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ABSTRACT

Spatially resolved transcriptomics (SRT) technologies enable high-resolution in-
vestigation of gene expression patterns across tissue sections, providing unprece-
dented insights into the molecular architecture of tissues. However, the inher-
ent sparsity and over-dispersion of gene expression across spots, together with
view-specific heterogeneity, jointly complicate modeling and present formidable
challenges to reliable spatially informed downstream analyses. To address these
issues, we propose stUAI, an Uncertainty-Aware Integration framework for
spatially transcriptomics data. stUAI first learns spatial- and expression-view em-
beddings by two separate graph-based encoders to capture multi-scale informa-
tion. Then stUAI exploits the distributional representation of spots to quantify
the view-specific uncertainty caused by technology limitations or noise in SRT,
which is further leveraged for intra-view contrastive learning, cross-view informa-
tion alignment, and representation integration. Furthermore, stUAI incorporates a
zero-inflated negative binomial decoder to handle expression sparsity and imposes
spatial structural constraints to preserve spatial continuity. Extensive experimental
results on multiple benchmark datasets validate the effectiveness of our proposed
stUAI in spatial clustering and several downstream applications.

1 INTRODUCTION

Recent advances in spatially resolved transcriptomics (SRT) have enabled the simultaneous mea-
surement of gene expression and spatial localization, offering a new perspective on tissue architec-
ture and cellular organization (Rao et al.l [2021). While single-cell RNA sequencing (scRNA-seq)
has significantly advanced our understanding of cellular heterogeneity (Xu et al.|[2023; |[Erhard et al.,
2022)), it inherently lacks spatial context, which is crucial for deciphering the functional roles of
cells within their native microenvironments. As a result, spatial clustering, which aims to uncover
region-specific cell populations by integrating gene expression and spatial information (Williams
et al.,[2022)), has emerged as a key task in SRT analysis.

SRT technologies can be broadly classified into two categories: imaging-based in situ methods, such
as MERFISH (Moffitt et al., [2018)), osmFISH (Codeluppi et al.,|2018), and barcode-based sequenc-
ing approaches, including 10x Visium (Ji et al., 2020), and Stereo-seq (Chen et al., [2022). Although
these platforms have gained widespread adoption, they often yield data with high noise levels and
substantial dropout events (Wang et al., [2023)), which pose significant challenges for downstream
analyses. Traditional clustering algorithms, such as k-means (Likas et al.,|2003)) and Louvain (Blon-
del et al.l [2008), typically overlook spatial dependencies and thus struggle to capture the complex
spatial organization of tissues. To overcome these limitations, graph neural networks (GNNs) (Kipf]
& Welling, [2017)) have emerged as powerful tools for spatial clustering due to their ability to model
non-Euclidean structures. For instance, SpaGCN (Hu et al.,[2021) and DeepST (Xu et al.|[2022) in-
tegrate multimodal signals, including gene expression, spatial coordinates, and histological features,
within a graph-based learning framework. Other approaches, such as GraphST (Long et al., |2023)),
perform joint representation learning to effectively fuse transcriptomic and spatial modalities. More
recently, DUSTED (Zhu et al.,|2025) combines graph autoencoding with attention mechanisms and
negative binomial modeling to capture spatial features and gene expression noise, and Spotscape (Oh
et al., 2025)) leverages global relationship modeling and a similarity scaling strategy to achieve ef-
fective multi-slice integration beyond local adjacency. Overall, these methods effectively capture
spatial patterns in SRT data for more accurate and biological spatial domain detection.
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While a variety of spatial clustering methods have been developed from different perspectives with
promising results, they still exhibit intrinsic limitations. In particular, although most approaches
emphasize high noise levels in SRT technologies, resulting in high sparsity and over-dispersion of
the data, many of them address noise only implicitly, e.g., some autoencoder-based methods (Long
et al., 2023; (Xu et al.| 2024). As a result, these methods may struggle to denoise effectively and
leave model uncertainty, which reflects the inherent semantic ambiguity. Moreover, contrastive
learning, e.g., deep graph informax-based methods (Liu et al., 2023} Long et al.l |2023), has been
widely adopted to obtain discriminative latent representations, yet reliable guidance for constructing
meaningful positive and negative pairs is often lacking. This often leads to erroneous or overcon-
fident discriminative power. Finally, while numerous methods attempt to integrate complementary
information, i.e., spatial and expression modality, through representation fusion (Zhu et al., 2024;
Zhang et al., 2025)), they typically lack dynamic mutual guidance and knowledge sharing between
modality-specific representations, which impedes the semantic richness of the integrated representa-
tions. These limitations ultimately hinder the performance of spatial clustering and also subsequent
downstream tasks. Therefore, it is crucial to develop more effective noise-handling strategies that
incorporate uncertainty explicitly and improve knowledge sharing across modalities.

Building upon these insights, we develop the Uncertainty-Aware Integration framework for spatially
resolved transcriptomics data clustering (stUAI). stUAI first constructs spatial- and feature-level
graphs based on spatial positions and gene expression profiles, and then applies separate encoders to
form a two-channel architecture. Based on the two views, stUAI quantifies uncertainty of both topol-
ogy and feature by modeling distributional representations for spots (Vilnis & McCallum| 2015
Alejandro et al.l 2023). These distributional distributions are then incorporated into model opti-
mization. Specifically, to learn discriminative latent representations, stUAI first performs intra-view
contrastive learning. The augmented samples are generated by sampling from the distributional
representations, while contrastive pairs are constructed under the guidance of high-confidence clus-
tering assignments, thereby improving the stability and reliability of discriminative representations.
To enable mutual guidance and knowledge transfer between views, stUAI perform cross-view opti-
mal transport based on their respective distributional representations, achieving distributional align-
ment and encouraging semantically enriched latent representations. Finally, stUAI incorporates a
zero-inflated negative binomial (ZINB) decoder for feature reconstruction, which further facilitates
denoising on the sparse SRT data, and imposes structural constraints on the latent representations to
reinforce spatial supervision. Extensive experiments on benchmark SRT datasets demonstrate that
stUAI surpasses state-of-the-art methods, confirming its superiority in spatial clustering.

2 METHODOLOGY

Preliminaries. Spatial clustering for SRT data aims to integrate spatial positions and gene expres-
sion profiles to obtain informative and discriminative latent representations, used for spatial domain
identification and cellular heterogeneity analysis. Let S = {(=;,v;)}}_, denote the set of spatial
coordinates associated with IV spots; F € RV *P denote the gene expression matrix, where D is
the number of genes (after pre-processing). Each row f; € RP of F represents the gene expres-
sion profile at spot 4 in the tissue. The goal is to learn a latent representation h € RN *? with
d < D, which effectively integrates both gene expression F and spatial coordinates S, such that
h = f(F,S), where f(-) is a learning function that captures both cellular and spatial structures. The
learned representation h is then used to perform spatial clustering, and {Cy,...,Cx} denotes the
resulting cluster assignments, corresponding to spatial domains within the tissue.

2.1 PROXIMITY GRAPH CONSTRUCTION AND UNCERTAINTY QUANTIFICATION

SRT offers the advantage of leveraging spatial pattern to identify similar cells. To fully exploit spatial
information and harness the powerful abilities of GNNs, we first convert the spatial coordinates and
expression profiles into a spatial-level undirected graph G*) = (A(), F), where adjacency matrix

A®) is constructed using fixed-radius nearest neighbors, i.e., Az(,j.) = 1 if the Euclidean distance
between spots ¢ and j is less than a predefined radius 7, and AE;) = 0 otherwise. In complex tissues,
cells of the same type may not be spatially adjacent. To account for this, we additionally construct
a feature-level undirected graph based on gene expression matrix. This graph G = (AD F), is
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Figure 1: Illustration of the proposed framework stUAI
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constructed using k-nearest neighbors. Here, A,/ = 1 indicates that spots ¢ and j are among each

other’s top-k nearest neighbors (measured by cosine similarity); otherwise, AE? =0.

