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SUMMARY

We develop the spatial dissimilarity method to uncover complex bivariate relationships in single-cell and 

spatial transcriptomics data, addressing challenges such as alternative splicing and allele-specific gene 

expression. Applying this method to detect alternative splicing in neurons demonstrates improved accuracy 

and sensitivity compared to existing tools, notably identifying neuron subtypes. In tumor cells, spatial dissim

ilarity analysis reveals somatic variants that emerge during tumor progression, validated through whole- 

exome sequencing. These findings highlight how allele-specific genetic variants contribute to the subclone 

architecture of cancer cells, offering insights into cellular heterogeneity. Applied on a human cell atlas, we 

uncover numerous cases of allele-specific expression of genes in normal cells. We provide a software pack

age for spatial dissimilarity analysis to enable enhanced understanding of cellular complexity and gene 

expression dynamics under homeostatic conditions and during states of transitions.

INTRODUCTION

Since the generation of the first single-cell transcriptome dataset 

using next-generation sequencing,1 the past 15 years 

have seen remarkable advancements in single-cell RNA 

sequencing (scRNA-seq)2,3 and spatial transcriptomics,4–6

greatly enhancing our understanding of cell heterogeneity7,8

and cell-cell interactions.9 Despite these advancements, most 

research continues to focus primarily on gene expression, often 

overlooking other characteristics of sequence data, such as 

genome coordinate information, alternative splicing (AS),10,11

alternative polyadenylation,12 natural antisense transcripts,13,14

somatic variants,15 and allele-specific expression (ASE).16–21

While some of these features have been extensively studied in 

bulk RNA-seq, their analysis at the single-cell level remains 

limited. For instance, AS analysis in bulk RNA-seq typically in

volves assembling short reads into full transcripts,22 identifying 

differential exon usage between groups,23 and quantifying 

splicing events using percent spliced in (PSI).24,25 However, 

applying these approaches to single-cell data introduces addi

tional complexities. The high dropout rates and low gene 

coverage inherent in scRNA-seq make it challenging to perform 

reliable AS analysis at the individual cell level.26

To address these challenges, researchers often aggregate 

cells within a group to create pseudo-bulk samples, enabling 

the use of bulk RNA-seq tools,27 or resample group labels for 

cells multiple times to evaluate the distribution of delta PSI 

scores28 to identify alternative splicing between groups. Yet, 

the number of cells within a group can vary significantly, from a 

few cells to thousands or more, making it difficult to balance 

sample sizes across pseudo-bulk samples. Furthermore, this 

approach results in the loss of nuanced biological information, 

such as continuous phenotypic transitions observed as cells 

progress from one state to another.29 To address these 

MOTIVATION Many statistical tools developed for single-cell and spatial transcriptomics analysis primarily 

focus on gene-level features. However, sequence-level signals such as alternative splicing and allele-specific 

expression may offer deeper insights into cellular dynamics and regulatory mechanisms. Compared with 

bulk RNA-seq, the application of such analyses to single-cell data has been limited by the biased nature 

of RNA library preparation and the typically low coverage across gene bodies. We sought to develop a sta

tistical framework to analyze differences in expression patterns between biologically linked feature pairs 

even when expression is sparse, making it suited for current-state single-cell and spatial transcriptomics 

data. 
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limitations, recent tools designed specifically for single-cell data 

employ imputation methods or Bayesian models to assign AS 

events to cells and perform differential splicing analysis by 

testing the significance of the contributions of cell group factors 

in linear regression models.25,30 However, as these methods 

require known cell labels and/or primarily rely on PSI or junction 

reads as input, they are often constrained to specific exon exclu

sion events.

In parallel, spatial statistics are increasingly being applied to 

spatial transcriptomics analyses to address biological ques

tions.31 Perhaps the most widely used spatial statistic in spatial 

transcriptomics is Moran’s I, which measures spatial autocorre

lation or dependence for a given feature.31,32 Nevertheless, 

examining the spatial relationship between two genes is also 

important, as it provides insights into gene regulatory networks 

and cell-cell interactions.33 It is well known that Pearson’s cor

relation fails to account for spatial dependence,34 underscoring 

the need for methods that can describe differences between 

two spatial processes. Numerous bivariate spatial correlation 

methods have been developed, which can be broadly catego

rized into two groups: modified t test, often adjusted for effec

tive sample size,35,36 and new statistical measures such as 

Wartenberg’s bivariate extension of Moran’s I,37 Lee’s L 

score,38,39 and spatial cross-correlation index.40 In spatial tran

scriptomics analysis, statistical measures are more commonly 

used than modified t test to assess the relationship between 

two genes, as the measures can be further utilized for clustering 

and defining expression modules in spatial contexts.41,42 This 

approach can also be applied in single-cell analysis, where 

cell-cell similarity graphs are used instead of spatial distances 

to identify informative genes and co-expression modules in 

cell space.42,43

Despite advancements in spatial transcriptomics and the 

application of spatial statistics, most existing methods focus 

on assessing the spatial autocorrelation of a feature and its sim

ilarity patterns with other features.41,42,44–46 This leaves the 

exploration of distinct expression patterns between two features 

in spatial contexts largely underexplored. For example, consid

ering the spatial autocorrelation of an exon while simultaneously 

examining differences in its expression pattern relative to its 

gene can provide critical insights into differential exon usage in 

spatial transcriptome and single-cell analysis. However, to the 

best of our knowledge, no existing statistical method fully ad

dresses this requirement.

In this article, we introduce a spatial measure to analyze the 

spatial autocorrelation of a feature across cell trajectory (1D), 

spatial location (2D), or multiple dimensions and test its dissim

ilarity with a biologically connected binding feature. We term 

this method spatial dissimilarity (SD) test and extend it to sin

gle-cell analysis. The spatial autocorrelation of the test feature 

ensures its relevance within the cell space, while distinct expres

sion patterns between the test and binding features often reveal 

specific biological phenomena. To demonstrate the utility of our 

method, we apply it to two common cases: alternative splicing 

and allele-specific gene expression. For alternative splicing, we 

compare the distinct spatial expression patterns of an exon or 

junction with the overall expression of its gene in single cells. 

Similarly, for allele-specific gene expression, we examine the dif

ferences in spatial expression patterns between one allele (test 

feature) and the other allele (binding feature). Beyond these 

cases, our method has the potential to serve as a foundational 

tool for a wide range of single-cell analyses, providing insights 

into spatial expression dynamics and underlying biological 

mechanisms. To facilitate these analyses, we present an up

dated version of the PISA toolkit47 for annotating and quantifying 

various transcriptomic features from BAM files, along with an 

new R package, Yano, that integrates seamlessly with the pop

ular Seurat package.48 Additionally, Yano includes a visualiza

tion function to plot unique molecule identifier (UMI) depth for 

each cell group and an annotation function to annotate genetic 

variants with various databases and predict the molecular 

consequence. The package is open-source and available at 

https://github.com/shiquan/Yano.

RESULTS

Overview of the spatial dissimilarity analysis method

Our goal was to systematically prioritize spatially dissimilar 

expression events between molecular features (test features) 

and their associated features (binding features). Notably, this 

method requires the test feature to exhibit spatial autocorrela

tion, while no specific distribution is assumed for the binding 

feature. The analysis is structured into five distinct steps. In 

step one, we begin by using our preprocessing tool, PISA,47 to 

annotate and quantify a wide array of molecular features through 

aligned reads (Figure 1A). These features include genome loca

tion-based entities, such as genes, exons, junctions, exon- 

excluded reads, and sequence-based entities like single nucleo

tide variants (SNVs) (Figure 1B).

Next, we construct a cell-to-cell distance/similarity matrix and 

set up the test and binding features. The matrix is formulated by 

the sequential arrangement of cells along a developmental tra

jectory,29 spatial coordinates,31 or shared nearest neighbors 

(SNNs) within a high-dimensional space.48,49 The SNN method 

is preferred for its robustness in defining cell neighbors, surpass

ing the conventional K-nearest neighbors (KNNs) approach,48,49

being calculated by principal-component analysis (PCA) or inte

grated space such as Harmony.50 The distance matrix is then 

transformed into a cell-cell weight matrix, which is column 

normalized and is directly used to compute Moran’s I for each 

feature and only features that are spatial autocorrelated (Moran’s 

I > 0 and Benjamini-Hochberg adjusted p value < 0.01) are used 

in downstream analysis.

