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Abstract 
SpaFun is a novel, non-model-based method developed to address limitations in existing spatially variable gene detection techniques, 
particularly for large-scale spatially resolved transcriptomics datasets. These limitations include computational inefficiency, limited 
statistical power with increasing data size, and the inability to capture spatial heterogeneity and co-expression patterns among genes. 
Built on functional principal component analysis, SpaFun identifies domain-representative genes with significantly better computational 
efficiency and greater statistical power while accounting for spatial heterogeneity and co-expression patterns among genes. We applied 
SpaFun to three spatially resolved transcriptomics datasets and demonstrated that SpaFun outperformed state-of-the-art algorithms 
for identifying representative genes for tumor regions (e.g. D ESeq, edgeR, and limma), as well as recently developed novel algorithms 
designed for spatial omics to identify the representative genes (e.g. SPARK and CSIDE). This highlights SpaFun’s ability to accurately identify 
genes most representative of each spatial domain (e.g. tumor, immune, or stroma regions). By uncovering novel disease-relevant genes 
overlooked by existing algorithms, SpaFun could provide insights into new molecular mechanisms and propose innovative therapeutic 
strategies to improve patient outcomes.

Keywords domain-representative gene (DRG), functional principal component analysis (fPCA), spatial expression pattern, spatially 
resolved transcriptomics (SRT), spatially variable gene ( SVG)  
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Introduction 
Spatially resolved transcriptomics (SRT), a cutting-edge technique that 
has emerged in recent years, provides gene expression measurements 
while incorporating spatial information. This enables the study of 
various biological phenomena, such as cell–cell communication, cell 
heterogeneity, and regulation of transcriptional networks. There are 
two types of SRT technologies: imaging-based and sequencing-based 
spatial omics. Imaging-based methods, such as STARmap [1], MERFISH 
[2], and seqFISH [3], utilize combinatorial labeling and sequential 
imaging to achieve subcellular visualization and quantification of 
transcripts. However, they are limited by low throughput on the num-

ber of genes studied in each experiment, high c ost, and complexity of 

experimental designs [2–5]. In contrast, sequencing-based techniques, 
such as Visium [6], Slide-seq [7, 8], and Stereo-seq [9], provide higher 
throughput for analyzing large numbers of genes and ease of use, 
albeit at the cost of limited capability t o achieve single-cell resolution. 

Based on the advantages and limitations of these techniques, 
researchers have developed a variety of methods for analyzing SRT 
data. A crucial type of analysis is to detect spatially variable genes 
(SVGs), which hold promise for identifying important biomarkers in 
pathological processes and embryonic development. U nlike highly 
variable gene (HVG) detection algorithms [10–12], which focus on 
identifying genes with higher variability among spots/cells, the 
SVG detection method aims to discover genes with unique spatial 
expression patterns but not necessarily highly variable. While
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various methods have been developed to identify SVGs, most of 
them focus on detecting genes with spatial patterns across the entire 
tissue encompassing different histological regions. F or example, 
statistical-modeling-based methods such as SpatialDE [13], SPARK 
[14], GPcounts [15], and BoostGP [16] utilize Gaussian processes (GPs) 
to model variations in spatial patterns in transcriptomic expres-

sion. As modeling assumptions may not always hold, alternative 
approaches without covariance kernel setup requirements could 
facilitate improved SVG identification. Grid-based strategies often 
partition the 2D space into grids and define neighbors for each 
cell or spot. For instance, singleCellHaystack [17] computes a local 
reference distribution around a fixed cell set for a target gene, 
enabling the derivation of KL-divergence and P-values through 
comparison against the null hypothesis of uniform distribution 
across cells. Similarly, MERINGUE [18] identifies SVGs using Moran’s 
I. An alternative approach, BinSpect [19], constructs spatial grids 
and dichotomizes gene expression into high versus low to assess 
the c orrelation of gene expression levels among neighboring c ells. 
Machine-learning methods like SpaGCN [20] first identify spatial 
domains (i.e. regions with similar spatial expression patterns) based 
on gene expression and histological characteristics, followed by the 
detection of highly expressed genes within specific domains using the 
Wilcoxon rank-sum test. These methods are often computationally 
intensive when the dimension of the input g ene expression data 
is high. 