In SRT analysis, graph convolution network (GCN, [Kipf & Welling| 2017)) plays a crucial role in
capturing the complex relationships between topology locations and gene expression profiles (Hu
et al.| [2021;|Long et al.,|2023;|Zhang et al., 2024)). To effectively integrate both spatial- and feature-
level graphs, G and G\, we utilize two separate GCNs to encode them independently. Formally,
the layer-wise propagation rule for a GCN is defined as:

HOHD = g(AOHEOWED) ¢ {5}
where H(Y) is the node embedding matrix at layer I (with H(#?) = F), W) is the learnable
weight matrix, o(-) is a nonlinear activation function (e.g., ReLU), and A is the normalized
adjacency matrix with self-loops, computed as A = (D®)~2 A®(D®)~2 where A =
A® 4+ T and D is the degree matrix of A(Y). The outputs of the two GCNs are denoted as
H® =0, ... b)) T and HO = (0" ... 0 ()7, respectively.

Current sequencing technologies often introduce a high level of noise (Long et al., | 2023)), which per-
sists even after pre-processing. Moreover, the above graph construction relies on hard thresholds and
produces binary adjacency matrices, inevitably resulting in information loss. These factors jointly
contribute to the uncertainty in the learned node embeddings and the subsequent model predictions.
However, single-point embeddings is insufficient to capture uncertainty. A prominent approach to
modeling uncertainty in the embedding space is to employ Gaussian distributions (Vilnis & McCal-
lum, 2015; |Yang et al.,|2021). Hence, we build upon above learned node embeddings and leverage
Gaussian distributions to learn stochastic distributional representations, thereby characterizing the
uncertainty induced by the inputs. Specifically, we define the distributional representation as:

B [0~ () diag(01)?) 6 = £ WD), tog((0(7)2) = O®P), ()

where A (-,-) denotes the Gaussian distribution, fy () and v @) are fully connected mean and log
variance networks for j € [1 : N|,i € {s,f}. The distributional representation provides a fuzzy
depiction of graph semantics, underscoring spot ambiguity induced by artificial or technical noise.
Unlike Bayesian or Monte Carlo methods (Kendall & Gal, 2017)), our approach is computationally
efficient. In next section, we incorporate the distributional representations into training and inte-
gration to promote stable, discriminative and semantically meaningful representations for spatial
clustering, while iterative optimization further refines representation learning via the mean and vari-
ance networks. Then the learned variances can serve as effective measures of uncertainty, where
high-quality spots have small variance, whereas low-quality spots exhibit large variance.
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2.2 CLUSTER-GUIDED INTRA-VIEW CONTRASTIVE LEARNING

To learn discriminative distributional representations at both the spatial and feature levels, we first
employ contrastive learning (You et al., 2020)) to enhance representation learning. Traditional meth-
ods typically apply random perturbations to nodes or graph topology for augmentation, which are
prone to produce prominent outlier expressions or noise in highly sparse and over-dispersed SRT
data, causing the contrastive learning to be dominated by extreme values, thereby exacerbating the
instability and semantic bias of the embeddings. Moreover, due to the lack of ground-truth labels in
spatial clustering, the construction of positive and negative pairs is often unreliable. Using only self-
augmentations as positives fails to leverage the shared patterns among similar cells, further reducing
the robustness of embeddings to sparse and over-dispersed data. To address these issues, we perform
augment-free contrastive learning by sampling from the distributional representations to mitigate se-
mantic bias; and we construct reliable positive and negative pairs based on high-confidence cluster-
ing results. This encourages stability in representations of semantically similar spots and enhances
the discriminability of representations across different semantic spots.

Specifically, we perform differentiable sampling via reparameterization trick (Kingma et al.,[2013):
W =l 1 elool, b = p 1ol e ~ N(0,14),5 € [1: N, i€ {s.f}, ()
where ® denotes element-wise multiplication, and d represents the dimensionality of the node em-

beddings. Therefore, h]@’l and h'”? can be regarded as an augmented pair with similar semantics
and are naturally treated as a positive pair. In addition, it is also reasonable to consider spots pre-
dicted to the same category as positive pairs. To this end, we utilize the high-confidence clustering
results based on the fused representations (to be introduced in Section[2.4) from the previous train-
ing epoch to determine the positive pairs in the current epoch. Concretely, we set a confidence
threshold x € [0, 1] and compute a distance vector d € R, each element of which represents the
distance between a specific spot and its assigned cluster centroid. We then identify the top (1 — k)N
nodes with the smallest values in d as high-confidence nodes. Let m € {0,1}*" denote a binary
confidence mask, where m; = 1 if spot j is selected as high-confidence and y € {1 : K}" be
the predicted label vector for K clusters. The binary positive pair matrix R € {0, 1}V %" is then
defined as R = (mm ") A (y =y "), where the logical AND operation A ensures that a node pair
is considered positive only if both nodes are high-confidence and share the same predicted label.
Accordingly, the cluster-guided contrastive learning (CGCL) loss is defined as:

Lo () (0) I ¢V (0,1 (i 0,2 pr(i
LcceL :§(£CS()3CL + LGeL), where LG = 9N ZFI {h(hj JH( ),2) + h(h;) JH( ),1)}

. )1 1 (0),2
Zj/ezj exp(sun(h;-) ,h§,) )/7)

. i),1 4 (i),2
Zj"eu:N]\Ij eXP(Slm(hg‘ » :h§/? )/T)
where Z; is the positive index set for spot j, initialized with {j} and updated from the j-th row of
R, sim(+, -) is cosine similarity, and the temperature parameter 7 is set to 0.5 (You et al.,|2020).

and A(h{""! H?) = log Ji € {s,f}, 3)

2.3 CROSS-VIEW DISTRIBUTIONAL REPRESENTATION ALIGNMENT

Spatial- and feature-level distributional representations inherently carry distinct information. To
facilitate semantic consistency across different views and mitigate view-specific noise, we enforce
alignment between their distributional representations. Optimal transport (OT, [Villani et al., 2008))
provides a principled framework for measuring the distance between probability distributions by
capturing the minimal cost required to morph one distribution into another. Compared with KL and
JS divergences, OT better handles distributions with differing supports and aligns complex high-
dimensional distributions. In addition, the distributional representations are Gaussian, which can be
fully characterized by their first- and second-order moments. Therefore, we adopt OT to align the
normalized means and variances of distributional representations across the complementary views.