In the third step, the association between a test feature and its 

binding feature is established. The association relationship is 

usually guided by the biological question. For instance, to study 

alternative splicing at the exon level, the corresponding gene 

serves as the binding feature. For allele-specific gene expres

sion, one allele expression can be used as test feature while 

the binding feature may be the genomic locus or the alternative 

allele. Normalized counts of the test and binding features are 

used as input for downstream analysis. Depending on the spe

cific question, we employ three operational modes for binding 

features: (1) the binding feature’s normalized counts are used 

as input (mode 1); (2) the binding feature’s counts are subtracted 

by the test feature’s counts before normalization (mode 2); and 
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(3), the counts of the test and binding features are added 

together before normalization (mode 3).

In the fourth step, we perform the SD test for each feature pair 

and identify significant events. A spatial measure, the D score, is 

introduced to link the spatial autocorrelation of the test feature 

(L) and the differential expression pattern relative to the binding 

feature (1 − r, where r is the Pearson’s correlation score of the 

spatial lag of the test and binding features) (Figure 1C). Although 

Figure 1. Overview of the spatial dissimilarity analysis method 

(A) Simplified pipeline of single-cell RNA sequencing, highlighting key steps such as molecule capture and the sequencing strategy. 

(B) Counting features derived from alignment reads. This includes genome location-based features like genes, exons, and junctions, as well as sequence-based 

features such as SNVs. 

(C) Outlines the process of conducting a spatial dissimilarity test. Initially, a cell-cell distance graph is constructed based on either the cells’ positions in a single- 

cell linear trajectory (1D), their spatial locations (2D), or an SNN graph. Subsequently, cell-cell distance matrix is normalized by column. Then the binding 

relationship is set up, and the analysis mode is selected. The D score is calculated with feature counts and weight matrix, and it follows a normal distribution. The p 

value for D score is calculated based on the permutated mean value and standard deviation to assess the significance of spatial dissimilarity. 

(D) Genomic locations of features and p values plot on a Manhattan plot. The p value is transformed using a negative log10 scale for visualization. The genomic 

locations are sorted by chromosome and coordinates. 

(E) Visualizing feature pairs on dimensionality reduction maps. (Left) An example demonstrating differential exon usage, with the exon expression and corre

sponding gene expression displayed on a UMAP plot. (Middle) An example illustrating allele-specific gene expression, showing both alleles at chromosome 12 

(position 52880996) plotted on UMAP. (Right) Another example of differential allele expression at chromosome 1 (position 999842), visualized using t-SNE.
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Figure 2. Spatial dissimilarity analysis reveals alternative splicing features in mouse primary motor cortex 

(A) UMAP visualization of the MOp dataset from the 10× Genomics v3 library (left) and the Smart-seq2 library (right), with cells color-coded by cell types. CT, 

corticothalamic; IT, intratelencephalically projecting; NP, near-projecting. 

(B) Manhattan plot illustrating the results of the spatial dissimilarity test between exon/junction and gene pairs for 10× Genomics v3 data. Points are color coded 

and shape coded by the assay types and sorted by genomic coordinates along the x axis. p value of each event was transformed using a negative log10 scale for 

visualization. 

(C) Like (B), this Manhattan plot focuses on the spatial dissimilarity test between exon/junction and gene pairs for Smart-seq2 data. Points are differentiated by 

color and shape based on the assay type and sorted by genomic coordinates along the x axis. p value of each event was transformed using a negative log10 scale 

for visualization. 

(D) Correlation plot of adjusted p values from two groups of cells. These p values were derived from 10× Genomics v3 data, where cells were randomly divided 

into two groups, and the SD test was performed separately for each group. The p values were transformed using a negative log10 scale for visualization. Each 

point represents a feature, illustrating the consistency of adjusted p values between the two groups. 

(legend continued on next page) 
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the initial distribution of D scores is unknown, a permutation 

method reveals that D scores follow a normal distribution 

(Figures S1A and S1B). To ensure comparability, the p value 

for each event is calculated. For multiple tests, the Benjamini- 

Hochberg procedure is used to calculate the false discovery 

rate.51 Our package, Yano, conducts random sampling of the 

test feature’s distribution across cells 100 times, while the bind

ing feature remains fixed, to generate the distribution of D 

scores. Using the mean and standard deviation of these 

permuted D scores, p values are calculated via a one-tailed t sta

tistic. High D scores correspond to (1) large L scores (indicating 

spatial autocorrelation of the test feature); (2) low r scores (indi

cating differing expression patterns between the test and bind

ing features).

Finally, we prioritize features based on their p values and 

genomic locations (Figure 1D). While selecting features solely 

by p values is acceptable, clustered p values at nearby 

genomic locations provide stronger evidence of significant 

events. The prioritized features are then visualized using dimen

sionality reduction maps (Figure 1E, left) and track plots. For 

instance, a distinct spatial dissimilarity pattern for an exon on 

chromosome 2 (positions 136769743 to 136769860) and its 

associated gene Snap25 indicates an alternative splicing event. 

On chromosome 12 (position 52880996), contrasting expres

sion patterns of alleles C and G across cells suggest the loss 

of allele-specific gene expression in certain cells (Figure 1E, 

middle). Notably, our SD test evaluates the spatial dependency 

of the test feature without imposing restrictions on the distribu

tion of the binding feature. This characteristic is particularly ad

vantageous for identifying genes that have an informative ex

pressed allele and another low-expressed allele, which may 

result from somatic mutations or allele-selective gene repres

sion (Figure 1E, right).

Spatial dissimilarity analysis reveals alternative splicing 

features in mouse primary motor cortex

We applied our SD analysis to four published datasets generated 

using Smart-seq252 and 10× Genomics 3′ and 5′ kits, covering 

the most commonly used library structures. Initially, we applied 

the SD analysis to 33,257 neurons from six 10× Genomics 3′ li

braries and 4,135 neurons from a Smart-seq2 library, both 

derived from the mouse primary motor cortex (MOp) 

(Figure 2A).53 These cells were clustered and integrated at the 

gene level using the Seurat48 and Harmony50 pipelines, with 

cell annotations and selected cells adapted from the original da

taset.53 To ensure robust detection, we excluded features with 

low coverage, retaining only those detectable in a minimum of 

20 cells. This process identified 62,422 junctions (approximately 

twice the number of detected genes) and 584,173 exons for the 

10× libraries, and 166,257 junctions (approximately seven times 

the number of detected genes) and 304,217 exons for the Smart- 

seq2 library. Eventually, we identified 1,317 junctions and exons 

with p values below the threshold of 1e− 10 for the 10× data 

(Figure 2B) and 2,100 junctions and exons for the Smart-seq2 

data (Figure 2C).

To test the robustness of our SD method, we divided the 10×

library cells into two groups of 16,628 cells each and re-ran the 

SD test on exon data. The p values of the two groups showed 

a high correlation (r = 0.97) (Figure 2D). To compare the perfor

mance of full-length sequencing and 3′ biased sequencing 

data using the SD test, we downsampled cells from both the 

10× and Smart-seq2 libraries and performed the SD test for 

exons and genes. As expected, with an equal number of cells, 

the 10× library detected fewer genes than the Smart-seq2 library 

due to its lower gene coverage (Figure 2E). Furthermore, the 

number of detected genes increased with a higher cell count, 

though saturation was not observed even with over 30,000 cells 

in the 10× data (Figure 2E). Comparisons of exons between the 

two kinds of libraries revealed that 142 exons were prioritized by 

both methods (adjusted p < 1e− 10), while 684 exons were 

uniquely detected by Smart-seq2 (adjusted p < 1e− 10 for 

Smart-seq2, adjusted p < 1e− 2 for 10×) and 574 exons were 

uniquely detected by the 10× data (adjusted p < 1e− 10 for 

10×, adjusted p < 1e− 2 for Smart-seq2) (Figure 2F). As ex

pected, we observed that shared alternative splicing events 

show similar expression pattern between both libraries 

(Figure 2G). We also found that exons detected only in the 10×

data often displayed unique spatial expression patterns; for 

example, exon chr5:142904067–142904248 was spatially ex

pressed in nearby cells, while its gene, Actb, appeared globally 

expressed across all cells in the 10× data (Figure 2H). In the 

Smart-seq2 data, however, this exon’s expression pattern 

aligned with that of the gene (Figure 2H). When plotting the ratio 

of this exon to gene counts on a reduction map, the ratio fol

lowed the exon’s expression pattern rather than the gene’s 

pattern (Figure 2I). This suggests that the distinct expression 

pattern is unlikely to be caused by low gene body coverage, 

as the reads overlapping this exon did not increase propo

rtionally with the gene’s total reads. For another exon, 

chr7:140082462–140082548, prioritized only by Smart-seq2, 

(E) Downsampling analysis of 10× Genomics v3 and Smart-seq2 data. Detected genes represent those with at least one event having an adjusted p 

value < 1e− 10. 

