
(3)

Lpretrain = Lperc + L1. (4)

where µ∗ and σ2
∗ are the average intensity and variance of

∗ ∈ {X,Y }, respectively. C1 and C2 represent two con-
stants to stabilize the division with a weak denominator.
SSIM and L1 measure the structural similarities and pixel-by-
pixel discrepancies between the original and reconstructed
images, respectively. Then, pretraining loss enhances the
representation learning of complex histology images by ac-
counting for both contextual integrity, via Lperc, and local
details via L1 (Okada and Taniguchi 2021). Following train-
ing, E1 is used to yield image patch embeddings for each spot
i ∈ SN . Finally, unlike complex tissue images, which need
to be converted into semantically meaningful representations
in the first place, gene data have much clearer semantics.
Therefore, MEATRD do not require a pretext representation
learning stage for gene data. Rather, we use a two-layer MLP
in stage II to rasterize gene data before feeding them into
MGDAT blocks, where graph-based gene encoding takes
places.

Masked Graph Dual-Attention Transformer
Network (Stage II)
To generate information-rich multimodal spot embeddings
for reconstruction, we fuse histology image patches and
gene expression profiles while incorporating contextual inter-
dependencies among spots to reveal their biological charac-
teristics. This is achieved by modeling spots as nodes in an at-
tributed graph G(V,A,Z), as described in Definition D.2, on
top of which node representations are learned using an inno-
vative masked graph attention network, termed MGDAT. This
network, comprising a series of MGDAT blocks, allows in-
formation sharing across both data modality and graph nodes.
Within each MGDAT block, nodes to be reconstructed are
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Figure 2: The workflow of MEATRD.

masked before aggregating fused gene and imagery attributes
of their neighboring nodes via attention-based mechanism.

Formally speaking, let Gi(Vi, Ai,Zi) denote the subgraph
of a target node i that covers up to its 3-hop neighbors, where
Vi, Ai and Zi denote the node set, adjacency matrix, and
node attribute matrix of Gi, respectively. We set the num-
ber of hops to be 3 as using more hops will result in over-
smoothing while fewer hops will significantly limit the infor-
mation spread in the graph. zi ∈ RD represents node i’s im-
agery attribute derived from Stage I, and ζi ∈ RD represents
node i’s gene attribute rasterised from its gene expression
vector xi using a two-layer MLP. zi and ζi are substituted
with learnable mask tokens z[M ] ∈ RDand ζ[M ] ∈ RD.

This target-node-masking serves to prevent self-
information leakage of the target node into its own
embedding for reconstruction, thus alleviating the potential
model over-generalization issue. Gi is processed by the
MGDAT network through its series of MGDAT blocks.
For the l-th block, l ∈ {0, 1, 2}, the inputs are embeddings
of the image patches, Z(l)

img,i ∈ R|Vi|×D, and the gene

expression profiles, Z(l)
gene,i ∈ R|Vi|×D, of Vi. The initial

embeddings are defined as Z(0)
img,i := [z1, .., z[M ], ..zVi ]

⊤

and Z(0)
gene,i := [ζ1, .., ζ[M ], .., ζVi

]⊤. The l-th MGDAT

block yields fused bottleneck embeddings Z(l)
fb,i ∈ R|Vi|×D′

,
D′ ≪ D as follows:

Z(l)
fb,i = Trm

(
[Z(l)

img,i||Z
(l)
gene,i];W

(l)
Q ,W

(l)
K ,W

(l)
V

)
(5)

where Trm denotes Transformer. W
(l)
Q ,W

(l)
K ,W

(l)
V ∈

R2D×D′
are query, key and value parameters, respectively.

Z(l)
fb serves as a bottleneck to collate and condense modality-

specific, task-relevant information from image and ST data
(Nagrani et al. 2021), as theoretically demonstrated in supple-

mentary material D. By concatenating Z(l)
fb with Z(l)

img and

Z(l)
gene, the two data modalities are bridged, facilitating ac-

cess to their complementary task-relevant information. Next,
multimodal information of l-hop neighbors is aggregated as
follows:

h
(l)
∗,i = [Z(l)

∗,i||Z
(l)
fb,i], where ∗ ∈ {img, gene}, (6)

α
(l)
∗,ij =

exp(w
(l)
attσ(W

(l)[h
(l)
∗,i||h

(l)
∗,j ]))∑

k∈Ni
exp(w

(l)
attσ(W

(l)[h
(l)
∗,i||h

(l)
∗,k])))

, (7)

Z(l+1)
∗,i = σ(

∑
j∈Ni

α
(l)
∗,ijW

(l)h
(l)
∗,j), (8)

where σ denotes LeakyReLU, w(l)
att ∈ RD and W (l) ∈

RD×(D+D′) denote the attention weight matrix and regular
weight matrix of the l-th MGDAT block, respectively.