Specifically, we first normalize the mean and variance vectors ugi), log(o'](li))2 (e.g., via Softmax)
to obtain probability distributions Mgi), V;i),i € {s,f}. The entropically regularized OT problem
(Yu et al.,[2024; |Vo et al., 2024) with marginal constraints is then formulated as: (P € {M,V})

f . f
or(PY, Py = min(C, P)r + €Y Py, log (Pr) 5.t P € RY, P1 = PO PT1 =P,
k.q
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where C is the cost matrix (e.g., based on Euclidean distances), P is the transport plan, and (-, -)p
denotes the Frobenius dot-product. Then we utilize the Sinkhorn divergence to form the OT-based
uncertainty alignment (OTUA) loss as:

1 &) Aq® ORYIC!
Lorua = 5 <£8¥UA’M + EETU’,Q’ ) , 4
. ’P(”,P(f) N s f 1 s s f f
with L5 0.7 = ijl {OT(PJ(, )Py - 5 (OT(P]( Py +or(P, Pl >))] ,P e {M,V}

2.4 REPRESENTATION FUSION AND ZINB-BASED RECONSTRUCTION

Robust Representation Fusion. To better support spatial clustering, we fuse the latent representa-
tions learned from the spatial and feature views to obtain semantically enriched spot representations.
Specifically, we assign weights to each view based on the inverse variances from the distributional
representations, so that the representation component with higher uncertainty contributes less to the
fused representation. It ensures that the integrated representation retains more information. Mathe-
matically, the fusion is performed as follows:

H=0% oH® + 00 cH® Q0 Q0] = Softmax(2®), £0), (5)

where H = (hy,...,hy)T, 2O = (1/(c\)2,...,1/(cV)2)T fori € {s,f}, and Softmax is
performed element-wise. In each training epoch, representation fusion and k-means clustering are
performed to update the positive pair matrix R and also the contrastive loss Lcgcr in Equation 3]

ZINB-based Reconstruction and Spatial Regularization. In addition, to better handle the high
sparsity and over-dispersion inherent in transcriptomics data, we adopt a Zero-Inflated Negative Bi-
nomial (ZINB, Yu et al.}[2022) model-based decoder to reconstruct the original expression patterns.
It enables effective denoising and facilitates the discovery of the underlying data distribution. With

NB(f | 1£,0) = T(f +6)[0/(6 + p)]° [11/(8 + )" /[£T(8)], the ZINB distribution is:

ZINB(f | p,0,7) = woo(f) + (1 — ) NB(f),
where p captures the expected gene expression, @ models the over-dispersion typical of count data,
7 accounts for the dropout events caused by technical noise or low expression levels in SRT data,
and dg(+) is a dropout indicator function. To estimate the ZINB parameters, we employ three fully

connected networks that map each fused representation vector h; to each parameter, enabling re-
construction of the original expression profile and effective denoising:

f1; = exp(fp(hy)),8; = Softplus(f3(h;)), ; = Sigmoid(f3(h;)),j € [1: N], (6)

where f3, f3, f3 are decoder networks. With the estimators, the reconstruction loss is designed by
the negative log-likelihood of the ZINB distribution:

N A A A
Lzing = — ijl log ZINB(f; | 1,65, 7).
In addition, we impose a structural constraint in the latent space, aiming for the learned representa-
tions to preserve the original spatial patterns. To this end, we perform spatial regularization by:
N

Lreg = — Zj:1 (ZA<.’,3—1 log(o(sim(h;, hy))) + ZA@:O log(1 — o(sim(h;, hq)))> ,

where o(-) is an activation function that maps the cosine similarity values to the range [0, 1]. The
reconstruction loss and the spatial regularization jointly contribute to the following loss:

L71NBreg = LzINB + Lreg. (7

2.5 JOINT OPTIMIZATION

Building upon the preceding discussions, we propose a unified framework stUAI, which jointly
optimizes three losses: the cluster-guided contrastive learning loss in Equation (3] the OT-based
uncertainty alignment loss in Equation 4] and the ZINB-based reconstruction loss with spatial regu-
larization in Equation[7] In summary, the total loss of stUAI is designed as:

Lol = Leaer + Lotua + LZINBreg- ®)
The overall optimization process of the proposed stUAI is summarized in Appendix
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Table 1: The spatial clustering performance on DLPFC dataset. The best and the second-best results
in all the methods are highlighted with red and yellow , respectively.

Slice |Metric SCANPY SpaGCN DeepST STAGATE GraphST Smoother SCGDL stLearn DUSTED |stUAI (Ours)

151507| ARI 0.20 0.39 0.46 0.54 0.48 0.20 0.49 0.49 0.46 0.70
NMI 0.21 0.49 0.64 0.66 0.64 0.38 0.55 0.64 0.65 0.74
151508 ARI 0.15 0.33 0.46 0.49 0.49 0.24 0.34 0.31 0.45 0.65
NMI 0.21 0.43 0.61 0.63 0.54 0.37 0.44 0.53 0.64 0.70
151509 ARI 0.19 0.35 0.48 0.53 0.52 0.29 0.32 0.45 0.45 0.58
NMI 0.27 0.51 0.62 0.66 0.64 0.38 0.48 0.62 0.64 0.66
151510| ARI 0.14 0.37 0.53 0.41 0.50 0.18 0.31 0.44 0.49 0.70
NMI 0.22 0.50 0.63 0.61 0.64 0.31 0.45 0.59 0.62 0.72
151669 ARI 0.10 0.23 0.42 0.35 0.48 0.21 0.24 0.32 0.47 0.50
NMI 0.16 0.36 0.53 0.58 0.59 0.35 0.38 0.49 0.59 0.60
151670 ARI 0.09 0.33 0.36 0.32 0.46 0.23 0.26 0.23 0.29 0.49
NMI 0.16 0.43 0.54 0.53 0.68 0.39 0.36 0.41 0.51 0.61
151671| ARI 0.12 0.42 0.48 0.51 0.61 0.44 0.31 0.39 0.50 0.84
NMI 0.24 0.53 0.63 0.65 0.72 0.51 0.41 0.54 0.65 0.78
151672| ARI 0.12 0.52 0.44 0.54 0.63 0.47 0.34 0.34 0.57 0.79
NMI 0.23 0.60 0.59 0.66 0.61 0.53 0.46 0.47 0.67 0.76
151673 ARI 0.20 0.40 0.57 0.45 0.63 0.48 0.33 0.30 0.57 0.56
NMI 0.29 0.55 0.71 0.63 0.74 0.58 0.42 0.49 0.70 0.66
151674| ARI 0.22 0.31 0.48 0.48 0.43 0.38 0.27 0.38 0.46 0.55
NMI 0.31 0.46 0.60 0.58 0.61 0.46 0.38 0.54 0.63 0.65
151675 ARI 0.23 0.27 0.52 0.36 0.55 0.30 0.30 0.38 0.56 0.58
NMI 0.32 0.41 0.65 0.50 0.62 0.43 0.41 0.56 0.65 0.67
15167¢| ARI 0.22 0.31 0.50 0.49 0.61 0.31 0.29 0.40 0.52 0.55
NMI 0.31 0.48 0.60 0.63 0.66 0.46 0.42 0.56 0.67 0.68

3 EXPERIMENT

3.1 EXPERIMENTAL SETUP

We evaluate our proposed stUAI on three datasets for spatial clustering, including the LIBD study of
the human dorsolateral prefrontal cortex (DLPFC, Maynard et al.,|2021), human breast cancer sam-
ples (HBC, Buache et al.l|2011)) and mouse anterior brain tissue (MAB, |Dong| 2008). And we com-
pare our stUAI with various baselines, including non-spatial clustering method, i.e., SCANPY (Wol{]
et al., 2018)), and spatial clustering methods, i.e., SpaGCN (Hu et al., 2021)), STAGATE (Dong &
Z/hang| 2022a), GraphST (Long et al.,|2023)), Smoother (Su et al., [2023)), SCGDL (Liu et al.,|[2023)),
stLearn (Pham et al., 2023), DUSTED (Zhu et al., 2025), and image-enhanced clustering meth-
ods, i.e., DeepST (Xu et al.,2022)). In experiments, we adopt supervised metrics, i.e., ARI (Vinh
et al.}[2009), NMI (Pfitzner et al., |2009)), and Jaccard similarity coefficient (Levandowsky & Winter,
1971)), and unsupervised metrics, i.e., Moran’s I score (Moran, [1950), to evaluate the performance
of spatial clustering. Detailed metrics and implement details can be found in Appendix I}

