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A comprehensive single-cell atlas of monoallelic
expression across various tissues in zebrafish
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Shanjun Deng,1 and Li Liu1
1MOE Key Laboratory of Gene Function and Regulation, State Key Laboratory of Biocontrol, School of Life Sciences, Sun Yat-Sen
University, Guangzhou 510275, China; 2School of Life Sciences, Jiaying University, Meizhou 514015, China; 3Innovation Center
for Evolutionary Synthetic Biology, Sun Yat-Sen University, Guangzhou 510275, China

Monoallelic expression (MAE), the preferential transcription of one allele in diploid organisms, plays a crucial role in gen-

erating cellular heterogeneity and phenotypic diversity. Although MAE has been extensively characterized in humans and

mice, previous studies have been limited by clonal analyses or insufficient cell-type resolution, leaving its dynamics during

development largely unexplored. In this study, we present a comprehensive single-cell atlas of allelic expression in zebrafish,

leveraging reciprocal crosses between divergent strains, whole-genome sequencing, and single-cell RNA sequencing at two

developmental stages. Using maximum likelihood estimation, we profile allele-specific expression patterns across 50,819 cells

and 37 distinct cell types, identifying 738 genes (16.5% of evaluable genes) with MAE. MAE SNVs exhibit chromosomal

clustering and regional enrichment, andMAE genes show functional specialization, being enriched in chromatin remodeling

and hematopoietic processes. Notably, MAE genes are more likely to be tissue-specific markers, particularly in the epider-

mis, periderm, and erythrocytes. Tissue context further shapes allele choice, with distinct allelic biases observed in specific

cell types. Together, our findings provide a comprehensive single-cell atlas of allelic expression in zebrafish, revealing the

widespread and dynamic nature of MAE during vertebrate development and its contribution to tissue specialization and

regulatory diversity.

[Supplemental material is available for this article.]

In diploid eukaryotes, it is commonly posited that the two copies
of most genes exhibit comparable transcriptional activity.
However, emerging evidence challenges this paradigm, revealing
that a subset of genes exhibit allele-specific expression biases, in-
cluding monoallelic expression (MAE), the transcriptional domi-
nance of one allele over the other (Gimelbrant et al. 2007;
Zwemer et al. 2012; Deng et al. 2014; Eckersley-Maslin and
Spector 2014; Reinius and Sandberg 2015; Chess 2016; Kravitz
et al. 2023).

The conceptual foundation of MAE traces to the 1960s, when
immunoglobulin genes in rabbit lymphoid tissues were first
shown to exhibit allele-specific activation (Pernis et al. 1965).
Subsequent studies in the 1990s identified analogous patterns in
olfactory receptor genes (Chess et al. 1994), followed by discover-
ies of MAE in immune-related loci, including pheromone recep-
tors, interleukins, and natural killer cell receptors (Held et al.
1995; Bix and Locksley 1998; Holländer et al. 1998; Rodriguez
et al. 1999). Comparative genomic analyses have further revealed
functional and spatial distinctions between MAE and biallelically
expressed (BAE) genes (Savova et al. 2016; Xu et al. 2017; Kravitz
et al. 2023). According to previous studies, MAE can be broadly
classified into constitutive and random forms (Reinius and
Sandberg 2015; Quan et al. 2024). Constitutive MAE represents
stable, nonrandom expression from the same allele across most
cells and includes parent-of-origin-dependent genomic imprint-

ing as well as genetically determined allele-preferential expression
driven by cis-regulatory differences. In contrast, random MAE re-
flects stochastic allelic choice among individual cells and compris-
es clonally fixed and dynamic forms, of which the dynamic form
largely arises from transcriptional bursting and leads to transient
allelic fluctuations at the single-cell level. These findings firmly es-
tablished MAE as a regulated and biologically meaningful process
rather than as a rare or stochastic transcriptional anomaly.