(F) Correlation plot of adjusted p values for exon and gene pairs from 10× Genomics v3 and Smart-seq2 data. p values along the x axis and y axis were 

transformed using a negative log10 scale for visualization. Strand information in exon names from 10× data was removed to enable comparison with Smart-seq2 

data. 

(G) UMAP plots showing the expression of exon chr10:68136486–68136626 and the gene Arid5b in 10× Genomics v3 data (left) and Smart-seq2 data (right). 

Expression levels are normalized on a log scale and adjusted for library size. Note that due to differences in library sizes between assays, expression values are 

not directly comparable across plots. 

(H) UMAP plots showing the normalized expression of exon chr5:142904067–142904248 and the gene Actb in 10× Genomics v3 data (left) and Smart-seq2 data 

(right). 

(I) UMAP plots showing the ratio of raw counts for exon chr5:142904067–142904248 to the gene Actb across individual cells. 

(J) UMAP plots showing the normalized expression of exon chr7:1400882462–149982548 and the gene Caly in 10× Genomics v3 data (left) and Smart-seq2 data 

(right).
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the pattern appeared to be introduced by low gene body 

coverage (Figures 2J and S2A–S2E).

To further understand alternative expression events across 

different cell clusters and systematically summarize these fea

tures, we co-clustered exon and gene counts and generated a 

heatmap for all cells using Smart-seq2 data (Figure S3). This 

analysis revealed complex alternative splicing cases within the 

dataset. For example, exon chr16:18629808–1862911 was ex

pressed across all cell groups but showed low expression in 

group L2/3 IT, while the gene Sept5 was highly expressed in 

both L5 IT and L2/3 IT (Figure S3, highlighted). Although 

Smart-seq2 has greater power to detect alternative splicing 

due to its ability to capture full-length gene sequences, its lack 

of strand specificity can hinder analysis. For example, the gene 

Stk16 overlaps with gene Tuba4a on the opposite strand. Since 

Tuba4a is highly expressed and independent of Stk16, exons of 

Stk16 appear with low p values in Smart-seq2 data and intro

duce false positive events. In contrast, the strand-specific nature 

of 10× data allows these genes to be distinguished based on 

read strands (Figures S4A–S4C).

By applying our SD analysis to MOp neurons from both 10×

and Smart-seq2 libraries, we identified thousands of alternative 

splicing events, demonstrating that this method is robust across 

different library preparations. Although 3′ biased sequencing has 

lower sensitivity for detecting alternative splicing compared with 

full-length sequencing at the same sample sizes, analyzing a 

larger cell population enables the discovery of novel splicing 

events.

Benchmarking of the spatial dissimilarity test method 

against cluster-based methods

Despite the availability of established methods for investigating 

AS in single-cell analyses, most techniques are designed to 

detect differential AS events between two cell groups. To bench

mark the performance of our SD test, we selected two cell clus

ters (L5 IT and L6 IT) from the Smart-seq2 dataset (Figure 3A). 

Rerunning SD analysis for these cells revealed new AS events 

for all cells, suggesting that ‘‘local’’ events may be masked dur

ing a ‘‘global’’ test (Figures S5A and S5B). For instance, the exon 

chr9:78478449–78478858 of gene Eef1a1 was prioritized in 

selected cells due to its distinct expression pattern. However, 

when analyzing all cells together, this different expression 

pattern was diluted and not sufficient to be highlighted 

(Figure S5C).We then used two software tools for comparison: 

DEXSeq,23 which was originally developed for bulk RNA-seq 

and uses exon and gene counts as input, and BRIE2,30 which 

uses PSI values as input. These tools represent the most 

commonly used approaches for AS analysis. To begin, we 

generated three pseudo-samples for each cell group and ran 

the DEXSeq workflow, detecting 2,372 exons with adjusted 

p values below 1e− 10 (Figure 3B). In contrast, our SD test iden

tified 400 exons and 122 junctions, considerably fewer than 

DEXSeq. Examining the differences between DEXSeq and our 

method revealed that 2,064 exons were detected solely by 

DEXSeq (adjusted p < 1e− 10 for DEXSeq, adjusted p > 0.01 

for SD test) (Figure 3C). DEXSeq’s high sensitivity detects differ

ences in exon usage between groups, but it is easy to find many 

differences that arise from low gene expression (as in Ly6e; 

Figures 3D and S5D). Especially when both gene expression 

and exon expression are low in one group, the lineage regression 

model can become biased, leading to artificially low p values due 

to dispersion (Figure 3E).

Conversely, 224 exons were exclusively detected by our SD 

test (adjusted p > 0.01 for DEXSeq, adjusted p < 1e− 10 for SD 

test). These exons generally showed pronounced differences in 

expression patterns between exons and genes, such as 

chr15:74955071–74955717 (Figure 3F) and chr12:40799657– 

40799750 (Figure 3G). Because our SD test assesses the entire 

cell population without considering cell cluster labels, subclus

ters within the cell population may also be detected.

In the case of BRIE2, which prioritizes AS events using the ev

idence lower bound (ELBO) score30 (Figure 3H), we conducted a 

fair comparison by first testing exon to exon-excluded reads and 

then exon-excluded reads to exon with mode 3 (Figure 3I). In 

Figure 3. Benchmarking of the spatial dissimilarity test method against cluster-based methods 

(A) UMAP plot of L5 IT and L6 IT cells from Smart-seq2 data, with cells colored by cell type. 

(B) Volcano plot of DEXSeq results. The x axis represents the log2 fold change between L5 IT and L6 IT, while the y axis shows p values transformed using a 

negative log10 scale for visualization. 

(C) Comparison of same exon analyzed with DEXSeq and the spatial dissimilarity test results. p values are negative log10 scaled. 

(D) UMAP plots showing the expression of exon chr15:74955071–74955717 (left) and the gene Ly6e (right). Expression levels are normalized on a log scale and 

adjusted for library size. Note that due to differences in library sizes between gene assay and exon assay, expression values are not directly comparable 

across plots. 

(E) UMAP plots showing the normalized expression of exon chr12:40799657–40799750 (left) and the gene Dock4 (right). 

(F) UMAP plots showing the normalized expression of exon chr8:94870508–94873535 (left) and the gene Polr2c (right). The arrow highlights cells exhibiting an 

inverse expression pattern between the exon and the gene. 

(G) UMAP plots showing the normalized expression of exon chr5:142903234–142903400 (left) and the gene Actb (right). The arrow highlights cells exhibiting an 

inverse expression pattern between the exon and the gene. 

(H) Volcano plot of BRIE2 results. The x axis represents the effect size difference of PSI between L5 IT and L6 IT, while the y axis shows the ELBO gain. Exons with 

low ELBO scores (<10) are colored in gray, while other exons are colored in black. 

(I) Manhattan plot illustrating the results of the spatial dissimilarity test between exon assay and exon-excluded assay (and vice versa) in mode 3. Points are color 

and shape coded based on assay type and sorted by genomic coordinates along the x axis. p values for each event were transformed using a negative log10 scale 

for visualization. 

(J) UMAP plots showing the normalized expression of exon chr3:80691320–80691434 (left) and exon-excluded reads for the same exon (right). 

(K) UMAP plots showing the normalized expression of exon chr16:7193747–7193877 (left) and exon-excluded reads for the same exon (right). 

(L) UMAP plots showing the normalized expression of exon chr13:6588955–6596062 (left) and exon-excluded reads for the same exon (right). 

(M) UMAP plots showing the normalized expression of exon chr18:38447723–38447821 (left) and exon-excluded reads for the same exon (right).
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Figure 4. Spatial dissimilarity analysis of EATs reveals allele-specific gene expression in cutaneous squamous cell carcinoma 

(A) UMAP visualization of cutaneous squamous cell carcinoma (cSCC) cells, each color-coded according to identified cell clusters. Myeloid-derived suppressor 

cells, MDSC; natural killer, NK; macrophage, Mac; CD1C+ dendritic cells, CD1C; CLEC9A+ dendritic cells, CLEC9A; Langerhans cells, LC. 

(B) UMAP visualization of cSCC cells colored by tissue type. 

(C) Manhattan plot illustrating the results of the spatial dissimilarity test between EATs and other EATs at the same locus. Points are color coded by AF from the 

dbGaP/ALFA database, shaped by variant origin, and sorted by genomic coordinates along the x axis. p values for each event were transformed using a negative 

log10 scale for visualization. 