3.2 EXPERIMENTAL RESULTS

To evaluate the performance of our stUAI, we compare several Lo

.y . . . . [ ARI Averaged ART
competitive baselines for spatial clustering, as shown in Ta- P | it Averaged NMI
ble [T} Figure [2]and Figure[3] The results reveal that spatially- PR lé
aware methods consistently outperform non-spatial ones, as 5 °° L I.: % F‘T ﬁT QT' g 7
spatial information enhances the model’s ability to capture tis- @ 04 ) ﬁﬁi j‘ . 1 T
sue heterogeneity. stUAI achieves best results across all three ol BT BT 1
datasets and significantly surpasses the runner-up on many tis- 2

0.0

sue slices. For example, on slice 151671, stUAI outperform
the runner-up method by 37.70% and 8.33% in two metrics,
highlighting the superiority of our approach. This advantage
arises from our method’s ability to effectively leverage the in-
trinsic uncertainty for multimodal fusion and enrich embed-
ding semantics by aligning spatial and feature distributions through OT. In Figure 2[a), we observe
stUAI capturing the heterogeneity of HBC dataset by separating healthy tissue, DCIS/LCIS, IDC,
and tumor edges, with gene expression patterns aligned with pathological features. In Figure 2[b),
stUAI accurately delineates cortical layers and white matter in the DLPFC dataset, which signifies

A R e A
Figure 3: Boxplots of ARI and
NMI on all DLPFC slices.
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Figure 2: Spatial and UMAP visualizations of spatial clustering on (a) HBC, (b) DLPFC (151507),
and (c) MAB tissue datasets.

strong clustering while preserving anatomical structure. In Figure 2c), stUAI applies to the MAB
tissue, revealing numerous fine-grained subregions, with clear spatial separation in UMAP space.
These results collectively demonstrate robustness of our stUAI in identifying spatial domains across
diverse tissues. Overall, we could also find that stUAI achieve state-of-the-art average performance,
as shown in Figure 3] Additional results and analysis are provided in Appendix [C|and Appendix D}

3.3 ABLATION STUDY AND EVALUATION ON DIFFERENT FUSION STRATEGIES

To validate the effectiveness of different modules and fusion strategies in our proposed stUAI, we
conducted experiments on the DLPFC (151671), HBC, and MAB tissue datasets.

Ablation Study. We evaluate several model  Table 2: Ablation study against several variants.
variants to verify the contribution of each mod-

ule as shown in Table Pl The results show that el I PR T VA T
removing Lorua leads to a performance drop, stUAI w/o Leaer Qﬁll ‘ 8:% 8:21 8:28
underscoring the role of alignment in enhancing ARI 063 059 o047

0.71 0.65  0.70

StUAI w/0 L7iNB reg

embedding semantics. Excluding Lcgep fur- stUAL w/o Lotua ‘ NMI ‘
ther demonstrates the importance of contrastive ‘ ARI ‘ 068 061 047

learning, while removing LziNng_reg highlights NMI 075 064 070
iti 1 179t 1 ARI 0.84 0.65 0.49
the critical role of spatial regularization, with stUAI (Ours) i e el

ZINB modeling particularly suitable for the
sparse and discrete nature of SRT data. Its ab-
sence results in a substantial decline in performance. Overall, these findings verify the effectiveness
and necessity of all proposed modules. More ablation analyses are provided in Appendix [E]

Fusion Strategies. Here we test the performance Table 3: Comparison of different fusions.
of several different fusion strategies (M;: H® only,
My: H®) only, Ms: (HO + H®)/2, My: combine

Model | Metric | DLPFC HBC MAB

; X ! ARL | 023 048 043

H® and H® via attention mechanism, and Mj;: our My ‘ NMI ‘ 0.21 051  0.62
uncertainty-aware fusion in Equation [3). As shown M ‘ ARI ‘ 0.71 0.60 046
in Table 3] M; performs particularly poorly, which ’ NMI | 069 065 068
underscores the importance of spatial information for M ‘ o ‘ 0 el 048
spatial clustering. M> performs worse than three fu- RT R 0o oa
sion strategies M3, My and Ms, possibly because, in My ‘ NMI ‘ 071 068  0.69
biological reality, cells of the same type are not always ARI 0.84 0.65  0.49
Ms (Ours) ‘ NMI ‘ 078 069 071

spatially adjacent. Comparing M3 and M, reveals that
the semantic knowledge weights contained in the two
modalities are distinct, simply averaging them will cause one modality to be partially overwhelmed
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by the other. Additionally, M5 and M, effectively integrate feature modality and spatial modality
information, but its performance is still inferior to our M, which is because our strategy captures un-
certainties arising from technical or intrinsic data factors, mitigating their negative impact to ensure
that representation components with higher uncertainty contribute less to the fused representation.
More fusion analyses are provided in Appendix [E}

3.4 SENSITIVITY ANALYSIS

In this section, we investigate the sensitiv-
ity of two key hyperparameters on DLPFC 090 ARI 0.80

== NMI

(151507). In Figure B{a), k is the num-  goso 070 /\./"_"\’
A.

ber of neighbors of each spot in the feature <070 60
graph. It can seen that when £ varies, our 0.60

model stUAI performance first increases, 2B s T 17 05 06 07 08 09 095
peaks at k = 14, and then gradually de- @Fk ®) x
creases. The reason may be that when & Figure 4: Sensitivity experimental results.

is small, increasing k allows more relevant
cells to be included, providing richer semantic information. However, when k becomes too large,
the inclusion of inherent noise may instead hinder the learning of accurate representations.

Next, in Figure f{b), we analyze the sensitivity of the confidence coefficient « in positive sample
selection for intra-view contrastive learning. It’s known that a poor initial clustering may misguide
subsequent iterations by reinforcing the flawed structure. To mitigate this issue, we introduce the
confidence coefficient « to regulate the selection of positive samples. We vary x from 0.50 to 0.95,
and the results show that the model achieved the best performance when « = 0.90. It indicates
that when & is relatively small, the model may include incorrect positive samples, whereas when
approaches 1, some true positive samples may be missed. Additional sensitivity analyses on different
slices of DLPFC are provided in Appendix [E]

3.5 UNCERTAINTY VISUALIZATION AND VERIFICATION ANALYSIS

SRT data often contain a large number of pseudo-zero
values, meaning that the gene is indeed expressed but
appears as zero because of factors such as errors in tis-
sue processing or insufficient sequencing depth, which
leads to data uncertainty. To demonstrate the rationale
of quantifying uncertainty through distributional rep-
resentation learning, we further conduct visualization
experiments. In Figure [5] we visualize the number of
dropouts (zero values) in gene expression and the un- Figure 5: Uncertainty analysis.
certainty scores from the learned distributional repre-

sentations of the spatial view for all spots on DLPFC (151507), where we extract the variance vector
of each distribution and take its average as the uncertainty score for that spot. It can be observed that
Figure [5(a) and (b) exhibit highly similar patterns, where both the highlighted regions are mainly
concentrated in Layer 1 and WM. It indicates that the uncertainty quantified by our stUAI largely
reflects the inherent uncertainty of the data, and thus carries certain biological significance.