Despite these, the reported prevalence ofMAE varies substan-
tially across species and tissues, ranging from 2% to 76%, in part
reflecting differences in cell types, developmental context, and
the relative contributions of burst-driven dynamic MAE versus
regulated allele-preferential mechanisms. Microarray-based analy-
ses in human B-lymphoblastoid clones demonstrated that >5% of
genes exhibit random MAE (Gimelbrant et al. 2007), whereas
mouse studies reported a prevalence of 10% (Zwemer et al.
2012). Neural stem cell models further revealed ∼2% of autosomal
genes with allele-specific biases in both humans and mice (Jeffries
et al. 2012; Li et al. 2012). However, other research uncoveredMAE
in 12%–24% of genes in mouse embryos (Deng et al. 2014) and
76.4% of SNVs in human fibroblasts (Borel et al. 2015), respective-
ly.Moreover,minimal overlap is observed amongMAE genes iden-
tified across different studies even in the same organisms
(Gimelbrant et al. 2007; Jeffries et al. 2012; Li et al. 2012;
Zwemer et al. 2012), indicating that allelic biases are not static
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but may arise dynamically during cellular differentiation and line-
age specification. Supporting this, mouse models demonstrated a
5.6-fold increase in random MAE genes during the transition
from embryonic stem cells to neural progenitors, highlighting
the developmental regulation of allelic expression (Eckersley-
Maslin et al. 2014).

However, most MAE studies have focused on clonal popula-
tions or limited tissues, failing to capture the landscape of MAE
across the diverse cell populations within a whole organism (Fu
et al. 2021; Liang et al. 2021; Kravitz et al. 2023). To bridge this
gap, we leveraged the zebrafish (Danio rerio), a premier vertebrate
model organism in developmental biology. Its reasonable embryo
total cell number, coupled with rapid embryogenesis, genetic trac-
tability, and high conservation of human genes (∼70%orthology),
uniquely enabled us to systematically profileMAE at single-cell res-
olution across all major cell types within the intact, developing
vertebrate.

In this study, we performed reciprocal crosses between two
genetically divergent zebrafish strains (TL and TU), collecting
single-cell transcriptomic data from whole embryos at two
developmental stages, 2 days postfertilization (dpf) and 7 dpf.
Leveraging a maximum likelihood estimation (MLE) framework,
we sought to quantitatively assess allele-specific expression across
tens of thousands of individual cells, characterize the prevalence
and tissue specificity ofMAE, and underscore the complexity of al-
lele-specific regulation during vertebrate development.

Results

Widespread MAE revealed at single-cell level across

the whole body

To systematically characterize MAE pattern, we utilized single-
nucleotide variants (SNVs) between the two genetically divergent
zebrafish strains (TL and TU) as allelic markers, following estab-
lished methodologies from previous studies in the mouse
(Zwemer et al. 2012; Deng et al. 2014; Eckersley-Maslin et al.
2014; Reinius et al. 2016; Xu et al. 2017). We performed whole-ge-
nome sequencing (WGS) on homozygous individuals from both
TL and TU strains (Fig. 1A; Supplemental Fig. S1). Across three in-
dependent TL–TUpairings, we identified 3.2million to 6.9million
high-confidence SNVs that distinguished the parental genomes,
representing ∼0.4% of the zebrafish genome (Methods)
(Supplemental Fig. S2), consistent in scale with previous findings
(Howe et al. 2013). Of the total genomic SNVs, about 0.26 million
to 0.29 million (4.0%–4.2% of total SNVs) fall within annotated
gene bodies. Among these genic SNVs,∼40% are located in coding
sequences (CDSs) and ∼50% in 3′ UTRs, the regions most accessi-
ble to our 3′ single-cell RNA sequencing (scRNA-seq) platform.

Subsequently, we generated six F1 hybrid offspring from these
crosses, comprising three experiment groups based on cross direc-
tion and developmental stage: two offspring from TL female × TU
male crosses at 2 dpf, two offspring from TL female ×TU male
crosses at 7 dpf, and two offspring from TU female ×TLmale cross-
es at 2 dpf. These individuals were lysed and subjected to scRNA-
seq (Fig. 1A). After rigorous quality control, we retained a total of
53,926 high-quality cells, with individual samples contributing
4239–16,743 cells (Supplemental Fig. S3A–C). To accurately quan-
tify allele-specific expression, we performed cell-level variant call-
ing using matched SNV information derived from parental
genomes. To assess potential reference-mapping bias, we re-
mapped reads to a TL pseudoreference genome and found that

TL allele ratios estimated from the original reference and pseudo-
reference were highly correlated (Pearson’s R=0.81, P<2.2 ×
10−16), with a median difference of only 0.01 (Supplemental Fig.
S3D), indicating that reference-mapping bias was limited and un-
likely to substantially affect the overall allelic expression patterns.