(D) UMAP plots showing the expression of EAT 17:73894804 allele G and allele A (top) and EAT MT:11152 allele T and allele C (bottom). Expression levels are 

normalized on a log scale and adjusted for library size. As both EATs at each locus are derived from the same assay, their expression values are directly 

comparable. 

(legend continued on next page) 
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mode 3, exon-included and exon-excluded reads were summed 

as the binding assay, ensuring that only events with strong differ

ential expression patterns between exon-included and exon- 

excluded reads were highlighted, resulting in the identification 

of 46 genes (adjusted p value < 1e− 10). We also performed 

this test using mode 1, which is more sensitive and prioritized 

1,985 genes, which is much higher than mode 3 (Figure S6A). 

Notably, all events detected with mode 3 were also detected 

with mode 1. Our SD test successfully identified genes also 

prioritized by BRIE2, such as Gria2 (Figure 3J) and Rbfox1 

(Figure 3K). However, BRIE2 only provides a score for each 

gene without identifying specific alternative splicing sites, 

complicating result interpretation. Five genes detected by 

BRIE2 (ELBO > 30) were not identified by our SD test with 

mode 3 but can be detected with mode 1. Upon inspection, 

we found that minor differences were observed in spliced reads 

for these genes, though these differences were not substantial 

(Figures S6B–S6D). Additionally, we noted that the genes exclu

sively detected with our SD test often were influenced by alterna

tive expression events within the L5 IT group (Figure 3L). Further

more, high L scores for the test feature combined with sparse 

expression of the binding feature can also lead to high D scores 

under mode 3 (Figure 3M), as the D score only considers the 

spatial dependency of the test feature. Therefore, under mode 

3, it is recommended to intersect the called events with both 

exon-included and exon-excluded data.

This benchmarking demonstrated that methods like DEXSeq, 

which rely on linear regression models that treat cell clusters as 

test factors, are highly sensitive but not suitable for biased 

sequenced data. They often introduce many false positives 

and make the results hard to interpret. Tools like BRIE2 that 

use PSI as input can detect only a limited number of events 

because they require high gene body coverage, which is an 

obstacle for cell groups with few cells. In contrast, our SD test 

strikes a balance between sensitivity and specificity by focusing 

on expression pattern differences in cell space. Furthermore, our 

method does not rely on predefined cell group information, mak

ing it well suited for uncovering hidden cell populations within 

the data.

Spatial dissimilarity analysis of SNVs reveals allele- 

specific gene expression in squamous cell carcinoma

We called SNVs in 3,464 cells from both the tumor and paired 

normal tissues of a human cutaneous squamous cell carcinoma 

(cSCC) sample54 (Figure 4A). Genetic variants were collated 

from whole-exome sequencing (WES), and scRNA-seq data 

of the tumor and normal tissues (Figure 4B) subsequently 

merged into a variant call format (VCF) file.55 By post-annota

tion of reads with the VCF file, we quantified expression levels 

for both strands for all alleles at these loci (STAR Methods). Al

leles with expression in fewer than 10 cells were filtered out to 

diminish noise and errors. Because our allele-specific expres

sion analysis not only considers SNVs but also considers the 

reference allele, for convenience, we use expressed allele spe

cific tag (EAT) to stand for SNV and reference allele throughout 

this article. Unlike gene expression, which is directly counted 

from alignment reads, we define the binding assay here as lo

cus expression, calculated by summing up the counts of all 

EATs at a given locus. Using the SD test in mode 2 (comparing 

one allele to another at the same locus), we identified 229,507 

EATs across 194,018 loci, treating each strand-specific locus 

independently. For loci to be analyzed in the SD test, at least 

two EATs per locus were required. Of the 31,876 loci meeting 

this criterion, 2,240 showed significant alternative expression 

of one allele compared to the other at the same locus (adjusted 

p < 1e− 10) (Figure 4C).

Certain EATs with cell-type-specific expression were 

observed; for example, EAT 11:252818 allele G was expressed 

in myeloid cells and keratinocytes across all samples, whereas 

allele A was lost in epithelial cells within the tumor (Figure 4D, 

top). In another case, EAT MT:11152 allele C was primarily ex

pressed in keratinocytes in the tumor, though it was also de

tected in a single macrophage and one CD1C+ dendritic cell 

(Figure 4D, bottom). Furthermore, an analysis of WES sequence 

reads revealed that both allele G and allele A at chromosome 17, 

position 73894804, were detected in normal and tumor DNA, 

indicating that the expression of allele A was silenced in keratino

cytes within the tumor (Figure 4E). In contrast, the gain of allele C 

at mitochondrial position 11152 was attributed to somatic vari

ants (Figure 4F), suggesting it may have been acquired during tu

mor progression. The presence of this allele in non-epithelial 

cells could be explained by library contamination or mitochon

drial transfer between tumor and immune cells.56

Our package, Yano, then predicted the consequences of 

genetic variants and linked genotype information with pheno

type data from published databases (STAR Methods). 

We observed that over 36% of mutations in tumor cells 

were not present in paired normal cells (Figure 4G). After 

annotation with human population allele frequency data

bases,57–60 these mutations typically exhibited lower allele fre

quencies (Figure 4H), suggesting that rare genetic variants 

(allele frequency < 0.0001) or those undetected in public data

bases are more likely to be somatic mutations compared to 

variants with higher frequencies. Annotating of variants using 

the ClinVar database61 identified a known pathogenic muta

tion expressed only in tumor cells, indicating that these muta

tions may be acquired during tumor progression (Figure 4I). In 

summary, our SD test, in conjunction with genetic and pheno

type databases, successfully revealed ASE events and infor

mative somatic mutations in cancer cells. This approach holds 

a significant potential for enhancing our understanding of the 

etiology of cancer development.

(E) IGV plot showing reads from WES data of tumor and normal tissues overlapping with chromosome 17, position 73894804. 

(F) IGV plot showing reads from WES data of tumor and normal tissues overlapping with mitochondria, position 11152. 

(G) Venn diagram showing the genetic variants detected in WES data from normal tissues and tumor tissues. 

(H) Pie charts representing the proportion of low AF somatic mutations (detected in tumor tissues only) across different human population AF databases: dbGaP/ 

ALFA database (left) and the Genome Aggregation database (GnomAD) (right). 

(I) UMAP plots showing the expression of a known pathogenic mutation across cells.
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Figure 5. Identification of cutaneous squamous cell carcinoma subclones with alternatively expressed EATs 

(A) UMAP visualization of keratinocytes, colored by tissue type. 

(B) Manhattan plot illustrating the results of the spatial dissimilarity test between EATs and other EATs at the same locus. Points are color coded by AF from the 

dbGaP/ALFA database, shaped by variant origin, and sorted by genomic coordinates along the x axis. p values for each event were transformed using a negative 

log10 scale for visualization. 

(C) UMAP plots showing the expression of gene KRT6A (left), EAT 12:52880996 allele C (middle), and allele G (right). Expression levels were retrieved from the 

‘‘data’’ layer of Seurat object with the default method. 

(legend continued on next page) 
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Identification of squamous cell carcinoma subclones 

with alternatively expressed EATs

We investigated the utility of alternative EAT expression patterns 

in distinguishing tumor subclones within a tumor sample. Tradi

tional analyses based on gene expression typically rely on highly 

variable genes (HVGs) for PCA and downstream cell clustering, 

which may obscure ASE genes. Focusing on keratinocytes, we 

re-clustered these cells using PCA and UMAP analyses based 

on highly variable EATs in place of HVGs (Figure 5A). We then 

performed SD tests for all EATs, highlighting 265 EATs across 

195 loci (mode 2) (Figure 5B). Notably, a concentration of alterna

tively expressed EATs was observed at chromosome 12 q13.13, 

predominantly originating from gene KRT16A. Additionally, 

certain EATs demonstrated the ability to differentiate between 

tumor and normal cells. For example, EAT 12:52880996 allele 

G was present across all cell groups, while allele A showed 

high expression in normal tissue cells but only sporadic expres

sion in tumor cells. This suggests the presence of distinct tumor 

subclones (Figure 5C).

Subsequently, keratinocytes were hierarchically clustered into 

5 groups with the EATs from the 195 loci, with most normal tissue 

cells predominantly in group 5 (Figure 5D). When mapping these 

cluster labels onto the UMAP plot, the original reduction method 

did not distinctly separate cell groups 1, 2, and 3 (Figure 5E). 