—0.005

(a) True Dropouts (b) Uncertainty Scores

3.6 VALIDATION ON DOWNSTREAM TASKS

Detection of Differentially Expressed Genes (DEGs). Based on the spatial clustering results, we
compare the expression levels of each gene across different clusters and perform significance testing
using t-test. Figures Eka)-(b) show volcano plots for Layers 2 and 3 of the DLPFC (151507) and
the detected DEGs, which is also consistent with the gene expression visualization in Figure [TT] of
Appendix[F] Figures[f[c)-(d) also compare the log2FC of the top three DEGs between our stUAI and
competitive baselines DUSTED and GraphST, showing that stUAI achieves higher 1og2FC values.
It further validates that the spatial clustering from our stUAI exhibit more significant inter-cluster
differences. Further detection and visualization of DEGs can be found in Appendix
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Figure 6: Quantitative analysis of differentially expressed genes (DEGs).
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Figure 8: Comparison of gene imputation of DEGs on DLPFC and HBC datasets.
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Visualization of Pseudotime Trajectory Inference. We nnotation

leverage the learned representations and apply the DPT
algorithm (Haghverdi et al,[2016) to conduct pseudotime
trajectory inference, thereby exploring the developmen-
tal pathways of the tissues. In Figure[7] we visualize the
pseudotime trajectories obtained on the DLPFC (151671)
dataset using SCANPY, DUSTED, and our stUAIL As
shown, stUAI produces clearer hierarchical trajectory
structures and smoother color transitions. The trajec-
tory inferred from stUAI also shows a stronger alignment
with the manual annotation compared with SCANPY and
DUSTED, and it originates from WM and progresses to-
ward Layer 3, which is consistent with widely recognized
biological facts and observations.

DUSTED

Application on Gene Imputation. To mitigate the spar- Figure 7: Pseudotime trajectory.
sity and high noise of SRT data, we perform gene impu-

tation to recover the gene expressions. Specifically, for the DEGs HPCAL1, ENC1, MBP of DLPFC
(151507) and COL6A1 of the HBC dataset, we randomly mask 30% of their expressions and then
perform gene imputation using stUAI and DUSTED. Imputation accuracy is assessed using the Pear-
son correlation coefficient (PCC, [1894) with reference to the ground truth. As shown in
Figure[8] stUAI achieves more accurate gene imputation with higher PCC values, which also demon-
strates the success of our stUAI Additional analysis about denoising is provided in Appendix [G]

Gene Pathway Enrichment Analy-

sis. We further conduct KEGG en- b3 si%m“ngcgf,}tgzgg 10
richment analysis on the cluster lo- Sonal Cel g camter _
cated at the bottom left of the HBC "“8‘55%5,%:5%35% *2
dataset identified by stUAI in Figure o ey in cancer =
2la) (mostly corresponding to IDC_4 P mediaied somvte mastion 2
in Figure[I7(b)), where we first iden-  AGERAGE signling pathway in dlabezn%':gé:nsz;c}z{% 4
tify the DEGs associated with this Huntington disease

cluster and then query the pathways N

(e.g., metabolic, signaling, and dis- ) )

ease pathways) by hypergeometric Figure 9: KEGG Enrichment Result.
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enrichment test based on these DEGs. As shown in Figure [9] the cell cycle and p53 signaling
pathways exhibit the lowest p-values, indicating their strong enrichment and functional relevance
within the domain under consideration. The coordinated dysregulation of the cell cycle and p53
pathways is well known to drive malignant progression. The inactivation of p53, the guardian of
the genome, leads to genomic instability and removes the brakes on cell-cycle control, while the
sustained activation of the cell cycle pathway subsequently enables uncontrolled cellular prolifer-
ation. Together, these alterations form the fundamental basis of IDC’s invasive growth and poor
clinical prognosis, which indicates that the enrichment result of our stUAI align with the biological
knowledge (Waldemer-Streyer et al., [2017), thereby strongly supporting the biological relevance of
the clusters identified by our stUAL

4 CONCLUSION

In this work, we propose a novel and powerful Uncertainty-Aware Integration framework stUAI to
tackle key challenges in SRT, including expression sparsity, over-dispersion, and modality-specific
heterogeneity. By constructing spatial and gene-expression graphs, stUAI learns view-specific em-
beddings through a dual-channel GCN and models them as Gaussian distributions to quantify uncer-
tainty. This uncertainty guides both cluster-guided contrastive learning and cross-view alignment via
optimal transport. Additionally, a zero-inflated negative binomial decoder mitigates dropout effects,
and spatial structural constraints ensure continuity of spatial patterns. Extensive experiments on
multiple benchmark datasets demonstrate that stUAI consistently improves spatial clustering, offer-
ing a powerful solution for spatial omics analysis. Furthermore, comprehensive biological analyses
and interpretations provide deeper insights into the underlying mechanisms.
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A PSEUDO-CODE OF OUR FRAMEWORK

The pseudo-code of our proposed stUAI is shown in Algorithm|[I] The source code is available for
reproducibility at: https://anonymous.4open.science/r/stUAI-FF15/.

Algorithm 1 The Optimization Algorithm of stUAI

Input: Spatial positions S = {(z;,v;)})¥,; Gene expression matrix F € R™ *?; Maximum number
of iterations I, ax;
QOutput: Clustering result Cq,...,Cxk;
\j €[L1:N],ie€{s,}\
Construct the spatial graph G®) = (A®), F) and feature graph G = (AD F);
Initialize the trainable parameters in GCN encoders, the mean and variance networks f,gf) and fv(z),
the ZINB-based decoder networks f, f3, f3, and the index sets Zy, . . ., Ty of positive nodes;
Sett = 0;
while ¢ < [}, do
Update latent embeddings H®) and H®) by GCN encoders;
\Compute Leger\
Update the distributional representations in Equation I}
Sample h;z)’17 h;l)’Q by Equationfrom the distributional representations;
Perform representation fusion by Equation [5]and cluster based on fused spot representations;
Leverage intermediate clustering results to update Z1, . . ., Zy and construct constractive pairs;

Compute the clustering-guided contrastive learning loss Lcgcr in Equation
\Compute Loys\
Compute the OT-based uncertainty alignment loss Lorua in Equation A}
\Compute ﬁZINBJeg\
Update the parameter estimators of the ZINB distribution in Equation [6}
Compute the ZINB-based reconstruction loss with spatial regularization Lzngree in Equa-
tion
\Compute Lrota1\
Compute the total 10ss Lo in Equation@];
\Optimization\
Conduct back-propagation and update the whole network in stUAI by minimizing Lrotal;
Sett =1t +1;
end while
\Final Clustering\
Return: Generate k-means clustering result Cy, ..., Cx based on the final integrated spot repre-
sentations.

B RELATED WORK

B.1 GNN FOR SPATIAL TRANSCRIPTOMICS CLUSTERING

Graph deep learning has gained significant attention in SRT clustering due to its ability to model
complex relationships between spatial locations and gene expression data. Along this line, a variety
of GNN-based methods have been developed to integrate spatial and gene expression information
for SRT clustering. These approaches typically aim to capture spatial organization and transcrip-
tional similarity in tissue sections, while addressing challenges such as multi-modal data fusion,
spatial continuity, and tissue heterogeneity. For example, SpaGCN (Hu et al., 2021)) incorporates
histological context alongside spatial and transcriptomic data using a unified GCN framework to
identify spatial domains and detect domain-specific gene expression patterns. SEDR (Xu et al.,
2024) integrates gene expression and spatial coordinates via a combination of auto-encoders and
variational GNNs. Similarly, CCST (Li et al.| 2022) leverages GCNs to adaptively model spatial
relationships, enabling accurate unsupervised clustering and discovery of cell subtypes and states
in SRT data. In addition, STAGATE(Dong & Zhang|, [2022b)) is a graph attention auto-encoder that
integrates spatial and gene expression data to accurately identify spatial domains and improve clus-
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tering while preserving expression patterns. Extending this line of work, DeepST (Xu et al., [2022)
integrates image, gene expression, and spatial data using GNN and denoising autoencoders, while
employing domain adversarial networks for batch integration for SRT. More recently, MAFN (Zhu
et al., |2024) leverages dual GCN encoders and cross-view attention to adaptively fuse spatial and
gene expression features for accurate clustering of SRT data. DUSTED (Zhu et al., 2025)) presents
a dual-attention graph autoencoder for spatial transcriptomics, denoising gene expression by mod-
eling spatial features and noise variability. Spotscape (Oh et al.l [2025) addresses the issue of poor
representations for boundary spots by capturing global context and scaling similarities to integrate
multiple slices. Other methods, such as Spatial-MGCN and SCGDL, adopt multi-view or hierar-
chical learning strategies to better fuse complementary spatial and molecular modalities (Ren et al.,
2022; [Long et al., [2023). While these methods have shown strong performance, they typically fo-
cus on data integration and representation learning without explicitly accounting for the uncertainty
introduced by noise and modality-specific variability. In contrast, our proposed stUAI emphasizes
the importance of uncertainty modeling, enabling more robust clustering through uncertainty-aware
fusion of spatial and gene expression information.