To minimize the influence of technical noise and stochastic
variation (Prashant et al. 2020; Fu et al. 2021), we imposed filtering
criteria: Only SNVs supported by at least five UMIs within a cell
and expressed in at least five cells were retained (Supplemental
Fig. S1). Simulations validated that this threshold provides robust
MAE detection with low false-positive rates (Supplemental Fig.
S1B,C). This yielded 15,849 high-confidence SNVs across 50,819
cells for downstream allelic expression analysis (Supplemental
Table S1). The median number of cells per SNV was 15 (interquar-
tile range, 8–44) (Supplemental Fig. S4A,B), and both alleles were
detected in 99.6%of SNV-positive cells, indicating robust coverage
and minimal allelic dropout.

These SNVs exhibited distinct allelic expression patterns. For
example, Chr 7: 6,765,875 displayed symmetric allelic expression
acrossmost cells, with only a small fraction of cells (8/99, 8.1%) de-
viating from the expected allelic ratio (TL:TU=5:3). The majority
of cells (91.9%) maintained allelic ratios within the 0.2–0.8 range
(Fig. 1B). A similar pattern was observed for Chr 4: 15,996,066, in
which only 10/58 (17.2%) cells exhibited allelic imbalance, with
no significant bias toward either allele (TL:TU=5:5) (Fig. 1C;
Supplemental Fig. S4C). In contrast, Chr 1: 8,650,290 showed
strong TU allele preference, with a mean allelic frequency of
0.83. All outlier cells (20/37, 54.1%) exclusively expressed the
TU allele (TL:TU=0:20) (Fig. 1D; Supplemental Fig. S4C).
Additionally, some SNVs exhibited cell-to-cell heterogeneity in al-
lelic usage. For instance, the TL allele frequency for Chr 16:
31,709,576 was approximately 0.34 overall, but individual cells
displayed divergent expression patterns, with some expressing ex-
clusively the TL allele and others expressing only the TU allele (32/
83 outliers, 38.6%; TL:TU=7:25) (Fig. 1E; Supplemental Fig. S4D).

To explicitly capture allelic preference at single-cell resolu-
tion, we implemented anMLE framework comprising three hierar-
chical models (Methods) (Fig. 1A). Through likelihood ratio
testing, we classified each SNV into distinct expressionmodels, ul-
timately categorizing each SNV as exhibiting either BAE or MAE
(Fig. 1A). To validate that our MLE framework reliably captures
population-level allelic skew when present (i.e., model 1, direc-
tional MAE), we performed a pseudobulk analysis by aggregating
UMI counts across all cells for each SNV and computing the pseu-
dobulk allelic fraction. Applying the same directional monoallelic
cutoff ( f≥0.8 or f≤0.2) to the pseudobulk estimates, we identified
1871 bulk-M1 SNVs, of which 80.7% overlappedwith theMLE-de-
rived M1 SNVs (Supplemental Fig. S5). Across the six F1 hybrid in-
dividuals, we detected between 429 and 1408 SNVs per individual
that conformed to MAE, representing ∼12%–17% of all high-con-
fidence SNVs analyzed (Fig. 1F). This finding highlights the prev-
alence, supporting the utility of our MLE-based modeling
approach for allele-specific expression analysis at single-cell
resolution.

To exclude technical artifacts, we conducted targeted quality
control analyses at multiple levels. First, MAE-associated SNVs ex-
hibited highermedianUMI coverage than BAE SNVs (12 vs. 8) (Fig.
1G), and the proportion of MAE genes increased with expression
level (Supplemental Fig. S6A), ruling out low-expression bias.
Second, to evaluate potential reference mapping bias, we assessed
allelic balance both per sample and across all MAE sites. At the per-
sample level, the distributions of allelic fractions for MAE SNVs
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showed no systematic skew toward either the TL or TU allele
(Supplemental Fig. S6B). When aggregating across individuals,
the proportions of TL-biased and TU-biased MAE SNVs differed
by only about three percentage points (11.2% vs. 14.6% among
5822 MAE SNVs) (Supplemental Fig. S6C), confirming limited
bias. Together, these results support that the observed MAE pat-
terns reflect genuine biological regulation rather than technical
noise.