However, re-clustering the cells with alternatively expressed 

EATs achieved clear segregation of these groups (Figure 5F 

and STAR Methods). Further gene-level expression analysis 

among these cell groups revealed variations in cancer-related 

genes, such as DDIT462 and HILPDA,63 across the tumor sub

clones (Figure 5G). Of particular interest was the high expression 

of the ligand gene CCL3 in group 2 and the corresponding recep

tor gene CCR1 in tumor cells (Figure 5H). The CCL3-CCR1 axis 

has been implicated in various cancers,64,65 suggesting a poten

tial involvement in cSCC subclone progression.

Spatial dissimilarity analysis of EATs in 15 adult human 

tissues reveals new allele-specific expressed genes

We explored allele-specific gene expression across 15 organs 

from an adult male donor, using 84,363 cells66 (Figure 6A). Cell 

clusters and annotations were transferred from the original 

research.66 For simplicity, we consolidated subclusters into ma

jor clusters, such as grouping all T cell subtypes under ‘‘T cells’’ 

(Figure 6B). From 176,883 loci, we identified 219,671 EATs, with 

2,894 showing significant alternative expression (adjusted 

p < 1e− 10) (Figure 6C). The Manhattan plot revealed six promi

nent peaks, including five in autosomal chromosomes and one in 

mitochondria, with four peaks associated with human immuno

globulin (Ig) heavy- and light-chain variants (IGHV, IGKV, IGLV) 

and the major histocompatibility complex (MHC) (Figures 6C 

and S7A). Notably, a peak at chromosome 11 p15.5 corre

sponded with interferon-induced transmembrane (IFITM) genes, 

which are known for their role in antiviral activities.67 A closer in

spection of this genomic region revealed that most EATs over

lapped with IFITM3 and IFITM1 (Figure S7B). The ASE events 

were cell type specific, suggesting that these genes are likely 

to be coordinately expressed in cis. For instance, EAT 

chr11:230649 allele G is predominantly found in fibroblast, 

FibSmo cells, and some immune cells, whereas its counterpart, 

allele A, exhibited higher expression in T cells, and differential 

expression between monocytes and macrophages was 

observed (Figure 6D).

To systematically evaluate ASE genes across different cell 

clusters, we categorized EATs into two classes: class I and 

class II. For class I, both EATs at the same locus exhibited sig

nificant SD test results (adjusted p < 1e− 10), indicating that 

both alleles display informative expression patterns but in 

different cell populations. This suggests bona fide ASE events. 

For class II, only one EAT at the locus had a significant p value, 

while its complementary EAT did not. This often indicates that 

the complementary allele is either randomly or sparsely ex

pressed. These EATs are more likely to arise from somatic 

mutations or stochastic expression19,68–71 in cells that typically 

involves independent expression from each allele. For example, 

EAT chrX:119468424G/+ was found across multiple tissues, 

while its binding EAT allele C showed sparse and lower levels 

of expression. Given males have only one X chromosome, allele 

C’s presence across many tissues suggests that a somatic mu

tation likely occurring early in embryogenesis is tolerated by 

cells (Figure S7C).

We identified 5,726 significant EATs, of which 1,023 EATs from 

508 loci were classified as class I, with 7 loci containing more 

than 2 EATs. The remaining EATs were categorized as class II. 

Most class I EATs were located within MHC/Ig regions, with 16 

EATs derived from IFITM genes. Additionally, 62 EATs from 31 

loci across 24 genes displayed cell-type-specific expression 

patterns (Figures S8 and S9A). None of these genes exhibited 

allelic exclusion but displayed allele-biased expression patterns. 

These genes have not previously been associated with known 

mechanisms, such as somatic rearrangements,72 somatic muta

tions, olfactory gene regulation,73 X chromosome inactivation,74

and gene imprinting.75 Among these genes, we discovered that 

CD68, a marker gene for macrophages and monocytes, was also 

expressed in fibroblasts, governed by different promotors.76 In 

this gene, the EAT chr17:7579637 allele T was more likely ex

pressed in fibroblasts than in myeloid cells, whereas allele G at 

the same locus was expressed in a different pattern (Figure S9A).

For another case, prediction of EAT consequences revealed 

that EAT chr9:33447422 is in the splice acceptor region of the 

AQP3 gene. Allele T was absent in enterocytes, suggesting 

that cells carrying this allele were eliminated. Given that AQP3 

(D) Heatmap representing the expression of prioritized EATs across all keratinocytes. Rows correspond to cells, clustered into five groups, while columns 

represent EATs. 

(E) UMAP visualization of keratinocytes, color-coded by the cell clusters defined in the heatmap (D). Points are additionally shaped according to tissue type. 

(F) Refined UMAP plot of keratinocytes, further highlighting clustering based on selected EAT expression. Points are color-coded by cell clusters and shaped 

according to tissue type. 

(G) Heatmap of scaled gene marker expression across the defined cell clusters in (D). 

(H) Violin plot showing CCR1 gene expression across various cell types and tissues, separated by tissue type to highlight differences in expression patterns.
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deficiency is known to impair enterocyte proliferation,77 this 

result highlights the potential elimination of mutated cells, lead

ing to ASE of AQP3. Additionally, beyond these allele-specific 

expressed genes, we observed mutations causing changes in 

the primary structure of proteins, which were expressed in sub

clones of cells compared to their corresponding genes overall 

(Figures S9B and S9C).

To assess the distribution of ASE genes and somatic muta

tions across tissues and cell types, we aggregated cells into 

pseudo-bulk samples, requiring a minimum of 50 cells per sam

ple. After filtering, we analyzed 5,420 EATs across 103 samples, 

performing hierarchical clustering to identify 10 clusters of sam

ples and 10 modules of EATs (Figure 6F). Notably, while modules 

1, 2, and 7 contained significant EATs from Ig variants, modules 3 

and 10 had high allele frequency in the dbGAP/ALFA database 

(www.ncbi.nlm.nih.gov/snp/docs/gsr/alfa/), suggesting refer

ence allele expression. In contrast, somatic mutations in Ig 

genes were enriched in the other modules and predominantly ex

pressed in plasma cells, indicating these mutations mostly 

occurred as B cells differentiate into plasma cells. Interestingly, 

fibroblasts from the rectum (cluster 7) and stomach (cluster 8) 

expressed EATs from module 2 and module 10, unlike those 

from the heart, skin (cluster 2), and muscle (cluster 3), suggesting 

organ-specific expression patterns for these alleles.

Performing SD analysis with EATs across different organs and 

cell types from the same donor provides valuable insights into 

the ASE of genes in normal tissues. Notably, 24 allele-specific 

expressed genes were identified in human cells. Differential pro

moter usage and phenotype consequence of genetic variants 

were found to contribute to ASE, expanding our understanding 

of ASE mechanisms. Furthermore, this work underscores the 

value of analyzing allele-biased expressed EATs across different 

cell types, combined with consequence predictions of genetic 

variants, to gain deeper insight into gene functions within spe

cific cellular contexts. When combined with allele frequency da

tabases, this method can also highlight informative somatic mu

tations and further facilitate lineage development analysis of 

cells in healthy tissues.

DISCUSSION

In this study, we extended spatial statistics to single-cell analysis 

by utilizing a cell-cell similarity matrix instead of a spatial dis

tance matrix and addressed the spatial dissimilarity challenge 

by introducing a spatial measure to examine distinct spatial 

expression patterns between two features in single cells. Our 

approach focuses solely on the spatial autocorrelation of the 

test feature, leaving the binding feature unexamined. A permuta

tion test is then used to determine the distribution shape and 

assess statistical significance. By permutating only the test fea

ture’s distribution, our method ensures robust evaluation.

The D score harmonizes two components. The first 

(L) captures the spatial autocorrelation of the test feature, de

signed to address the sparsity inherent in scRNA-seq by evalu

ating the spatial distribution of features rather than their absolute 

expression levels. The second (1 − r) evaluates the dissimilarity 

between the test and binding features, specifically overcoming 

challenges associated with low gene body coverage. Only fea

tures showing inverse expression patterns relative to their corre

sponding binding features are prioritized. Notably, our approach 

can highlight features with low expression levels if they exhibit 

spatial autocorrelation and distinct expression patterns 

compared to their binding features. This makes our method 

particularly suitable for biological contexts in biased scRNA- 

seq datasets, representing the most widely used technology in 

single-cell sequencing.