B.2 UNCERTAINTY-BASED DEEP LEARNING

Uncertainty in deep learning (Blundell et al.l 2015} |Gawlikowski et al., [2023)) has become a crit-
ical factor in building trustworthy AI systems. Recent studies have explored various modeling
paradigms to quantify and mitigate uncertainty, which are typically grouped based on how they
handle different types of uncertainty. Aleatoric uncertainty reflects the intrinsic variability in the
data—caused by factors like experimental noise, dynamic environments, or biological heterogene-
ity. Such uncertainty is typically captured by modeling input-related noise, often using a Gaussian
distribution (Vilnis & McCalluml 2015} |Yang et al.| 2021} |Gao et al.| [2024)). Epistemic uncertainty,
by contrast, stems from limited knowledge of the underlying data distribution or insufficient model
expressiveness. Bayesian deep learning, especially Bayesian neural networks (BNNs), address this
by imposing priors on model parameters and conducting posterior inference to represent uncertainty
over the model itself (Goan & Fookes, 2020; |Sun et al., 2019; |Pearce et al., [2020). Hybrid ap-
proaches seek to simultaneously capture both aleatoric and epistemic uncertainty, providing a more
holistic uncertainty estimate (Hofer et al.,|2002; Jiang et al., 2018} |Li et al.;[2020). An alternative line
of research involves evidence-based methods, which utilize the Dempster-Shafer theory (Dempster,
1967 1968)) to model uncertainty without requiring strong probabilistic assumptions. These meth-
ods can represent uncertainty and conflict explicitly (Sensoy et al.|[2018;|Han et al., 2020), and have
been applied in tasks like multi-modal sensor fusion and OOD detection. Lastly, ensemble-based
techniques estimate uncertainty by combining predictions from multiple independently trained mod-
els (Lakshminarayanan et al.,|2017;|Rahaman et al.; 2021)). Unlike prior works that largely overlook
modality-specific uncertainty, our framework focuses on modeling uncertainty to guide the integra-
tion of spatial position and gene expression information for robust spatial clustering.

C PERFORMANCE OF SPATIAL CLUSTERING FOR OTHER DATASETS

Table 4: Performance of spatial clustering on HBC dataset and MAB dataset. The best result in all
the methods are highlighted with bold.

Dataset | Metric | SCANPY GraphST SCGDL stLearn DUSTED | stUAI (Ours)

HBC ARI 0.49 0.53 0.35 0.55 0.57 0.65
NMI 0.52 0.67 0.43 0.63 0.63 0.69
MAB ARI 0.23 0.41 0.26 0.38 0.40 0.49
NMI 0.45 0.71 0.64 0.66 0.65 0.71

To further evaluate the performance of our stUAI, we conduct experiments on two additional
datasets, as shown in Table E} From the results, we observe the following: First, overall, all al-
gorithms perform worse on the HBC and MAB datasets compared to the DLPFC dataset, which
may be due to the more complex spatial structure of the HBC and MAB datasets, with more clusters
that are harder to represent. Second, the conclusion that spatially-aware methods perform better still
holds, indicating that spatial information plays a facilitating role in capturing heterogeneity. Finally,

16



Under review as a conference paper at ICLR 2026

our stUAI still maintains excellent performance on the HBC (ARI = 0.65, NMI = 0.69) and MAB
(ARI = 0.49, NMI = 0.71) datasets, highlighting the superiority of our approach.

D PERFORMANCE OF SPATIAL CLUSTERING UNDER UNSUPERVISED METRICS

Table 5: Performance comparison under Jaccard similarity coefficient and Moran’s I score across
three datasets. The best result in all the methods are highlighted with bold.

Dataset | Metric SCANPY STAGATE GraphST DUSTED|stUAI (Ours)
Jaccard | 011 049 037 040 0.62
DLPFC (151507) ‘ Moran'sl| 047 086 077 0.6 ‘ 0.91
HBC Jaccard | 019 031 040 043 0.47
Moran's1| 056 077 076 062 0.85
MAB Jaccard | 0.14 025 023 022 0.33
Moran's1| 050 074 059  0.64 0.75

Since ground-truth annotations are often unavailable in many scenarios, it is essential to evaluate
the quality of our method for spatial clustering using various and unsupervised metrics. Hence we
evaluate our stUAI and competing baselines on three benchmark datasets using two additional met-
rics: Jaccard similarity, which measures the reproducibility of domain assignments under subsam-
pling, and Moran’s I, which unsupervisedly quantifies spatial autocorrelation. As shown in Table 3]
we can find the following observations: (i) Spatially-aware methods consistently outperform non-
spatial ones, with approaches like SCANPY showing severe degradation in spatial coherence; (ii)
Our stUALI achieves the best overall results, including Jaccard improvements on three datasets and a
markedly higher Moran’s I on DLPFC and HBC, demonstrating its robustness and effectiveness in
capturing biologically meaningful spatial domains.

E ADDITIONAL ANALYSIS ON ABLATION STUDY AND SENSITIVITY
ANALYSIS

Table 6: Ablation study against additional variants. The best results are highlighted with bold.

Dataset | Metric | V) V2 Vs Vi Vs Ve V7
DLPFC ARI

stUAI (Ours)

|
0.61 030 052 066 060 0.81 0.80 0.84
(151671) NMI 069 022 066 072 068 074 0.75 0.78
HBC ARI 058 045 058 057 056 062  0.60 0.65
NMI 063 052 062 063 062 065 0.64 0.69
MAB ARI 045 044 046 043 045 046 044 0.49
NMI 068 063 067 066 067 066 0.67 0.71

Here, we explore more variants to validate the effectiveness and necessity of each module in our
method: (i) V;: solely adopt the spatial-level graph (i.e., L = E(CSéCL + L71NB reg); (i1) Va: solely
adopt the feature-level graph (i.e., £L = L(Ct()ECL + L7iNB reg); (iii) V3: solely adopt cross-view dis-
tributional representation alignment (i.e., £ = Lortua); (iv) Vy: solely adopt cluster-guided intra-
view contrastive learning (i.e., L = LcgeL); (V) Vs: solely adopt ZINB-based reconstruction (i.e.,
L = LziNBreg); (Vi) Vi: replace cluster-guided contrastive learning with standard contrastive learn-
ing; (vii) V7: replace ZINB-based reconstruction with MSE reconstruction.

The comparative results are summarized in Table @ Compared to V; and V5, we can observe that
spatial information plays a more critical role than feature information in domain identification tasks.
When comparing V3, Vy, V5 with our stUAI it becomes evident that preserving any single module
alone cannot achieve ideal performance, reaffirming that all proposed modules are indispensable.
The comparison between Vi and our method demonstrates that the positive samples selected based
on clustering confidence provide superior and more stable supervisory signals for contrastive learn-
ing. Furthermore, comparing V; with our approach reveals that MSE fails to adequately capture the
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sparse and over-dispersion nature of single-cell sequencing data compared to ZINB, consequently
leading to performance degradation.