As SRT technology has advanced, it has become increasingly com-

mon to generate large-scale SRT datasets, which offer unprecedented 
insights into the spatial organization of gene expression at a high reso-

lution. Existing SVG detection methods may suffer from limited appli-

cability for large-scale datasets due to their high computational com-

plexity. In addition, most of the existing methods focus on identifying 
gene expression patterns on the entire spatial landscape, which can 
overlook spatial heterogeneity and result in lower statistical power as 
the number of measured sample points increases. Moreover, most cur-

rent methods identify SVGs independently for each gene, neglecting 
the potential spatial contexts, co-expression patterns, and interaction 
among genes. These limitations of existing SVG detection methods 
motivate us to introduce functional principal component analysis 
(fPCA) into this area, aiming at developing a domain-representative 
gene (DRG) detection method. fPCA is a statistical method used to 
analyze and reduce the dimensionality of functional data. It identifies 
the main modes of variation within the data, helping to capture 
the most important patterns or trends across the entire functional 
dataset. Similar to SVGs, DRGs exhibit spatial patterns within regions; 
however, DR Gs also learn unique, representative patterns specific 
to each spatial domain, providing a more detailed understanding of 
spatially organized gene expression.

In this study, we propose SpaFun, a non-model-based approach 
built upon fPCA to identify DRGs with spatial patterns within a specific 
annotated region (i.e. an annotated spatial domain), particularly the 
tumor region. With the help of fPCA, this method avoids specific 
assumptions about spatial distributions of gene expression, unlike 
GP-based or grid-based approaches. It considers gene expression as 
a function of its spatial location and aims to detect representative 
domain-specific spatial expression patterns. Corresponding DRGs for 
each spatial expression pattern are then identified. We applied SpaFun 
to three SRT datasets, two generated from sequencing-based (e.g. 10x 
Visium) and one from imaging-based (e.g. STARmap) platforms. The 
results demonstrate that SpaFun can identify biologically meaningful 

DRGs based on distinct spatial omics technologies. By focusing on 
detecting spatial patterns within defined regions and accounting for 
interaction among genes, SpaFun enhances the understanding of 
localized gene expression dynamics, contributing to a deeper compre-

hension of complex biological processes.

Materials and methods 
In this section, we first define the histology profile, which includes 
domain information, as well as geospatial and molecular profiles 
derived from SRT data. We then discuss the two stages of SpaFun: 
(1) identifying eigen-spatial expression patterns using fPCA and (2) 
detecting DRGs for each identified spatial expression pattern. The 
workflow of SpaFun is shown in Fig. 1. 

Data prepar ation 

As illustrated in Fig. 1a, SpaFun incorporates spatial domain informa-

tion from histology profiles, and geospatial and molecular profiles, to 
support the subsequent analyses. 

Histology profile z 
To deal with the heterogeneity in cellular spatial organization, we 
partition the whole domain into K mutually exclusive histology-

based spatial domains as an initial step. We use z = (z1, · · ·  , z N)T 

to denote the vector specifying the identity of the K domains. The 
spatial domains z is decided by prior biological or clinical knowledge, 
or estimated by existing methods based on molecular profile or/and 
histology image. In our analysis of 10x Visium ST data, we use the 
manual annotation from the pathologist. The layer structure from the 
original study is applied to define domains for the mouse visual cortex 
STARmap data. 

For our method, we focus on a specific spatial domain and denote 
the target domain as k. Thus, we extract the SRT data for the following 
analysis by selecting the spots within this specific domain. 

Geospatial profile T 
For NGS-based techniques, spots are the round area of barcoded 
mRNA capture probes where gene expression levels are measured. 
The spatial distribution of spots is arrayed on a square or triangular 
lattice. We denote the SRT geospatial profile by an N × 2 matrix T , 
where each row ti = (ti1, ti 2) gives the x and y coordinates of the 
spot i on a two-dimensional Cartesian plane. ST and 10× Visium 
spots are arranged on square and triangular lattice grids, respectively. 
For i maging-based SRT platforms, they are able to capture the gene 
expression at single-cell resolution. Similarly, we use matrix T to 
denote the locations of cells, where each row ti = (ti1, ti 2) gives the 
x and y coordinates of the c ell i. For the geospatial profile in the target 
domain k, we extract the rows of matrix T with spot/cell i belongs to 
this domain (i.e. zi = k) and denote the matrix as Tk . 