MAE SNVs exhibit chromosomal clustering and regional

enrichment

To investigatewhetherMAE SNVs exhibit nonrandom spatial clus-
tering along chromosomes, we compared their observed genomic
distribution to a null distribution generated by within-individual
permutations (Methods). To avoid artifacts from SNVs located on

the same sequencing reads, we excluded SNV pairs with intersite
distances <150 bp. By shuffling MAE labels across all available in-
formative SNV positions, we controlled for local SNV density and
chromosomal architecture. We observed that MAE SNVs showed a
higher tendency to occur within short genomic distances (<1 Mb)
compared with the architecture-preserving shuffled backgrounds
(Fig. 2A). This preferential chromosomal clustering indicates that
MAE events are regionally concentrated. This pattern was robust
across individuals at different developmental stages and from re-
ciprocal crosses, suggesting a coordinated regional regulation of al-
lelic expression.

To determine whether MAE SNVs are preferentially enriched
in specific genomic regions, we calculated the proportion of MAE
SNVs using a sliding window approach (1 Mb window with 10 kb
step size) across all chromosomes for each individual (Methods).
The spatial distribution patterns of MAE-enriched regions were

A

B

D E

C F G

Figure 1. Experimental design and overview of allele-specific expression analysis. (A) Schematic diagram of the experimental design and analysis work-
flow for allelic expression analysis. Parental adult pairs are fin-clipped and subjected to whole-genome sequencing to identify SNVs distinguishing the TL
and TU allele. Progeny from the sequenced adults (TL × TU) were collected at 2 dpf and 7 dpf, followed by single-cell RNA-seq to generate gene expression
profiles and tissue annotations. The resulting data were integrated, and expression patterns were inferred using maximum likelihood estimation. (B) SNV
Chr 7: 6,765,875 displays balanced biallelic expression (model 0, f=0.5). Circular bar plots illustrating representative SNVs with distinct allelic expression
patterns. Each bar corresponds to a single cell, with the inner ring colors indicate the expressed allele (blue for TL, pink for TU). Outer ring colors highlight
the cells with extreme TL allele ratios (blue for ratio > 0.8, red for ratio < 0.2). The greater the number of extreme cells observed for an SNV, the less likely the
expression pattern is to represent balanced biallelic expression. A higher proportion of extreme cells for a given SNV indicates a lower likelihood of balanced
biallelic expression. The proportion of extreme TL versus TU values further reflects potential allele-specific biases. (C) SNV Chr 4: 15,996,066 displays biased
biallelic expression (model 1, f=0.37). (D) SNV Chr 1: 8,650,290 displays directional monoallelic (model 1, f=0.17). (E) SNV Chr 16: 31,709,576 displays
random monoallelic (model 2, f=0.34). (F) Distribution of SNVs across allelic expression categories per sample. Blue denotes BAE SNVs, and yellow indi-
catesMAE SNVs. (G) Box plot comparing the number of UMIs per cell per SNV between BAE (left) andMAE (right) SNVs. Median values are displayed above
each distribution (BAE, eight; MAE, 12).
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notably similar among individuals from the same experimental
group (Fig. 2B). Overall, although enrichment values varied
because of differences in sequencing quality among individuals,
the enriched regions across the genome exhibited similar patterns
among different experimental groups.

This analysis revealed several distinct segments that consis-
tently showed an elevated proportion of MAE SNVs across all indi-
viduals, for instance, the segment on Chromosome 16 (Chr 16:
22,000,000–23,970,000) (Fig. 2B; Supplemental Fig. S7).
Together, these results demonstrate that MAE SNVs are not ran-
domly distributed across the genome but tend to cluster within
specific chromosomal regions, pointing to potential local regula-
tory mechanisms or chromatin-level influences on allelic
expression.

Gene-level analysis reveals functional specialization of MAE

Following the classification of SNVs into two primary allelic ex-
pression categories, we extended our analysis to the gene level to
characterize broader regulatory behaviors. Because SNV coverage
and expression levels vary across biological samples, we analyzed
each gene–sample pair independently, yielding a total of 13,912
evaluable gene observations across all individuals (rather than
unique genes). The majority of genes (60%, 8355/13,912) con-
tained multiple informative SNVs, enabling more reliable assess-
ment of allelic expression consistency (Supplemental Fig. S8A).
Most of these genes showed consistent expression patterns across
all their SNVs, with only 18% (1504/8355) displaying mixed
profiles containing both biallelic and monoallelic expression.
Shuffling simulations further confirmed that the observed con-
sistency is significantly higher than expected by chance

(Supplemental Fig. S8B,C), indicating that observed allelic expres-
sion patterns are more likely to reflect genuine biological regula-
tion rather than random technical variation.