Ablation studies on different slices of DLPFC. Furthermore, to comprehensively evaluate the
effectiveness and model robustness of our method on the DLPFC dataset, we conduct ablation ex-
periments and fusion strategy tests on different slices of DLPFC. First, we perform ablation studies
corresponding to Table 2] in Section [3.3] and Table [6] on different slices of DLPFC. The results are
shown in Table m It can be observed that, under the ARI and NMI metrics, our stUAI achieves opti-
mal performance on most slices while also exhibiting the best average performance across all slices.
It demonstrates that each component of stUAI plays a crucial role in improving the performance of
domain identification on each slice of DLPFC.

Table 7: Ablation study against different variants on all slices of the DLPFC dataset. The best results
are highlighted with bold.

(2)

Model | Metric| 151507 151508 151509 151510 151669 151670 151671 151672 151673 151674 151675 151676 Average
StUAT wio £ ARI | 067 0.67 052 068 048 043 062 075 053 053 056 053 | 058
: CGCL | NMI | 071 072 065 068 054 054 071 071 065 063 064 063 | 065
SUAL w/o L. ARI | 057 054 050 051 038 050 063 073 057 050 051 051 | 054
OTUA | NMI | 071 066 064 066 050 059 071 070 0.66 062 065 066 | 0.65
SUAL W/o £, ARI | 060 0.61 045 050 046 040 068 073 051 053 051 041 | 053
* ZINBreg] NMI | 0.68 0.65 0.63 061 056 051 075 072 065 058 062 059 | 063
SUAI (Ours) ARI | 070 065 058 070 050 049 084 079 056 055 058 055  0.62
NMI | 074 070 0.66 072 0.60 061 078 076 0.66 0.65 067 0.68 0.69

()
Model |Metric|151507 151508 151509 151510 151669 151670 151671 151672 151673 151674 151675 151676| Average

v ARI | 054 051 051 053 040 037 061 061 044 048 045 042 | 049

! NMI | 068 066 062 065 052 047 069 063 048 051 053 058 | 0.59

v ARI | 022 016 025 023 013 013 030 035 030 031 028 023 | 024

2 NMI | 027 023 031 033 017 019 022 028 042 039 039 033 | 029

V. ARI | 060 061 052 050 046 040 052 066 051 044 051 041 | 051

8 NMI | 0.68 065 062 061 050 041 066 072 055 048 059 059 | 0.59

v ARI | 053 054 054 060 045 043 066 066 048 047 047 042 | 052

4 NMI | 069 067 057 066 046 054 072 069 056 056 059 061 | 061

v ARI | 056 054 050 051 037 040 060 063 052 046 047 040 | 050

5 NMI | 070 066 055 066 057 049 068 065 058 054 055 056 | 0.60

v ARI | 0.62 0.67 056 061 047 044 081 076 051 048 051 049 | 058

6 NMI | 070 065 060 061 052 057 074 069 057 061 064 069 063

v ARI | 064 063 054 060 045 051 080 074 046 042 047 053 | 0.57

4 NMI | 073 072 059 073 053 061 075 071 049 057 058 064 | 0.64
WUAI (Ours)| ARL | 070 065 0.58 070 050 049 084 079 056 055 058 055 [ 0.62
s US)IUNMI | 074 070 066 072 060 061 078 076 0.66 0.65 0.67 068 | 0.69

Table 8: Comparison of different fusions on all slices of the DLPFC dataset. The best results are
highlighted with bold.

Model  |Metric|151507 151508 151509 151510 151669 151670 151671 151672 151673 151674 151675 151676 | Average
‘ ARI ‘ 021 014 022 021 011 012 023 031 026 029 026 0.21 ‘ 0.21

M

NMI | 026 022 030 035 014 015 021 027 037 036 036 030 0.27

M ARI | 058 056 060 064 045 046 071 076 048 050 054 051 0.57

2 NMI | 070 0.68 060 0.69 052 052 069 073 056 062 0.63 0.64 0.63

M. ARI | 058 058 061 060 046 039 075 068 052 051 056 056 0.57

3 NMI | 071 062 064 070 055 055 070 066 061 062 0.68 0.62 0.64

M ARI | 062 063 060 058 051 044 078 073 057 050 041 0.53 0.58

4 NMI | 069 072 063 063 057 059 071 071 064 063 0.60 0.64 0.65

StUAI (Ours) ARI | 070 0.65 058 070 050 049 084 079 056 055 058 055 0.62
‘ U NMI | 074 070 066 072 060 061 078 076 0.66 0.65 067 0.68 0.69

Fusion strategies on different slices of DLPFC. Moreover, the performance comparison of dif-
ferent fusion strategies across various slices is shown in Table [§] It can be seen that on different
slices of DLPFC, the spatial view consistently plays a more significant role in identification perfor-
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mance. Additionally, the weighted fusion strategy yields better results than simple averaging, and
our inverse-uncertainty weighting achieves superior performance compared to learnable attention
weighting. Our method also demonstrates the best average identification performance across differ-
ent slices. It further demonstrates the effectiveness and robustness of our designed fusion strategy.

Sensitivity analysis on different slices of — —
DLPFC. Finally, we conduct sensitivity — ogo| « = xu L "
analyses on the hyperparameters k (the

Score

number of neighbors for each spot in the 060 o0

feature graph) and x (confidence coeffi- 040 00

cient in positive sample selection) across oM e 03 06 07 08 05 093
various slices of DLPFC dataset. The re- @k ®) &

sults are shown in Figure [I0] Evidently, ) . . .
the conclusions drawn from the hyper- Figure 10: Sensitivity analysis on all slices of the

parameter analysis on DLPFC (151507) DLPFC dataset.

in Section [3.4] remain applicable to most

other slices. Therefore, our hyperparameter settings, i.e., k = 14, x = 0.9, are proven to be highly
suitable across different slices.

F ADDITIONAL DEGS VISUALIZATION AND VERIFICATION ANALYSIS

To further validate the clustering performance of our stUAI, we conduct extensive DEGs analysis
on DLPFC dataset and HBC dataset. The results show that spatial domains identified by our stUAI
are consistent with biological knowledge, highlighting the superiority of stUAL
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Figure 11: Experession visualization of DEGs in (a) Layer 2 and (b) Layer3 of DLPFC (151507).

DEGs Analysis on DLPFC dataset. We further conduct a comprehensive DEGs analysis on the
DLPFC dataset to explore gene expression patterns across the six-layered structure of the human
brain’s gray matter. Drawing on established biological knowledge, the human brain’s gray matter
is known to have a complex six-layered structure, each of which plays a distinct role in cognitive
and sensory processing. To gain deeper insights into this structure, focusing on DLPFC (151507)
dataset, we begin by visualizing the DEGs across all six layers of the human brain gray matter
using a volcano plot, which not only reveals the overall expression patterns in each layer but also
enables us to identify the top three genes with the highest expression levels in each of the six layers,
as illustrated in Figure These genes are crucial for understanding the functional differences
between the layers and their roles in neural processes. To further analyze these patterns, we provide
a more detailed visualization of the gene expression of DEGs specifically in Layer 2 and Layer
3. Figure [T1] presents a detailed visualization of the gene expression patterns in these two layers,
highlighting the unique gene signatures that define their cellular and functional characteristics.