Molecular profile C 
In general, the spot-level molecular profile of NGS-based SR T data 
can be represented by an N × P count table C, where each entry 
cij ∈ N, i = 1, · · ·  , N, j = 1, · · ·  , P is the read count for gene j 
measured at spot i. For the target domain, similarly to the geospatial 
profiles, we extract the rows of the count table with corresponding 
spots/cells i in this domain. We denote the extracted SR T data for 
a target domain k as Ck ,  a  n  Nk × P count matrix, where Nk is the
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Figure 1 Flowchart of SpaFun. SpaFun is a non-model-based approach that utilizes functional principal component analysis (fPCA) to identify domain 
representative genes (DRGs) with spatial expression patterns in specific regions. (a) Gene expression data and spatial information serve as inputs for 
SpaFun, with a pre-selected spatial domain for analysis. (b) fPCA is performed on the selected domain, and the top domain-specific spatial patterns, 
determined by the leading principal components, are chosen as representative patterns for that domain. (c) DRGs are identified based on each domain-
specific spatial pattern. 
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number of spots/cells in a domain k (i.e. Nk =
∑N 

i=1 I
(
zi = k 

)
). Count 

matrix Ck is then normalized and transformed to relative expression 
levels by following the normalization steps of SpatialDE. First, we use a 
variance-stabilizing transformation for negative-binomial-distributed 
data known as Anscombe’s transformation to obtain a relatively nor-

mally distributed expression level vector for each gene. Second, to 
account for those nuisance effects across spots, including sequencing 
depth, amplification, dilution efficiency, and reverse transcription 
efficiency, we regress log total count values out from the Anscombe-

transformed expression values before fitting the spatial models. We 

denote the normalized gene expression matrix as
∼ 
C k . For a particular 

gene j, the expression level vector is denoted as 
∼ 
ck, j. 

Stage I: Identify eigen-spatial expression 
patterns by f PCA 

It is very common to use eigen-images to identify dominant spatial 
patterns of variation based on data observed at N locations with 
P samples. A typical approach to estimate eigen-images is principal 
component analysis (PCA). However, when the number of samples P 
is large compared to the number of observed locations N (in our case, 
P is approximately 10 000 vs. N is approximately 1000), PCA may lead 
to noisy eigen-images which do not provide meaningful insights. To 
alleviate this issue, people usually put a smooth assumption on eigen-

images to seek for continuous spatially localized patterns. Following 
this assumption, we propose to identify eigen-spatial expression pat-

terns by fPCA for every (compact) domain Dk ∈ R2, k = 1, .  .  .  K (as 
shown in Fig. 1b). 

In the view of functional data, we take
{
Xk,j (t) , t ∈ Dk , j = 1, .  .  .  , p

}
as independent copies of zero-mean L2-continuous stochastic process 
Xk defined on the domain Dk . And we have 

∼ 
ck,j,i = Xk,j

(
tk,i

) + εk, j,i 

for j = 1, · · ·  , P and i = 1, · · ·  , N,  whe  re  
∼ 
ck,j, i is the ith entry of vector 

∼ 
ck, j, tk,i is the ith row of matrix Tk , and

{
εk,j,i, j = 1, · · ·  , P, i = 1, · · ·  , N 

}
are independent errors with zero mean and finite variance. Take

�k as the covariance function of Xk , which is defined as �k

(
t, t′) = 

Cov
(
Xk (t) , Xk

(
t ′

))
. By mercer’s theorem, we can represent the covari-

ance function in terms of the spectral decomposition via the L2 inner 
product: �k

(
t, t′) = ∑

l≥1ζk,lφk,l (t) φk,l

(
t ′

)
,  whe  re  ζk,1 ≥ ζk,2 ≥  · · ·  ≥  0 

are eigenvalues and
{
φk,l, l = 1, .  .  . , ∞}

are eigenfunctions which have 
the following properties:

∫
t∈Dk 

φ2 
k,l (t) dt = 1,

∫
t∈Dk 

φk,l (t) φk,l′ (t) d t = 
0 for l �= l ′. Then, to obtain eigenfunctions (eigen-images) that show 
the dominant spatial patterns, we only need to estimate the covariance 
function �k . 