We applied a filtering approach to exclude ambiguous cases
and obtained MAE and BAE genes for each individual (Methods).
Among the 4480 genes analyzed, 738 (16.5%) were classified as
MAE genes with the remainder as BAE genes (Fig. 3A), underscor-
ing the substantial prevalence of MAE within the zebrafish tran-
scriptome. Pairwise comparisons across all individuals showed
significant enrichment of shared MAE genes (χ2 test, P<0.001,
OR>3.0) (Supplemental Fig. S9), confirming that MAE calls are re-
producible and biologically regulated.

Gene Ontology (GO) enrichment analysis revealed distinct
functional profiles between BAE and MAE genes (Fig. 3B). MAE
genes were enriched in chromatin-related processes, nucleotide
metabolism, and hematopoietic functions, whereas BAE genes
were predominantly associated with structural development, RNA
processing, and neurological functions including axon guidance
and muscle differentiation. These results indicate that BAE and
MAE genes are specialized for different biological roles. Although
BAE genes appearmore frequently in broad structural and develop-
mental programs, MAE genes are notably associated with regulato-
ry processes such as chromatin organization and specific lineage-
defining pathways. This pattern is consistent with previous find-
ings that MAE is frequently associated with genes that exhibit
high epigenetic plasticity and are controlled by specific histone
modifications or DNA methylation states (Wang et al. 2010;
Jeffries et al. 2012; Eckersley-Maslin and Spector 2014; Gendrel
et al. 2014). Such a pattern implies that MAE may play a role in
fine-tuning the regulatory landscape of the cell rather than simply
maintaining core cellular structures.
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Figure 2. Chromosomal distribution features of MAE SNVs. (A) Empirical cumulative distribution function (ECDF) plot illustrating genomic distance be-
tween adjacent SNVs. Each panel represents one of the six F1 hybrid samples. The yellow curve represents MAE SNVs, and the gray curve represents null
distribution of shuffling. (B) Enrichment of MAE SNVs on Chromosome 16. Each panel represents one of the six F1 hybrid samples. The x-axis indicates the
genomic start position of each 1Mbwindow; the y-axis represents the proportion ofMAE SNVs (MAE count/total SNV count) within that window. Red dots
highlight the regions with the strongest enrichment of MAE SNVs, defined as windows exhibiting the lowest coefficients of variation and the highest mean
MAE SNV ratio.
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We further investigated theMAE gene pattern in different ex-
perimental groups. Individuals from the same experimental group
exhibited significantly higher overlap in MAE gene identity
(∼46.3%) compared with those from different groups (∼19.5%),
as expected (Supplemental Fig. S10). The proportion ofMAE genes
increased from 12.3% (355/2886) at 2 dpf to 14.7% (466/3162) at
7 dpf (χ2 test, P=0.019) (Fig. 3C), showing a cross-specific devel-
opmental trend that is consistent with observations reported in
the mouse (Eckersley-Maslin et al. 2014). The overlap between
MAE genes at 2 dpf and 7 dpf comprised 162 genes with 4.0-fold
enrichment (hypergeometric test, P=2.23×10−68), functionally
enriched in structural and cytoskeletal functions, particularly epi-
dermal integrity and intermediate filament organization (Fig. 3D;
Supplemental Fig. S11A). To assess whether these shared MAE
genes maintain consistent allelic preferences across developmen-
tal stages, we examined the concordance of allelic bias at the
SNV level. Among MAE sites shared between LUd2 and LUd7,
88.1% (512/581) exhibited the same allelic bias (TL or TU), indicat-
ing that most MAE events preserve their allelic preference during
development (Supplemental Fig. S12). We examined the unique
MAE genes at each time point and found that 2 dpf–specific

MAE genes were enriched in oxygen
binding and carrying, whereas 7 dpf–
specific MAE genes were enriched in
protoporphyrinogen biosynthetic and
metabolic, heme biosynthesis, redox
control, and ion transport, suggesting
developmental stage–specific demands
for heme-related metabolic process.