The histology image patches of Vi are reconstructed from
the final image embeddings, Zimg,i, through a ResNet-based
deconvolutional decoder D2, while the gene expression pro-
files of Vi are reconstructed from the final gene embeddings,
Zgene,i, through a single-layer GNN-based decoder D3 (Hou
et al. 2023):

P̃i := D2(Zimg,i), x̃i := D3(Zgene,i) (9)

The training loss of stage II includes an image-level loss,
same as that defined in Equation (4), and a gene-level recon-
struction loss measured in scaled cosine errors:

Lrec =α ·
N∑
i

(−SSIM(Pi, P̃i) + ||Pi − P̃i||1)

+ (1− α) ·
N∑
i

LSCE(xi, x̃i),

(10)
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Target
Dataset Metric

Method
Multimodal-based Image-based ST-based

MEATRD M3DM SimpleNet f-AnoGAN Patch SVDD DOMINANT PREM Spatial-ID scmap CAMLU

10x-hBC-A1
AUC 0.756±0.007 0.520±0.046 0.543±0.095 0.642±0.109 0.614±0.005 0.488±0.117 0.211±0.004 0.463±0.067 0.500±0.000 0.516±0.021

F1 0.892±0.007 0.875±0.0013 0.875±0.011 0.892±0.017 0.892±0.005 0.885±0.017 0.865±0.000 0.870±0.004 0.934±0.000 0.376±0.383

10x-hBC-B1
AUC 0.920±0.028 0.505±0.029 0.554±0.135 0.736±0.144 0.442±0.025 0.698±0.077 0.288±0.006 0.195±0.083 0.504±0.000 0.667±0.160

F1 0.841±0.022 0.210±0.027 0.302±0.127 0.568±0.176 0.225±0.025 0.352±0.143 0.073±0.008 0.067±0.064 0.354±0.000 0.428±0.365

10x-hBC-C1
AUC 0.715±0.017 0.540±0.034 0.501±0.099 0.485±0.035 0.401±0.0032 0.633±0.101 0.419±0.004 0.384±0.055 0.500±0.000 0.660±0.156

F1 0.842±0.021 0.735±0.028 0.735±0.024 0.713±0.021 0.661±0.005 0.769±0.040 0.695±0.006 0.687±0.013 0.838±0.000 0.808±0.021

10x-hBC-D1
AUC 0.803±0.017 0.488±0.011 0.485±0.111 0.276±0.072 0.377±0.005 0.530±0.172 0.380±0.003 0.469±0.007 0.503±0.000 0.649±0.066

F1 0.698±0.016 0.443±0.017 0.433±0.072 0.253±0.085 0.373±0.010 0.478±0.123 0.344±0.010 0.410±0.011 0.626±0.000 0.465±0.158

10x-hBC-E1
AUC 0.553±0.046 0.536±0.014 0.465±0.119 0.369±0.034 0.300±0.009 0.475±0.083 0.429±0.006 0.449±0.082 0.500±0.000 0.405±0.047

F1 0.739±0.029 0.598±0.009 0.542±0.077 0.492±0.021 0.443±0.006 0.570±0.058 0.528±0.008 0.542±0.054 0.734±0.000 0.081±0.095

10x-hBC-F1
AUC 0.667±0.009 0.485±0.046 0.476±0.017 0.493±0.011 0.483±0.005 0.477±0.074 0.379±0.004 0.380±0.074 0.500±0.000 0.409±0.051

F1 0.858±0.003 0.832±0.009 0.835±0.002 0.842±0.004 0.840±0.003 0.834±0.018 0.825±0.001 0.820±0.005 0.910±0.000 0.036±0.022

10x-hBC-G2
AUC 0.640±0.079 0.524±0.016 0.482±0.074 0.457±0.016 0.430±0.008 0.576±0.107 0.430±0.006 0.312±0.024 0.500±0.000 0.518±0.001

F1 0.544±0.045 0.366±0.016 0.333±0.068 0.295±0.002 0.294±0.018 0.434±0.095 0.273±0.006 0.214±0.029 0.510±0.000 0.070±0.005