In practice, to promote dimension reduction and enhance inter-

operability, we are interested in obtaining a low-rank estimation of

�k , i.e. there are finite numbers of eigenfunctions. As such, we adopt 
the idea of reproducing kernel Hilbert space (RKHS) modeling of the 
covariance function proposed i n [21, 22] to obtain a smooth and low-

rank estimation of �k . 
We assume the sample processes of Xk lie in an RKHS Hk of 

functions defined on Dk with a continuous and square integr able 
reproducing kernelK. Let 〈· , · 〉Hk and | |· ||Hk denote the inner product 
and norm of Hk , respectively. Then we have �k ∈ Hk ⊗ Hk ,  whe  re  
Hk ⊗Hk is again an RKHS with reproducing kernel 

∼ 
K

(
(s, t) ,

(
s′, t′)) = 

K
(
s, s′)K (

t, t ′
)
, under the technical condition E | |Xk| |2Hk < ∞. 

Define M = {
� ∈ Hk ⊗ Hk , � is positive definite 

}
. We estimate the �k 

via the following optimization: 

�̂k := argmin�∈M 
1 

PN (N − 1)

∑P 

j=1

∑
i�=i′

( ∼ 
ck,j,i 

∼ 
ck,j,i′ − �

(
tk,i, tk, i′

))2 

+ λ � (�) , 

where λ  >  0 is a tuning parameter and � (· ) is the trace-norm 
regularization function that promotes the low-rankness. See details of 
RKHS framework of functional data and detailed definition of � (· ) in 
Section 2 and definition 5 of [22], respectively . 

After obtaining �̂k with an appropriately chosen kernel K,  we  
adopt the procedure described in Section 2.5 in [21] to get the estima-

tion of eigenfunctions φ̂k,l, l = 1, .  .  .  , L. Eigenfunctions with variance 
explained greater than 10% are selected. The selected eigenfunctions 
φ̂k,l and their reflection over the x -axis −φ̂k,l are then defined as repre-

sentative spatial expression patterns. We applied Gaussian kernel in 
this study, where the bandwidth was chosen by median heuristic [23]. 

Stage II: Detect DRGs 

After we obtain the top l representative spatial expression patterns for 
domain k, we identify the DRGs corresponding to each spatial pattern 
by calculating the similarity between eigenfunctions and expression 
levels of individual genes (Fig. 1c). Each eigenfunction represents a 
principal component (PC). To measure similarity, we perform a Pear-

son correlation test for each pair of PC and gene. This test provides 
a correlation coefficient and a corresponding P-value that quanti-

fies the similarity between the given pair. To account for multiple 
comparisons, adjusted P-values are calculated using the Benjamini-

Hochberg procedure, which controls the false discovery rate across 
all genes for each PC, providing a more accurate significance level. 
In the real data analysis presented in this paper, we define DRGs as 
genes with an absolute correlation coefficient > 0.3 and an adjusted 
P-value <.01. A threshold of 0.3 on Pearson correlation is commonly 
used in biological data analysis to balance sensitivity and specificity , 
i.e. reducing noise-driven associations while retaining biologically 
meaningful relationships. Thresholds in this range are consistent with 
recent correlation-based analyses, such as studies noting 0.3 as a 
reasonable default for gene-set correlation analysis [24], as well as 
other bioinformatics studies emplo ying 0.3 for defining co-expression 
relationships [25]. 