Furthermore, our method requires only feature counts and a 

cell-cell distance matrix as input, eliminating the need for prior 

cell clustering, which is a step often considered non-robust 

due to ambiguities in current cell cluster definitions.78,79 The flex

ibility in defining the binding relationship between the test feature 

and the binding feature makes our SD test applicable to a wide 

range of studies beyond AS and ASE. For example, to investigate 

gene expression dynamics, the spliced and unspliced expres

sions of the same gene can be analyzed. Similarly, for studying 

natural antisense transcripts, the expression of antisense and 

sense strands of the same gene can be tested to explore the dy

namics of antisense activity in single cells. Because our pack

age, Yano, works directly with Seurat objects, different feature 

expressions can be read as ‘‘assays’’ within a Seurat object. 

This eliminates the need to regenerate reduction maps or reana

lyze cell clustering for ongoing or published projects, avoiding 

unintended inconsistencies and making the method highly prac

tical for diverse research applications.

A further advancement in our SD test is its integration with the 

Manhattan plot, which combines genome location data with 

p values. This allows us to identify genomic hotspot regions 

with heightened spatial expression differences. Additionally, 

we extend the application of the SD test to ASE analysis 

and cell lineage tracing using EATs, eliminating the need for 

prior read assembly. This approach leverages allele-specific 

EATs and somatic mutations as ‘‘natural barcodes’’ to trace 

Figure 6. Spatial dissimilarity analysis of EATs in 15 adult human tissues reveals allele-specific expressed genes 

(A) tSNE plot with cells color coded based on their tissue or organ of origin. 

(B) tSNE visualization of cells from the adult human cell atlas (AHCA) project, color coded to indicate major cell types. 

(C) Manhattan plot illustrating the results of the spatial dissimilarity test between EATs and other EATs at the same locus. Points are color coded by molecular 

consequences and shaped by AF from the dbGaP/ALFA database and sorted by genomic coordinates along the x axis. p values for each event were transformed 

using a negative log10 scale for visualization. 

(D) tSNE visualization of the normalized expression level of EAT chr11:320649/− allele G (left) and allele A (right). 

(E) tSNE visualization of the normalized expression level of EAT chr9:33447422/− allele C (left) and allele T (right). 

(F) Heatmap of alternatively expressed EATs, with rows clustered into 10 clusters based on merged cells and columns clustered into 10 modules based on EATs. 

Expression values of EATs were merged by cell type and tissue, then binarized before clustering. Within each module, EATs are sorted by AF from dbGaP/ALFA 

databases, and within each cluster, cell groups are sorted by type. GnomAD, the Genome Aggregation database; KOREAN, Korean Reference Genome Project; 

14KJPN, Japanese population reference panel.
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developmental trajectories within human tissues. Besides the SD 

test, our tool also offers genetic variant annotation with various 

databases and functional prediction. By investigating patho

genic mutations in large-scale single-cell atlases, it is possible 

to understand new gene functions through naturally occurring 

somatic mutations or by conducting perturbation experiments.

Other directions for this work include integrating single-cell 

transcriptome analysis with other omics data to enhance our un

derstanding of gene expression dynamics. In summary, while 

inspired by single-cell and spatial transcriptome analysis, the 

spatial dissimilarity test represents a versatile new approach 

with potential for expansion within spatial statistics.

Limitations of the study

While our SD test method offers significant innovations, it also 

has limitations. Its global application across all cells may over

look specific expression changes within particular cell groups 

(local events). Addressing this limitation requires reapplying the 

SD test to subclusters for a more detailed, cell-type-specific 

analysis. Another limitation is the computational intensity of the 

permutation test. To accelerate this process, we implemented 

core functions in pure C and utilized multithreading with the 

OpenMP library. A runtime benchmark, in which we down

sampled cells from the AHCA project, is shown in Figure 7.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for the resources should be directed to and 

will be fulfilled by the lead contact, Karsten Kristiansen (kk@bio.ku.dk).

Materials availability

This study did not generate new, unique reagents.

Data and code availability

• This study analyzes published sequencing datasets and genome refer

ence databases that are listed in the key resources table.

• Codes to generate the figures for this paper can be reached at https:// 

github.com/shiquan/Yano_paper. The Yano software package for im

plementing spatial dissimilarity analysis is freely available at https:// 

github.com/shiquan/Yano. Archival DOIs are listed in the key 

resources table.

• Any additional information required to re-analyze the results reported in this 

paper is available from the lead contact upon request.

ACKNOWLEDGMENTS

We thank Albin Sandelin, Rickard Sandberg, and Lin Lin for discussions and 

comments on the early versions of this work.

AUTHOR CONTRIBUTIONS

Q.S. and K.K. conceived the project. Q.S. developed the concept, imple

mented the code, performed the analyses, and drafted the manuscript. K.K. 

supervised the work and reviewed and edited the manuscript.

DECLARATION OF INTERESTS

The authors declare no competing interests.

STAR★METHODS

Detailed methods are provided in the online version of this paper and include 

the following:

• KEY RESOURCES TABLE

• METHOD DETAILS

○ Feature annotation and counting with PISA

○ Implementation of the spatial dissimilarity test method

○ Visualization of single cell alignments with track plots

○ EAT calling

○ EAT annotation

○ Analysis of mouse primary motor neuron data

○ Cluster based alternative splicing analysis with DEXSeq and BRIE2

○ Analysis of squamous cell carcinoma data

○ Analysis of adult human cell atlas

• QUANTIFICATION AND STATISTICAL ANALYSIS

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j. 

crmeth.2025.101141.

Received: March 10, 2025

Revised: June 4, 2025

Accepted: July 24, 2025

Published: August 20, 2025

REFERENCES

1. Tang, F., Barbacioru, C., Wang, Y., Nordman, E., Lee, C., Xu, N., Wang, X., 

Bodeau, J., Tuch, B.B., Siddiqui, A., et al. (2009). mRNA-Seq whole-tran

scriptome analysis of a single cell. Nat. Methods 6, 377–382. https://doi. 

org/10.1038/Nmeth.1315.

2. Zheng, G.X.Y., Terry, J.M., Belgrader, P., Ryvkin, P., Bent, Z.W., Wilson, 

R., Ziraldo, S.B., Wheeler, T.D., McDermott, G.P., Zhu, J., et al. (2017). 

Massively parallel digital transcriptional profiling of single cells. Nat. Com

mun. 8, 14049. https://doi.org/10.1038/ncomms14049.

3. Macosko, E.Z., Basu, A., Satija, R., Nemesh, J., Shekhar, K., Goldman, M., 

Tirosh, I., Bialas, A.R., Kamitaki, N., Martersteck, E.M., et al. (2015). Highly 

Parallel Genome-wide Expression Profiling of Individual Cells Using Nano

liter Droplets. Cell 161, 1202–1214. https://doi.org/10.1016/j.cell.2015. 

05.002.

4. Chen, K.H., Boettiger, A.N., Moffitt, J.R., Wang, S., and Zhuang, X. (2015). 

Spatially resolved, highly multiplexed RNA profiling in single cells. Science 

348, aaa6090. https://doi.org/10.1126/science.aaa6090.

5. Vickovic, S., Eraslan, G., Salmén, F., Klughammer, J., Stenbeck, L., Scha
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Mouse primary motor cortex datasets Yao et al.53 RRID: SCR_016152

Cutaneous squamous cell carcinoma datasets Ji et al.54 GSE144240 and GSE159929

The adult human cell atlas He et al.66 GSE159929

Mouse genome reference and annotation (mm10) 10× Genomics resource website refdata-gex-mm10-2020-A

Human genome reference and annotation (hg19) 10× Genomics resource website refdata-cellranger-hg19–3.0.0

Human genome reference and annotation 

(GRCh38)

10× Genomics resource website refdata-gex-GRCh38-2020-A

NCBI RefSeq annotation file for genetic variants 

annotation

UCSC goldenPath website https://hgdownload.soe.ucsc.edu/goldenPath/ 

archive/hg38/ncbiRefSeq/110/hg38.110. 

ncbiRefSeq.gtf.gz

Population-based allele frequency database 

(GRCh38)

NCBI/dbsnp website https://ftp.ncbi.nih.gov/snp/latest_release/VCF/ 

GCF_000001405.40.gz

Population-based allele frequency database (hg19) NCBI/dbsnp website https://ftp.ncbi.nih.gov/snp/latest_release/VCF/ 

GCF_000001405.25.gz

Clinvar database (GRCh38) NCBI/Clinvar website https://ftp.ncbi.nlm.nih.gov/pub/clinvar/vcf_ 

GRCh38/archive_2.0/2024/clinvar_20240317.vcf. 