10x-hBC-H1
AUC 0.732±0.064 0.474±0.023 0.443±0.099 0.625±0.083 0.415±0.005 0.521±0.105 0.370±0.009 0.319±0.061 0.500±0.000 0.515±0.010

F1 0.516±0.029 0.273±0.029 0.186±0.080 0.359±0.080 0.066±0.003 0.297±0.060 0.209±0.018 0.179±0.038 0.467±0.000 0.418±0.113

Mean
AUC 0.723 0.509 0.494 0.510 0.433 0.550 0.363 0.371 0.501 0.542

F1 0.741 0.542 0.530 0.552 0.474 0.577 0.476 0.474 0.672 0.335

Table 1: Performance evaluation of anomalous tissue region detection across eight human breast cancer ST datasets. The table
presents the results in terms of AUC and F1 scores, with each cell showing the average score from five independent runs and the
corresponding standard deviation. The best score for each dataset is bolded, and the second-best score is underline.

LSCE(xi, x̃i) =

(
1− x⊤

i x̃i

||xi|| · ||x̃i||

)γ

, γ ≥ 1, (11)

where 0 < α < 1 is the weight assigned to image recon-
struction loss, γ is a scaling factor. The workflow of Stage II
is illustrated in Figure 2 and Algorithm 1 in supplementary
material C.

Latent Multimodal Reconstruction Loss-based
Anomaly Discriminator (Stage III)
Following Stage II, the original and reconstructed image
patches of any spot i are processed by a ResNet to gener-
ate their respective latent manifolds, denoted as eimg,i :=

ResNet(Pi) and ẽimg,i := ResNet(P̃i), respectively. Here,
we employ a light-weight ResNet as the encoder since this
stage focuses on calculating latent loss rather than for the
more involved tissue image reconstruction task. Similarly,
the manifolds of the original and reconstructed gene expres-
sion profiles of spot i are generated by an MLP, denoted as
egene,i := MLP(xi) and ẽgene,i := MLP(x̃i), respectively.
Next, these manifolds are normalized, and a feed-forward
network (FFN) maps their weighted averages to a latent space
where the multimodal reconstruction error, ℓrec,i, is calcu-
lated as follows:

Zfused,i = FFN

(
β · eimg,i

||eimg,i||
+ (1− β) · egene,i

||egene,i||

)
(12)

Z̃fused,i = FFN

(
β · ẽimg,i

||ẽimg,i||
+ (1− β) · ẽgene,i

||ẽgene,i||

)
(13)

ℓrec,i = Zfused,i − Z̃fused,i (14)

where 0 < β < 1 represents the relative weight assigned to
the histology image. We then train a one-class classifier to

collapse latent reconstruction errors of inliers into a compact
hypersphere using the loss function:

Locc = ∥ℓrec,i − c∥2 (15)

where c = 1
N

N∑
k=1

ℓrec,k. The training workflow of Stage III

is also illustrated in Algorithm 2 of supplementary material
C. At inference time, the anomaly score (AS) of a query spot
j is computed as the distance of its latent reconstruction loss
to c:

ASj := ∥ℓrec,j − c∥2 (16)

Given the observation that a gap exists between anomaly
scores of inliers and anomalies (Figure 1 in supplementary
material B), the AS threshold for discriminating inliers and
anomalies is automatically determined using a Maximum
A Posteriori-Expectation-Maximization (MAP-EM)-based
mixture model, as detailed in supplementary material B.

Experiments
Experimental Settings
Datasets. MEATRD is extensively evaluated across eight
breast cancer datasets and four primary sclerosing cholangi-
tis (PSC) datasets. (see supplementary material E for data
description and preprocessing).
Baselines. We select nine SOTA image-based, ST-based, and
multi-modal AD methods as baselines. Image-based methods
include two one-class classification methods, Patch SVDD
(Yi and Yoon 2020) and SimpleNet (Liu et al. 2023), along-
side a reconstruction-based method, f-AnoGAN (Schlegl
et al. 2019). For ST-based methods, we consider scmap (Kise-
lev, Yiu, and Hemberg 2018), a classification-based method,
CAMLU (Li et al. 2022), a reconstruction-based method,
PREM (Pan et al. 2023), a discriminative graph method,
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Anomaly Detection
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Precision:   
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Recll: 
0.780±0.141 