Results 
Overview of SpaFun 

SpaFun is a non-model-based approach that leverages fPCA to identify 
DRGs with spatial expression patterns in specific regions, such as 
tumor areas (as shown in Fig. 1). Unlike existing methods, SpaFun 
efficiently handles large-scale SRT datasets, accounting for spatial 
heterogeneity, and captures co-expression among genes. We applied 
SpaFun, along with other comparable methods for detecting HVGs 
and SVGs, to three real datasets: human prostate cancer, h uman 
ovarian cancer, and mouse visual cortex STARmap [1], derived from 
various spatial omics platforms. Downstream analysis, such as Gene 
Ontology (GO) enrichment analysis, further demonstrated that Spa-

Fun effectively detected DRGs that align closely with known biolog-

ical knowledge. By uncovering biologically meaningful DRGs, Spa-

Fun advances our understanding of localized gene expression, pro-

viding a detailed characterization of the SRT landscape in complex

tissues.
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Application to human pr ostate cancer dataset 

We applied SpaFun to analyze an SRT dataset from a human prostate 
cancer study, comprising 4,371 spots and 17,651 genes. Gene expres-

sion was measured using the 10x Visium platform on a tissue section 
from an invasive carcinoma of the prostate. This dataset includes man-

ual annotations provided by pathologists, as displayed in Fig. 2a. Three 
annotated tissue regions are identified: tumor, stroma, and stroma and 
partially atrophic changes. The tumor domain, highlighted in Fig. 2b, 
is of primary interest (results on the stroma region is provided in 
Supplementary Fig. S1 in the supplementary information). 

Figure 2c depicts the top three PCs in the tumor domain, where each 
PC represents a distinct spatial expression pattern. Taking the first PC 
as an example, it is important to note that, as with all PCA methods, 
each PC can have two opposite directions. While the direction affects 
the color coding, it does not alter the spatial expression pattern. For 
simplicity, we focus on the positive direction as an example. In this 
visualization, black indicates low expression levels, red indicates high 
expression levels, and blue represents intermediate levels. The first 
PC shows higher expression in the middle region and lower expres-

sion along the right edge, with the opposite pattern in the negative 
direction. For both directions, genes with expression patterns similar 
to the PC can be identified. For example, TMEFF2 and GOLM1 exhibit 
higher expression in the center and lower expression on the right 
edge, while TAGLN and ACTA2 show the opposite trend, with lower 
expression in the center and higher expression on the right edge. As 
illustrated in Fig. 2c, each PC highlights a unique spatial expression 
pattern. The numbers of DRGs associated with the top three PCs are 
shown in Supplementary Table S1a. 

The results of gene set enrichment analysis are presented in Fig. 2d. 
The dotted blue line represents the −log10(P-value) for each method, 
while the dashed horizontal red line indicates the threshold where P-

value = .05. The accompanying barplot illustrates the fold enrichment 
across all comparable methods. Both the P-value and fold enrichment 
analyses demonstrate the effectiveness of SpaFun in identifying bio-

logically meaningful genes within the prostate tumor domain. DESeq, 
edgeR, and limma are widely recognized methods for identifying 
differentially expressed genes to represent the omics features of each 
spatial domain. Meanwhile, SPARK and CSIDE are recent algorithms 
specifically designed for spatial omics datasets. In this analysis, Spa-

Fun outperformed all these methods, demonstrating its superior abil-

ity to accurately identify the genes most representative of each spatial 
domain.

We conducted GO enrichment analysis on the selected DRGs for 
each PC to investigate their associated biological functions. A summary 
of the GO enrichment analysis, highlighting the enriched expression 
patterns for each PC, is presented i n Supplementary Fig. S2 in the 
supplementary information. For each PC, genes with P-values <.01 
from the correlation test with the PC were selected as DRGs. Our 
analysis identified 1247, 86, 1153, 529, and 48 enriched GO terms 
associated with the first five PCs, respectively, using an adjusted 
P-value threshold of .05. The top 15 GO terms with the smallest P-

values for the first five PCs are displayed in Supplementary Fig. S2. 
In addition, we compiled the top 15 enriched GO terms identi-

fied b y each of the five c ompeting methods, as summarized in 
Supplementary Table S2. The top 15 enriched pathways identified by 
SpaFun were not detected by any of the competing methods, demon-

strating SpaFun’s capacity to uncover unique biological signals and 
explaining the divergent biological insights obtained relative to other 
approaches. 