gz

Clinvar database (hg19) NCBI/Clinvar website https://ftp.ncbi.nlm.nih.gov/pub/clinvar/vcf_ 

GRCh37/archive_2.0/2024/clinvar_20240312.vcf. 

gz

Software and algorithms

PISA This paper and Shi et al.47 https://github.com/shiquan/PISA; https://doi.org/ 

10.5281/zenodo.15857280

Yano This paper https://github.com/shiquan/Yano; https://doi.org/ 

10.5281/zenodo.15857280

Seurat CRAN and Satija et al.48 https://satijalab.org/seurat/

bcftools Danecek et al.80 https://www.htslib.org/

samtools Danecek et al.80 https://www.htslib.org/

Bwa Li and Durbin81 https://github.com/lh3/bwa

sambamba Tarasov et al.82 https://github.com/biod/sambamba

BRIE2 Huang and Sanguinetti30 https://github.com/huangyh09/brie

DEXSeq Bioconductor and Anders et al.23 https://www.bioconductor.org/packages/release/ 

bioc/html/DEXSeq.html

harmony CRAN and Korsunsky et al.50 https://github.com/immunogenomics/harmony

scCustomize CRAN https://github.com/samuel-marsh/scCustomize

ggpubr CRAN https://cran.r-project.org/web/packages/ggpubr/ 

index.html

RColorBrewer CRAN https://cran.r-project.org/web/packages/ 

RColorBrewer/index.html

data.table CRAN https://cran.r-project.org/web/packages/data. 

table/index.html

ggvenn CRAN https://github.com/NicolasH2/ggvenn

ComplexHeatmap Bioconductor https://github.com/jokergoo/ComplexHeatmap
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METHOD DETAILS

Feature annotation and counting with PISA

The feature annotation process begins with BAM files, using the enhanced functionality of the PISA47 software. New parameters, 

‘-exon’ and ‘-psi’, have been added to the PISA anno (v1.2). By default, the annotation process is restricted to reads that are entirely 

enclosed within exonic regions. Gene names are recorded under the GN tag, while exon names are documented under the EX tag. 

For reads spanning junctions or multiple exons, an additional JC tag is generated. Excluded exons are represented with the ER tag. 

The naming convention for exons, junctions, and excluded exons is consistent and follows the format: chromosome:start-end/ 

strand/gene. In cases where strand specificity is not applicable, such as non-strand-sensitive libraries, the strand field is omitted. 

Notably, exon and exon-excluded reads share the same name but have distinct meanings: (1) Exon counts represent reads entirely 

enclosed within exons or junction reads overlapping the exon; (2) Exon-excluded counts represent junction reads that exclude 

the exon.

For SNV annotation, the ‘-ref-alt’ parameter has been introduced in PISA anno (v1.2). By default, the annotation process is strand- 

sensitive; however, for non-strand-sensitive data (e.g., Smart-seq2), the ‘-is’ parameter (short for ‘‘ignore strand’’) can be used. The 

name for EAT follows the format: ‘‘chromosome:pos/reference allele > alternative allele/strand’’ for SNVs or ‘‘chromosome:pos/refer

ence allele = /strand’’ for reference allele, the strand field is omitted when ‘-is’ set.

After feature annotation, the PISA count function quantifies UMI counts for each feature within individual cells. For example, gene 

expression counts can be obtained using the following command: ‘‘PISA count -tag CB -umi UB -outdir exp -anno-tag GN anno. 

bam’’. In this command, CB specifies the cell barcode; UB specifies the UMI; ‘-anno-tag’ determines the feature type to count, 

such as genes (GN), exons (EX), junctions (JC), excluded exons (ER), or EATs (VR).

Implementation of the spatial dissimilarity test method

Our approach comprises a multi-step process to perform the spatial dissimilarity test of features within single cell space.

Step 1: Preparing the Seurat object. A Seurat object is prepared using gene expression counts, following standard preprocessing 

steps, including normalization, selection of HVGs, scaling of HVGs, and PCA analysis. Cell clustering is optional for this analysis but 

can usually be performed for visualization. Then, the weight matrix graph is built with ‘GetWeights’ function in our Yano package, by 

creating an SNN graph and then normalized column-wise, ensuring that the sum of each column is one.

Step 2: Incorporating additional features. Next, we incorporate other features (e.g., exons or junctions) as separate assays within 

the Seurat object using the ‘CreateAssayObject’ function. We then switch the default assay to the test assay. By executing ‘RunAu

toCorr’ from Yano, Moran’s I is calculated for the test features with the weight matrix. The Moran’s I is defined as

I =
N

W

∑n

i

∑n

j

WijXiXj

∑n

i

X2
i

;

where N is the cell number, and W represents the sum of all values in the weight matrix. Consider that the sum of each row is always 

equal to 1, and N
W 

always should be 1, then, the formula simplifies to

I =

∑n

i

∑n

j

WijXiXj

∑n

i

X2
i

;

with p values derived from the Z scores calculated by the standard deviation of I.83 p values are then adjusted with the Benjamini- 

Hochberg procedure.51 Features with significant spatial autocorrelation are identified using function ‘SetAutoCorrFeatures’ in Yano. 

The default cutoff for spatial autocorrelated features is Moran’s I > 0 and adjusted p value <0.01.

Step 3: Feature annotation and spatial dissimilarity testing. Specific functions from Yano, like ‘ParseExonName’ and ‘annoVAR’, 

are designed to parse the genomic coordinates and annotate various feature types from the feature names which generated with 

PISA. The ‘RunBlockCorr’ function conducts spatial dissimilarity tests on selected features with binding assay. This step involves 

setting binding relationships between features and calculating the D score, which combines spatial smoothing and dissimilarity mea

sures:

DXY =
̅̅̅̅̅̅
LX

√
×
(
1 − r~x~y

)
;

where X is the test feature, Y is the binding feature. LX is a spatial smooth scalar of test feature, defined as

LX =

∑
i(~xi − x)

2

∑
i(xi − x)

2
:
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LX is used to describe spatial association degree.38 ~X is the spatial lag value of X by weight matrix W. The 1- Pearson correlation 

coefficient r describe the dissimilarity between spatial lag of X and Y. Therefore, the D score integrates the spatial smoothing degree 

of test feature and the dissimilarity between test feature and the binding feature. Yano then permutates the order of X and calculate 

the D score 100 times to evaluate the expected value and variance, and estimate significance, with p values calculated by one-tail 

t-test via the ‘pt’ function from the R stats package. p values were automatically adjusted using the Benjamini-Hochberg procedure, 

implemented with the ‘p.adjust’ function from the R stats package. Finally, the ‘FbtPlot’ function visualizes these p values on a Man

hattan plot.

Visualization of single cell alignments with track plots

To elucidate the distribution of single-cell alignments across genomic regions, including junction reads, we have implemented a track 

plot visualization tool, ‘TrackPlot’, within Yano. ‘TrackPlot’ provides an intuitive representation of read coverage across different cell 

groups, leveraging UMI depth as a metric. The process begins with the preparation of a sorted and indexed BAM file. The track plot 

function then computes the UMI depth at each genomic coordinate. To enhance visualization performance and achieve a smoother 

appearance of the tracks, the target region is segmented into 1,000 bins. The average UMI depth across these bins is calculated and 

utilized for the plot.

To account for cell number variations in group sizes, the UMI depth for each cell group is normalized to the number of cells in the 

group, resulting in a normalized UMI depth per cell. This step ensures that the tracks are directly comparable between groups, al

lowing for a clear visual comparison of alignment distributions. But if cell groups are not specified, the track plot will generate raw 

UMI depth for all cells. By default, ‘TrackPlot’ distinguishes the strand of reads during visualization. UMI depth for the reverse strand 

is adjusted by applying a negative conversion, and reads are color-coded by strand, with forward strand reads displayed in red and 

reverse strand reads in blue. When the UMI tag is not set, ‘TrackPlot’ defaults to using raw read depth instead of UMI depth for visu

alization. If the strand parameter is set to ‘ignore’, reads from both strands are summed up, providing a combined view without strand 

differentiation.

For analyses involving multiple sequencing runs or datasets, Yano supports the input of a list of BAM files, allowing for the con

current visualization of alignment tracks from several samples or conditions. This feature is particularly useful for comparing and con

trasting alignment patterns across different sequence libraries, samples or experimental groups.