MEATRD-standard MEATRD-𝜷 f-AnoGAN SimpleNet

Precision:   
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Recll:   
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Figure 3: Visualized detection results of tumor edge regions that visually resemble the adjacent normal tissues in the 10x-hBC-I1
dataset. The first row, from left to right, displays the original histology image, the one annotated with ground truth region labels,
the one highlighting the tumor edge region (in red) and the adjacent healthy region (in blue), and the one annotated with ATRs
identified by DOMINANT. The second row presents images annotated with ATRs identified by their respective methods. The
performance of each method is also quantified using mean precision and recall scores over five independent runs. These metrics,
along with their standard deviations, are displayed right to each method’s panel.

DOMINANT (Ding et al. 2019), a generative graph method,
and Spatial-ID (Shen et al. 2022), a classification-based
method tailored for ST data. Additionally, M3DM (Wang
et al. 2023) is chosen as a representative multimodal baseline.

Evaluation Protocols. AUC and F1 scores are used to eval-
uate the accuracy of ATR detection. For a fair comparison,
the F1 score is calculated with the threshold matching the
actual proportion of true anomalies (Shenkar and Wolf 2021).
Reported metrics and standard deviations are averaged over
five independent runs.

Anomalous Tissue Region Detection
In this experiment, as listed in supplementary material F,
MEATRD is trained on eight human normal breast ST
datasets (i.e., 10x-hNB-{v03-v10}) and tested on eight hu-
man breast cancer (i.e., 10x-hBC-{A1-H1}) ST datasets. Ta-
ble 1 showcases MEATRD’s superiority over baselines in
detecting ATRs across datasets, consistently ranking first
in AUC scores and six times in F1 scores. It outperforms
the second-best performing method with an average leap of
17.45% in AUC scores and 10.31% in F1 scores. Furthermore,
Table 4 in supplementary material F indicates that our model
performed well in detecting PSCs, demonstrating its gener-
alization to other types of diseases. Generally, methods that
use ST data, for example, DOMINANT, scmap and CAMLU,
tend to outperform those that rely solely on histology images,
indicating the pivotal role of gene expression information
provided by ST data in aiding the detection of ATRs, espe-
cially those visually similar to normal tissues. Moreover, we
find that, DOMINANT, a graph-based AD method, prevails
over other baselines, and that M3DM, a multimodal method
that utilizes both image and ST data yet fails to account for
spatial relationships among spots, does not perform as well as

MEATRD. These observations emphasize the value of spatial
contextual information in accurate ATR detection.

Discovering Anomalous Tissue Regions Visually
Similar to Normal Tissues
To evaluate the efficacy of MEATRD in detecting ATRs with
minimal visual distinctions from normal tissues, we con-
duct a comparative analysis on the 10x-hBC-I1 ST dataset,
which encompasses a tumor edge region that visually blends
with the adjacent normal tissues, as indicated in red in the
annotated histology image from Figure 3. Our analysis in-
cludes: the standard MEATRD implementation (MEATRD-
standard); MEATRD-β, a variant that downplays the influ-
ence of histology image by decreasing β from 0.5 to 0.1
in Equation (12) and Equation (13); DOMINANT, the top
performing baseline utilizing ST data from the previous sec-
tion; two leading image-based AD methods, f-AnoGAN
and SimpleNet. The results, visually presented in Figure
3 demonstrate that MEATRD-β more accurately identifies
spots within the tumor edge region as anomalous, compared
to the other competing methods. This finding is quantitatively
supported by its highest precision (0.693) and recall (0.895)
scores. The observation that MEATRD-standard, MEATRD-
β, and DOMINANT prevail over the image-based AD meth-
ods underscores the value of using ST data for pinpoint-
ing pathogenic tissue regions that visually resemble nor-
mal tissues. Furthermore, DOMINANT’s marginal perfor-
mance edge over MEATRD-standard suggests that in this
specific context, the histology image contributes very limited
additional information. Indeed, MEATRD-β, which places
greater emphasis on ST data, showcases an improved perfor-
mance of 3.1% in precision and 34.4% in recall, compared
to MEATRD-standard. Nonetheless, for scenarios involving
low-quality ST data and visually traceable ATRs, incorpo-
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Metric Parameter α Parameter β Embedding dimension Bottleneck dimension
0.9 0.5 0.1 0.9 0.5 0.1 128 256 512 16 64 256