Application to the human o varian cancer dataset 

The second SRT dataset we analyzed in this study is derived from a 
section of human ovarian tumor tissue. This dataset includes 3,455 
spots and 17,651 genes. Gene expression was measured on a section of 
serous papillary carcinoma from human ovarian tissue using the 10x 
Visium platform, with the H&E-stained image shown in Fig. 3a.  Tumor  
and stroma domains were annotated by pathologists. Since the tumor 
domain is of primary interest (Fig. 3b), the results for this domain 
are presented in Fig. 3, while the results for the stroma domain are 
provided in Supplementary Fig. S3 in the supplementary information. 

Each PC represents a unique expression pattern, and Fig. 3c 
illustrates the top three PCs along with genes that share similar 
expression patterns. Taking PC1 as an example, the positive direction 
of this PC shows high expression levels in the bottom-left corner, 
which gradually decreases along the bottom-up diagonal direction. 
Conversely, the negative direction exhibits the opposite pattern. 
By calculating the correlation between each gene and the PC, we 
identified genes with the highest correlation coefficients, as shown 
in Fig. 3c. For instance, UBC and CCN2 display expression patterns 
with higher levels in the bottom-left region and lower levels in the 
top-right, while COL3A1 and DCN exhibit the reverse pattern and are 
highly correlated with the negative direction of PC1. The numbers of 
DRGs associated with the top three PCs, and their proportions among 
all filtered genes, are summarized in Supplementary Table S1B. 

The results of six comparable methods are shown in Fig. 3d. The dot-

ted blue line represents the −log10(P-value) for each method, while the 
dashed horizontal red line indicates the threshold where P-value = .05. 
Four methods—SpaFun, SPARK, edgeR, and limma—achieved a P-

value < .05, whereas the other two methods, CSIDE and DESeq, had 
P-values > .05. The accompanying bar plot illustrates the fold enrich-

ment across all methods. Among the six, SpaFun demonstrated the 
lowest P-value and the highest fold enrichment compared with the 
other state-of-the-art methods, highlighting its effectiveness in detect-

ing biologically meaningful genes in the prostate tumor domain.

We conducted GO enrichment analysis on the selected DRGs for 
each PC to investigate their associated biological functions. 
Supplementary Fig. S4 in the supplementary information provides a 
summary of the GO enrichment analysis and highlights the enriched 
expression patterns for each PC. For each PC, genes with a P-

value < .01 from the correlation test with the PC were selected as DRGs. 
Our analysis identified 1076, 1280, and 476 enriched GO terms asso-

ciated with the first three PCs, respectively, using an adjusted P-value 
threshold of 0.05. No enriched terms were found for PCs beyond the 
first three. The top 15 GO terms with the smallest P -values for the first 
three PCs are presented in Supplementary Fig. S4. We summarized 
the top 15 enriched GO terms identified by each of the five competing 
methods in Supplementary Table S3. None of the 15 top enriched 
pathways identified by SpaFun are detected by other methods, 
highlighting SpaFun’s ability to uncover unique biological pathways 
undetected by other methods and explaining why SpaFun can lead to 
different biological conclusions compared to alternative approaches. 

Application to the mouse visual corte x STARmap data 

To demonstrate that SpaFun is also applicable to single-cell-level SRT 
data, we applied it to a STARmap dataset. This dataset was gen-

erated from the mouse visual cortex, including the hippocampus, 
corpus callosum, and neocortical layers. In total, 1,020 genes were 
measured across 1,207 cells representing 15 cell types. The detailed