Although fewer genes were detected
in the reciprocal cross owing to sequenc-
ing quality limitations, the proportion of
MAE genes remained comparable be-
tween the two cross directions at 2 dpf
(12.3% vs. 11.6%; χ2 test, P=1). The
overlapping MAE genes numbered 115
with 5.1-fold enrichment (hypergeomet-
ric test, P= 3.12×10−61) (Fig. 3E). The
genes were enriched in hemoglobin-re-
lated and regulation of lipid metabolism
functions, suggesting that their allelic ex-
pression patterns were largely indepen-
dent of parental genetic background
(Supplemental Fig. S11B). Additionally,
we assessed the concordance of allelic
bias in these cross-direction-shared
MAE genes. Among MAE sites shared be-
tween LUd2 and ULd2, 95.4% (350/367)
showed the same allelic bias, indicating
that MAE events shared across reciprocal
crosses generally maintain consistent al-
lelic preference regardless of cross direc-
tion (Supplemental Fig. S12). Seventy-
four MAE genes were consistently detect-
ed across all three experimental groups,
and these genes were enriched in cyto-
skeletal organization, protein synthesis
machinery, lipid transport, chromatin
packaging, and oxygen transport, sug-
gesting that they exhibit constitutive
MAE.

Together, these observations under-
score that MAE is not randomly distributed across the transcrip-
tome but instead reflects a developmental regulation that may
contribute to tissue specialization and phenotypic diversity.

MAE genes are enriched for tissue-specific expression

To understand the biological implications of allelic imbalance, we
asked whetherMAE contributes to cell lineage identity and lineage
commitment. We further investigated tissue-specific expression
patterns of these MAE genes. Using single-cell transcriptomes,
50,819 cells were delineated into 37 distinct tissues through Uni-
form Manifold Approximation and Projection (UMAP [McInnes
et al. 2018]; Methods) (Fig. 4A; Supplemental Table S2). For each
cell type, we defined high-confidence tissue markers (top 50 genes
per cluster), yielding 1627 uniquemarker genes. Tissue-typemark-
er genes are operational proxies for lineage identity and often in-
clude master regulators and pathway gatekeepers whose small
dosage shifts can trigger discrete state transitions. If MAE contrib-
utes to lineage commitment, we would expect an overrepresenta-
tion of MAE among markers. We then examined whether bulk-
identified MAE genes align with tissue-specific expression
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patterns. Among the 738MAE genes, 138
(18.7%) overlapped with tissue marker
genes compared with only 13.3% (497
out of 3742) for BAE genes (χ2 test, P=
0.00015) (Fig. 4B; Supplemental Table
S3), indicating that MAE genes show a
modest but statistically significant en-
richment among tissue marker genes
and that someMAE genesmay associated
with lineage-specifying regulators.

We then examined the overlap be-
tween MAE genes and tissue marker
genes for each tissue type (Fig. 4C).
Several tissues showed a particularly
high proportion of monoallelic ex-
pressed marker genes. In particular, the
epidermis, periderm, and erythrocytes
exhibited close to 10% of their marker
genes as MAE, with five to seven MAE
genes consistently detected across multi-
ple individuals (Fig. 4C,D; Supplemental
Fig. S13). Notably, members of the he-
moglobin gene family displayed robust
MAE in erythrocytes across at least four
individuals, whereas ecrg4b, pfn1, and
krt91 showed similar patterns in the
epidermis (Fig. 4D). These genes are asso-
ciated with key tissue functions, suggest-
ing that MAE may contribute to the
regulation of lineage-defining genes.
These findings strongly support that
MAE genes exhibit preferential tissue-
specific expression patterns.

Tissue context shapes allele choice

in MAE genes

Having observed that certain tissues
show elevated MAE among their marker
genes, we next asked whether the same
MAE genes exhibit distinct allelic prefer-
ences across different tissues within the same individual. To ad-
dress this, we compared allelic expression patterns between
different tissues using statistical analysis (Methods). We applied
stringent criteria to identify biologically meaningful differences,
requiring both statistical significance (P<0.05) and substantial
effect sizes (Fig. 5A). To ensure robustness, we tested multiple ef-
fect-size cutoffs (top 10%, 5%, 1%, and 0.5% of absolute TL ratio
differences). The number of SNVs showing significant allelic pref-
erence across tissue pairs under these thresholds are highly corre-
lated with those from the original top 1% cutoff (Spearman’s ρ,
top 1% vs. 10%, ρ=0.61, P=1.4 ×10−19; vs. 5%, ρ=0.76, P=3.4 ×
10−34; vs. 0.5%, ρ=0.82, P=7 ×10−46), confirming that our find-
ings are robust to parameter choices (Supplemental Fig. S14).
Our analysis revealed that certain tissues exhibit distinct allelic ex-
pression patterns compared to others within the same individuals
(Fig. 5B; Supplemental Fig. S15). Periderm tissue frequently exhib-
ited distinct allelic expression patterns compared with other tis-
sues within the same individual, particularly in comparisons
with fin epithelia.