AUC 0.678 0.723 0.709 0.654 0.723 0.699 0.705 0.723 0.721 0.723 0.715 0.682
F1 0.696 0.741 0.725 0.668 0.741 0.718 0.726 0.741 0.735 0.741 0.728 0.711

Metric Detection dimension MGDAT Layers MGDAT Layers
64 128 256 2 3 4 1 2 4

AUC 0.606 0.720 0.723 0.694 0.723 0.533 0.718 0.723 0.721
F1 0.623 0.732 0.741 0.719 0.741 0.565 0.730 0.741 0.737

Table 2: Sensitivity analysis of hyperparameter in MEATRD across eight human breast cancer datasets. Default settings are
marked in gray .

Metric
Ablation study

ST only Image only w/o MGDAT w/o TNM w/o RE w/o OC Full
AUC 0.631 0.497 0.639 0.655 0.642 0.584 0.723

F1 0.667 0.544 0.689 0.699 0.685 0.631 0.741

Table 3: Ablation study of key components in MEATRD
across eight human breast cancer datasets. Method perfor-
mance is gauged through average AUC and F1 scores. ”Full”
represents the complete MEATRD model. ”ST Only” and
”Image Only” utilize only ST data or histology images, re-
spectively. ”w/o MGDAT” omits the MGDAT block. ”w/o
TNM” omits the target-node-masking technique. ”w/o RE”
substitutes the latent multimodal reconstruction errors with
direct spot embeddings for input to the discriminative model
in Stage III. ”w/o OC” discards the entire stage III and uti-
lizes spot reconstruction errors as anomaly scores for ATR
detection.

rating visual cues from histology images are undoubtedly
beneficial, as established in our prior analysis and ablation
study.

Ablation Studies
We conduct ablation studies over the eight human breast
cancer ST datasets (i.e., 10x-hBC-{A1-H1}) to investigate
the effects of MEATRD’s key components in ATR detec-
tion. These components include using multiple data modality,
multimodal data fusion using fused bottleneck embedding,
masking for target node reconstruction, multimodal recon-
struction losses in the one-class classifier in Stage III, enlarg-
ing anomaly score discrepancy between inliers and anomalies
using a one-class classifier, using Mobile-Unet as the pre-
training backbone in Stage I. The descriptions detailed in
the Ablation Studies section in supplementary material F,
demonstrate that removing any of these components leads
to suboptimal performance. This is due to the inefficient use
of cross-modal complementary information, less effective
addressing of model over-generalization, and increased sen-
sitivity to reference-target domain shifts.

Sensitivity Analysis
Here, we conduct sensitivity analyses on eight 10x-hBC
datasets to examine the effects of MEATRD’s key hyper-
parameters, including α and β, which control the relative

weights between gene and image modalities in Stage II and
III; the dimensions of visual and gene embedding from Stage
I, bottleneck embedding in Stage II, and the inputs to the one-
classification classifier in Stage III; the number of MGDAT
layers and its attention heads. The effect of these parame-
ters on MEATRD’s performance, measured by AUC and F1
scores, is presented in Table 2. Detailed analyses are provided
in supplementary material F.3.

Complexity Analysis
We analyze the model complexity of MEATRD across its
three stages by evaluating the number of parameters, com-
putational performance (MFlops), time complexity, training
time, and inference time. We also compare these metrics with
the nine baseline methods. Detailed results are provided in
supplementary material F.4. In summary, MEATRD is scal-
able to the number of spots and edges (proportional to the
number of spots due to the adjacency matrix setting) and
demonstrates good efficiency in our experiments.

Conclusion
In this paper, we propose MEATRD, a pilot method that
integrates histology images and ST data to enhance ATR de-
tection at both visual and molecular levels. MEATRD treats
tissue spots as nodes in an attributed graph to embed spatial
relationships into their representations. The MGDAT network,
a key innovation of MEATRD, facilitates effective cross-node
and cross-modality information exchange, enabling compre-
hensive graph representation learning. MEATRD harmonizes
one-class classification with reconstruction deviation-based
AD detection, simultaneously addressing the challenges of
reference-target domain shift and model over-generalization.
Rigorous evaluations on a suite of real ST datasets have
demonstrated MEATRD’s superiority over various SOTA AD
methods in detecting ATRs including those that are visually
akin to contextual normal tissues. Furthermore, MEATRD
also offers a framework generalizable to other multimodal
AD tasks involving compatible imagery and graph data
modalities.
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