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
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Figure 2 Results of the human prostate cancer dataset. (a) Histology image with pathologist-annotated spatial domains. (b) Tumor domain selected for 
analysis. (c) The top three principal components (PCs) in the tumor domain, each shown in two opposite directions, along with the corresponding genes 
exhibiting similar expression patterns to each PC. (d) Gene set enrichment analysis results for six methods: SpaFun, SPARK, CSIDE, DESeq, edgeR, and 
limma. Bar plots represent the fold enrichment of each method, with the solid blue line indicating the −log10(P-value) for each method (represented 
by circular markers) and the dashed red horizontal line marking the threshold where P-value = .05. 
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Figure 3 Result of the human ovarian cancer dataset. (a) Histology image with pathologist-annotated spatial domains. (b) Tumor domain selected 
for analysis. (c) The top three principal components (PCs) in the tumor domain, each shown in two opposite directions, along with the corresponding 
genes exhibiting similar expression patterns to each PC. Pearson correlation value ρ is shown for selected genes associated to each PC. (d) Gene set 
enrichment analysis results for six methods: SpaFun, SPARK, CSIDE, DESeq, edgeR, and limma. Bar plots represent the fold enrichment of each method, 
with the solid blue line indicating the −log10(P-value) for each method (represented by circular markers) and the dashed red horizontal line marking 
the threshold where P-value = .05. 
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Figure 4 Result of the mouse visual cortex STARmap dataset. (a) The pathologist’s annotation of spatial domains. (b) Layer L4 selected for analysis. (c) 
The top three principal components (PCs) in layer L4, each shown in two opposite directions, along with the corresponding genes exhibiting similar 
expression patterns to each PC. (d) Gene set enrichment analysis results for six methods: SpaFun, SPARK, CSIDE, DESeq, edgeR, and limma. Bar plots 
represent the fold enrichment of each method, with the solid blue line indicating the −log10(P-value) for each method (represented by circular markers) 
and the dashed red horizontal line marking the threshold where P-value = .05. 

structure of the layers is shown in Fig. 4a. Layer L4 was selected for 
the comparison experiment, while the results for L2/3 are provided in 
Supplementary Fig. S5 of the supplementary information. 

The spatial expression patterns for the top three PCs are shown in 
Fig. 4c. For PC1, the positive direction exhibits higher expression levels 
in the top-left corner and lower expression levels in the bottom-right

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
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corner. Correspondingly, genes Syn1 and Snca share a similar expres-

sion pattern with the positive direction of PC1, while Lamp5, Nrgn, 
Pcsk2, and Enc1 are highly correlated with the negative direction of 
PC1. PC2 displays a distinct pattern from PC1, with lower expression 
levels in the middle and higher expression levels in the top-left and 
bottom-right corners for the positive direction. For PC3, the positive 
direction shows higher expression levels in the bottom-left c orner and 
lower expression levels in the top-right corner. The genes identified as 
highly correlated with each PC are presented in Fig. 4c, with the cor-

responding numbers summarized in Supplementary Table S1C. While 
SpaFun identifies the key spatial signals in the STARmap L4 and L2/3 
regions, the low correlations observed for most genes (ρ < 0.3) indicate 
the reduction in sensitivity when analyzing small, transcriptionally 
homogeneous tissue areas. 

To evaluate the generalizability of SpaFun, we further applied the 
method to the whole region of the STARmap dataset, which contains 
substantially more cells than the subset analyzed in the above results. 
As shown i n Supplementary Fig. S6, the top three PCs exhibit clear and 
coherent spatial patterns across the entire tissue, and display strong 
layer-specific expression differences, as illustrated by the correspond-

ing boxplots. These results demonstrate that SpaFun robustly identi-

fies clear spatial gene patterns i n large, single-cell–resolution datasets. 
We also conducted a comparison experiment on six methods 

(SpaFun, SPARK, CSIDE, DESeq, edgeR, and limma), and the results 
are presented in Fig. 4d. The dotted blue line represents the −log10(P-

value) for each method, and the dashed horizontal red line is where 
P-value = .05. Four methods (SpaFun, SPARK, edgeR, and limma) 
obtained a P-value < .05, while the other two methods (CSIDE and 
DESeq) had P-values > .05. The accompanying bar plot illustrates 
the fold enrichment across all the methods. Among them, SpaFun 
achieved the lowest P-value and the highest fold enrichment, 
underscoring its effectiveness in identifying biologically meaningful 
genes in single-cell-level SRT data. 