DEGs Analysis on HBC dataset. We further conduct DEGs analysis on HBC dataset. The visual-
ization of DEGs using the violin plot is shown in Figure[T3] The comparison between the healthy
region Healthy_1 and the breast cancer malignant region IDC_4 reveals that the relative expression of
the gene CXCL14 is significantly higher in the IDC_4 region, while its expression in Healthy_1 is not
prominent, as shown in Figure[T4] According to recent advancements in cancer research, CXCL14
has been identified as a crucial prognostic marker for breast cancer, as highlighted in the study by
|[Waldemer-Streyer et al.| (2017). This finding has been corroborated by various biological studies,
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Figure 12: DEGs visualization analysis of six cerebral gray matter layers on DLPFC (151507).
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Figure 13: Violin plot visualization of DEGs on HBC dataset.

which suggest that CXCL14 plays a significant role in the tumor microenvironment, influencing
cancer cell behavior and response to therapy. To further explore this, we visualize the volcano plot
for DEG detection on HBC and calculate its PCC value of gene imputation, as depicted in Figure[T3]
The results of our stUAI show a strong correlation with the existing biological literature, reaffirming
the relevance of CXCL14 as a potential biomarker for breast cancer prognosis. This consistency
between our findings and prior research underscores the biological interpretability of our approach.

20



Under review as a conference paper at ICLR 2026

(a) Healthy_1 (Cluster 4) (b) IDC_4 (Cluster 5)

Figure 14: Heatmap of the expressions on the top 10 differentially expressed genes (DEGs) between
Healthy_1 and IDC_4 on HBC dataset.
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Figure 15: (a) Visualization of manual annotation on HBC dataset; (b) Volcano plot for DEG detec-
tion; (c) Visualization and gene imputation for CXCL14.

G PERFORMANCE EVALUATION ON DENOISING

SRT data are inherently noisy and prone to dropout events, which can obscure biologically meaning-
ful spatial patterns. We select six well-established layer marker genes (ATP2B4, FKBP1A, CRYM,
NEFH, RXFP1, B3GALT?2) in slice 151507 of the DLPFC and compare their raw spatial expression
with the denoised expression generated by stUALI, as illustrated in Figure[T6 The results show that
the spatial expression patterns after denoising are more consistent with the spatial domains. These
results suggest that our proposed stUAI not only captures coherent spatial domains but also enhances
biologically relevant spatial expression signals.

H DISCUSSION ON THE LEARNED UNCERTAINTY

In our stUAI framework, we utilize the learned uncertainty for representation fusion, where we
adopt an inverse-variance weighting strategy to downweight samples with high uncertainty, thereby
reducing the negative influence of uncertainty and achieving reliable, stable, and more robust and
interpretable representations. Consequently, when two views are fused, spots associated with higher
uncertainty in one view receive smaller weights, mitigating the impact of highly uncertain compo-
nents on the final domain identification result. In addition, one could consider removing spots that
exhibit abnormally high uncertainty in both views before performing clustering, thereby reducing
the risk of forming spurious clusters. Uncertainty can also be used to weight each spot’s expression
values during differential expression analysis, improving the reliability of detected differential ex-
pression genes. Moreover, uncertainty visualization, similar to Figure 5] can assist pathologists or
biologists in assessing which regions yield trustworthy analytical results and can be overlaid with
H&E images for visual validation. These directions provide promising opportunities for further
investigation, and we will explore them in future work.

I DETAILED SETTING FOR EXPERIMENTS

Evaluation Metrics. To comprehensively evaluate spatial clustering performance, we adopt four
widely used metrics. (i) Supervised metrics: Adjusted Rand Index (ARI) (Rand||1971)), Normalized
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Figure 16: Spatial expressions of marker genes before and after denoising on DLPFC (151507).

Mutual Information (NMI) (Knops et al.}[2006), and Jaccard Similarity Coefficient (Levandowsky &
1971)). These metrics quantify the alignment between the predicted clustering assignments

and the ground-truth annotations. (i) Unsupervised metrics: Moran’s I Score [1950), which
specifically quantifies spatial autocorrelation. Higher scores on these four metrics consistently re-
flect superior clustering quality.

Datasets. We conduct extensive experiments
on three benchmark datasets, briefly introduced
as follows. The first dataset is derived from
the LIBD study of the human dorsolateral pre-

frontal cortex (DLPFC) (Maynard et al., 2021).
It includes expert-curated annotations by

(2021), delineating six distinct cor-
tical layers alongside the white matter (WM).
Each slice in this dataset profiles 3460 to 4789
spots, 33,538 genes and spans between 5 and
7 spatial regions. The second dataset comes
from the 10x Visium platform, focusing on
human breast cancer (HBC) samples
[2011). It encompasses several tissue
types, including ductal carcinoma in situ and = o Ima;‘;) HBC sl Anmotation
lIobular carcinoma in situ (DCIS/LCIS), non- - . '
cancerous (Healthy) tissue, invasive ductal car-
cinoma (IDC), and tumor edge areas with rel-
atively low malignancy (Tumor edge). This
dataset covers 20 spatial regions and measures
the expression of 36,601 genes on 3798 spots. ; ;
The third dataset contains mouse anterior brain (©)MAB
(MAB) tissue with spatial annotations for 2695

spots on 52 regions‘ Each Samp]e in MAB cap- Figure 17: Histopathological images and their
tures the expression levels of 32,285 genes. corresponding manual annotations images.
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Baselines. We select nine representative methods for comparison, including SCANPY, SpaGCN,
DeepST, STAGATE, GraphST, Smoother, SCGDL, stLearn and DUSTED, described as follows.

* SCANPY (Wolf et al.,|2018) provides an toolkit for analyzing single-cell gene expression data.
It includes functions for preprocessing, dimensionality reduction, visualization, and clustering,

offering researchers a powerful toolset for managing single-cell RNA sequencing data.

» SpaGCN (Hu et al., 2021) utilizes GCNs effectively to combine gene expression data, spatial
coordinates, and histological images, thereby facilitating the identification of spatial domains.

* DeepST 2022) identifies spatial domains in SRT data with high accuracy, supporting
detailed analysis of cancer tissues, data integration from diverse sources, and extension to other
forms of spatial muti-omics data.
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* STAGATE (Dong & Zhang, 2022b) decodes spatial domains using spatial graph attention net-
works, where attention mechanisms model spatial dependencies between spots, maintaining con-
tinuous spatial expression gradients in transcriptomic data.

* GraphST (Long et al.,|2023) combines GNNs with self-supervised contrastive learning to capture
distinct representations and spot-specific information, helping to reveal different cell types.

* Smoother (Su et al., 2023) integrates positional data into non-spatial models using modular pri-
ors, enabling precise data imputation, cell-type deconvolution, and dimensionality reduction.

* SCGDL (Liu et al., 2023) integrates deep graph infomax (DGI) with a residual gated graph
convolutional network for the identification of spatial domains.

* stLearn (Pham et al.,2023) merges morphological features from tissue images with gene expres-
sion data from adjacent spots to efficiently cluster similar spatial domains within tissues.

* DUSTED (Zhu et al.,2025) proposes a denoising framework that integrates a graph autoencoder
architecture with complementary gene channel attention and graph attention mechanisms to de-
lineate spatial domains in the presence of biological noise.

Implement Details. To preprocess datasets, we initially remove genes exhibiting very low expres-
sion or variance. We then retain the top 2,000 genes exhibiting the highest variance (3,000 for the
DLPFC 151507 dataset). Using this selection, we construct an undirected spatial graph by calcu-
lating the Euclidean distance within a fixed radius r (set to 550 pm in our experiments), which
helps capture the spatial relationships. For k-nearest neighbors in feature graph, we set k = 14 for
the first two datasets, and k = 15 for the third dataset. Our stUAI is implemented using the Py-
Torch v2.4 framework and trained on a single NVIDIA RTX 4090 GPU with 24GB of memory. For
optimization, we employ the AdamW optimizer, with a learning rate of 1e-3 for all datasets.
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