EAT calling

For the sorted and indexed BAM files, bcftools80 is employed for genetic variant calling. Given the intrinsic non-strand-specific nature 

of DNA variant callers, the standard filtering methods typically used for DNA may not be suitable for RNA datasets due to potential 

strand biases, particularly in the context of ASE. To address this, the unfiltered, raw variants are used during the EAT annotation 

phase. The annotation of all detected alleles at a given locus with ‘-ref-alt’ parameter. Additionally, PISA anno enables the strand- 

sensitive annotation of EATs in default. For paired-end sequencing data, the strand information for EATs from the second read is 

inverted to accurately reflect the original cDNA fragment’s strand.

EAT annotation

The ‘annoVAR’ function in the Yano package is designed to annotate EATs using various databases and predict their molecular con

sequences based on gene annotation files. This function accepts essential inputs such as EAT locations, reference and alternative 

alleles, and strand information. When using databases in VCF format, the tags parameter must be specified to extract desired fields, 

adhering strictly to VCF specifications (VCFv4.2, https://samtools.github.io/hts-specs/VCFv4.2.pdf). For instance, records with a 

‘Number’ type of A, which stores allele-specific information separated by commas, the function extracts data exclusively for the alter

native allele.

For molecular consequence predictions, the function requires a GTF annotation file to define gene and transcript boundaries and 

an indexed reference genome in FASTA format. Unlike DNA variant annotations, ‘annoVAR’ accounts for strand-sensitive RNA 

reads, as different transcripts or genes on opposite strands can produce distinct consequences for the same allele. The 

function predicts a consequence for each overlapping transcript and ranks them by impact, exporting only the 

most significant annotation and gene name for simplicity in downstream analysis. The ranking prioritizes coding genes over non

coding and antisense genes for reference alleles, while for non-reference alleles, a detailed ranking system places highly impactful 

consequences. Consequences are ranked in the following order: whole_gene > exon_loss > stop_gained > exon_splice_sites > 

splice_donor > plice_acceptor > frameshift_truncation > frameshift_elongation > stop_loss > start_loss > inframe_indel > miss

ense > synonymous > stop_retained > start_retained > utr5 > utr3 > splice_region > intron > utr5_intron > utr3_intron > noncoding_exon > no

ncoding_splice_region > noncoding_intron > upstream_1K > downstream_1K > antisense_utr3 > antisense_utr5 > antisense_exon > anti

sense_intron > antisense_upstream_1K > antisense_downstream_1K > intergenic. Moreover, if a chromosome is missing in the 

annotation file, the consequence is marked as unknown. For non-strand-sensitive EATs, the antisense records will not be 

generated.
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Analysis of mouse primary motor neuron data

The raw FASTQ files for the Smart-seq2 data were downloaded from NeMO Archive. Reads for each cell were aligned to the mm10 

reference genome using STAR (v2.7.1a), with the RG tag added during alignment. The resulting BAM files were sorted and merged 

using sambamba (v0.8.0). The sorted and indexed BAM files were subsequently used for feature annotation and counting. Feature 

annotation was performed with PISA (v1.2), using the ‘-exon’, ‘-psi’, and ‘-is’ parameters. A GTF file (gencode vM23) downloaded 

from the 10X Genomics website was used to annotate genes and exons. Non-strand-sensitive features were counted with PISA 

count, with the ‘-cb’ parameter set to RG. No UMI tag was used for Smart-seq2 data.

The resulting gene count file was loaded into the R environment using the ‘ReadPISA’ function from the Yano package. The loaded 

count matrix was converted into a Seurat object and normalized using a log-scaled approach, followed by adjustment for library size, 

as implemented in the Seurat (v5.1.0) pipeline. Default parameters and the top 20 PCs were used for cell clustering and dimensional 

reduction analysis.

Counts for exons, junctions, and exon-excluded reads were loaded into the Seurat object as new assays using the ‘CreateAs

sayObject’ function from the Seurat package. Features detected in fewer than 20 cells were excluded. Raw counts were normalized 

using Seurat’s ‘NormalizeData’ function. The top 20 PCs calculated with the gene assay were used to construct a cell-cell similarity 

matrix, which was subsequently employed to calculate Moran’s I and perform spatial dissimilarity analysis follow procedures of ‘‘Im

plementation of spatial dissimilarity test method’’. For alternative expression analysis with exon and junction assays, Mode 1 is used 

for comparison with gene assay. While Mode 1 and Mode 3 are used when comparison between exon assay and exon-excluded 

assay.

As most published scRNA-seq datasets are generated with strand-sensitive kits, both PISA and Yano enable strand-sensitive pro

cessing by default. Track plot visualization with the ‘TrackPlot’ function by setting the UB parameter to NULL, CB parameter set to RG 

and the strand parameter was set to ‘ignored’ to accommodate Smart-seq2 data.

The aligned BAM files for the 10X Genomics v3 data were directly downloaded from NeMO Archive. Feature annotation was per

formed with PISA (v1.2), using the ‘-exon’ and ‘-psi’ parameters. During feature counting, the CB tag was used to identify cell barc

odes, and the UB tag was used to count UMIs. Post-processing for the 10X data was carried out using the same Seurat and Yano 

workflow as described for Smart-seq2 data. During visualization of track plots for 10X data, default parameters were used.

Cluster based alternative splicing analysis with DEXSeq and BRIE2

To run DEXSeq on selected cells, we implemented the ‘RunDEXSeq’ function in the Yano package. The process involves generating 

pseudo-bulk groups from single-cell raw feature counts for each cell group. For each comparison, three pseudo-bulk samples are 

generated for each group by aggregating raw feature counts from the single cells. The group 1, specified with ‘ident.1’, is the primary 

cell group for comparison. By default, all cells not in group 1 are aggregated into group 2 unless explicitly specified with ‘ident.2’. A 

count matrix of the test assay with six pseudo-samples (three for each group) is prepared as the input for DEXSeq. Simultaneously, 

for the binding assay, six pseudo-samples from the same cells are generated from the raw counts of the binding assay and used as 

‘alternativeCountData’ in DEXSeq. DEXSeq is run using a single thread, which makes the process slower when analyzing all features. 

To optimize runtime and avoid potential false positive events, only spatially autocorrelated features are input for benchmarking 

purposes.

For the BRIE2 pipeline, the PISA pick tool is used to split the merged BAM file into a one-cell-per-file format, as this is the required 

input format for brie-count. The brie-count and brie-quant pipelines were executed according to the standard protocols provided in 

the BRIE2 manual (https://brie.readthedocs.io/).

Analysis of squamous cell carcinoma data

Aligned BAM files were downloaded from Gene Expression Omnibus (GEO) datasets, adopting filtered cells and annotations directly 

from the original studies. Due to discrepancies in the versions of the human reference and mitochondrial genomes used in WES and 

scRNA-seq datasets, WES reads were realigned to the hg19 human reference genome using BWA.81 This was followed by the repair 

of paired-end information and marking of duplicate reads using samtools.80

Genetic variants in both tumor and normal libraries were identified using bcftools.80 This process resulted in four variant files in VCF 

format, two each from scRNA-seq and WES datasets. These files were merged, and indels were normalized using bcftools. The 

merged and normalized VCF file was used to annotate the BAM files employing PISA. The quantified gene expression data served 

as the basis for cell clustering, executed via the Seurat package employing its default parameters. The EAT counts read with ‘Read

PISA’ and load into Seurat as a new assay. Features detected in fewer than 10 cells were excluded from downstream analysis to 

maintain data quality and relevance. We then performed spatial dissimilarity analysis follow procedures of ‘‘Implementation of spatial 

dissimilarity test method’’.

Analysis of adult human cell atlas

Raw FASTQ files were downloaded and processed using the CellRanger pipeline (version 6.1.2) with ‘SC5P-PE’ chemistry. This step 

produced BAM files, which were then utilized for subsequent annotation and feature counting phases. To maintain consistency with 

previous findings and leverage established insights, filtered cells, cell annotations, and tSNE maps were directly adopted from the 

original study.66 Genetic variants for each tissue sample following procedure of section ‘‘EAT calling’’. To ensure the robustness of 
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downstream analysis, features detected in fewer than 20 cells were filtered out. The gene expression data was employed for PCA 

analysis using the Seurat package, adhering to its default settings. EAT counts were read and loaded as a new assay for Seurat ob

ject. The top 20 PCs built by gene expression were then used to build cell-cell weight matrix. The locus names and positions of EATs 

were parsed with ‘ParseVarName’ function. The UCSC RefSeq gene annotation for GRCh38 was used to predict the consequences 

of EATs with ‘annoVAR’.

QUANTIFICATION AND STATISTICAL ANALYSIS

This study reports the development of a new statistical measures with details described in the ‘method details’ section.
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