Discussion 
SpaFun offers a groundbreaking approach to detecting DRGs in SRT 
datasets, addressing key limitations of existing methods. Traditional 
SVG detection methods often suffer from high computational com-

plexity, limited statistical power, and an inability to effectively con-

sider spatial heterogeneity and gene co-expression. These limitations 
are especially pronounced in large-scale datasets where biological 
and technical variability can obscure meaningful spatial patterns. By 
leveraging fPCA, SpaFun identifies DRGs with distinct spatial expres-

sion patterns specific to annotated regions such as tumor domains, 
without relying on predefined spatial distribution assumptions.

One of SpaFun’s key advantages lies in its ability to treat gene 
expression as a function of spatial location. This enables the method 
to uncover spatially localized expression patterns that are biologically 
relevant and representative of the underlying tissue architecture. 
Unlik e global SVG detection approaches, SpaFun focuses on domain-

specific analysis, capturing localized gene expression dynamics that 
are often critical for understanding complex biological processes such 
as tumor microenvironment interactions, tissue heterogeneity, and 
disease progression. 

Applications to three SRT datasets—two from 10× Visium and one 
from STARmap—demonstrated SpaFun’s robustness and versatility. 
SpaFun consistently identified DRGs with biologically meaningful spa-

tial patterns in tumor domains, surpassing other methods in statistical 

power and interpretability. Comparative analyses showed that Spa-

Fun outperformed competing techniques in enrichment analyses and 
its predicted genes overlapped with known gene sets from the COS-

MIC database, highlighting its potential to identify disease-relevant 
genes. For instance, in the human prostate cancer dataset, SpaFun 
detected distinct spatial patterns in tumor regions. Similar results were 
observed in the ovarian cancer dataset and the mouse visual cortex 
dataset, where SpaFun effectively captured both macro-scale spatial 
heterogeneity and micro-scale co-expression patterns.

Beyond its methodological contributions, SpaFun represents a 
paradigm shift in how spatial transcriptomics data are analyzed. By 
integrating spatial heterogeneity and co-expression relationships, it 
offers a holistic perspective on tissue organization and gene regula-

tion. This capability is particularly relevant for translational research, 
as understanding localized gene expression patterns can reveal new 
therapeutic targets and biomarkers for disease diagnosis and treat-

ment. Furthermore, SpaFun’s non-model-based framework ensures 
scalability to different SRT platforms and experimental designs, 
making it a versatile tool for diverse applications in spatial biology .

Despite its strengths, SpaFun has limitations that warrant further 
investigation. For example, the reliance on pre-annotated domains 
assumes accurate prior knowledge, which may not always be 
available. Besides, shown in the visual cortex STARmap analy-

sis, a limitation of SpaFun, shared with many correlation-based 
approaches, is reduced sensitivity when applied to very small or 
highly homogeneous tissue regions. Additionally, while SpaFun 
efficiently handles large datasets, the runtime results summarized 
in Supplementary Table S4 and the memory usage shown i n 
Supplementary Fig. S7 highlight its potential for substantial speed 
gains with additional optimization and scalable implementations 
for ultra-large-scale applications. Future work could also explore 
the integr ation of histological and molecular profiles to enhance the 
detection of spatial patterns and extend the applicability of SpaFun to 
multi-modal data. 

In conclusion, SpaFun represents a significant advancement in 
spatial transcriptomics, offering a robust and scalable approach for 
detecting SVGs with domain-specific expression patterns. By address-

ing existing limitations and introducing novel analytical capabilities, 
SpaFun paves the way for deeper insights into tissue biology, disease 
mechanisms, and potential therapeutic interventions. Its application 
across diverse datasets highlights its utility and sets a strong founda-

tion for future developments in spatially resolved data analysis.

Key Points 

• SpaFun is the first method dedicated to identifying domain-

representative genes, capturing spatially representative expres-

sion patterns within annotated tissue regions, setting it apart from 
all traditional spatially variable gene detection methods. 

• It leverages functional principal component analysis to model gene 
expression as a f unction of spatial location, avoiding reliance on 
predefined spatial distribution assumptions. 

• The non-model-based framework ensures compatibility with dif-

ferent spatially resolved transcriptomics (SRT) platforms and 
experimental designs, making it a scalable and widely applicable 
tool for SRT research. 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag150#supplementary-data


10 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 2

Supplementary material 
Supplementary material is available at Briefings in Bioinformatics 
online. 
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