A striking example was observed in the txnb gene
(ENSDARG00000044125), which encodes thioredoxin, a protein

critical for cellular stress responses. Although most tissues showed
balanced or slightly TL-preferential expression, glial tissues consis-
tently showed TL allele ratios approaching zero, signifying a strong
and reproducible TU allele bias (Fig. 5C; Supplemental Fig. S16).
This pattern remained robust after downsampling to equalize
the number of SNV-detected cells across tissues (Methods)
(Supplemental Fig. S17). This glial-specific bias may reflect distinct
regulatory mechanisms governing txnb expression. Given the crit-
ical role of txnb in redox homeostasis and cellular stress responses,
particularly in the nervous system, such MAE may fulfill special-
ized functional requirements of glial cells. These observations
point toward a unique transcriptional or epigenetic landscape in
glia that influences allelic choice, potentially linked to the meta-
bolic and oxidative demands of these cells during neural develop-
ment and maintenance. A similar pattern was observed for the
and2 gene (ENSDARG00000079302) in periderm tissues, in which
tissue-specific allelic bias was also detected (Supplemental Fig.
S18).

We then examined allele preferences of MAE SNVs across
multiple tissues (Methods). Among the analyzed SNVs, 827 dis-
played allelic preference in no specific tissue, whereas 1522 SNVs
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Figure 4. Tissue specificity of MAE genes. (A) UMAP visualization of single-cell transcriptomes. Colors
correspond to cell-type annotations. (B) Bar plot showing the proportions of marker genes in BAE and
MAE genes. The P-value indicates differences in proportions, calculated using the χ2 test (P=00015).
(C) Box plot showing the number of MAE marker genes per tissue across samples. Each dot represents
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exhibited allelic preference in at least one tissue. The majority of
MAE SNVs exhibited allelic preference. Consistent with earlier ob-
servations, the periderm, fin epithelia, and epidermis were the
most frequent tissue outliers, further emphasizing their distinct al-
lelic regulatory profiles (Fig. 5D). These findings demonstrate that
tissue-specific regulatory programs can influence which parental
allele is preferentially expressed, adding another layer of complex-
ity to gene regulation during development.

Discussion

This study presents a comprehensive single-cell atlas of MAE span-
ning 37 tissues throughout the zebrafish body, providing novel in-
sights into the prevalence, functional roles, and tissue specificity
of allelic biases across diverse cell types. Through systematic profil-
ing of allele-specific expression patterns at genome-wide scale, we
discovered that ∼16.5% of evaluable genes exhibit MAE. These
genes demonstrated nonrandom spatial distribution patterns
and significant functional enrichment. Leveraging about 50,000
single-cell transcriptomes, we further uncovered pronounced
tissue-specific allele preference, particularly in the periderm,

fin epithelia, and epidermis. Previous
investigations in mammals, including
humans and mice, have largely relied
on clonal cell populations or bulk RNA-
seq data, which limits resolution and
fails to capture the true cellular heteroge-
neity of MAE (Gimelbrant et al. 2007;
Zwemer et al. 2012; Eckersley-Maslin
et al. 2014; Kravitz et al. 2023; Quan
et al. 2024). Our research extends this
work by enabling allele-specific expres-
sion analysis at single-cell resolution
across the entire organism, thereby cap-
turing spatially resolved MAE patterns
that were previously inaccessible.

Traditional analytical approaches
have operated under the assumption of
biallelic gene expression; the relative
abundance of transcripts from two alleles
typically follows a binomial distribution
with a fixed allelic probability f=0.5, re-
flecting equal expression from both al-
leles. In comparison, MAE genes are
characterized by allelic imbalance that
deviates from this expectation, which
may be modeled by a binomial distribu-
tion with unequal probability ( f≠0.5)
(Eckersley-Maslin et al. 2014) or, more
flexibly, by a beta-binomial distribution
(Kravitz et al. 2023) to account for over-
dispersion and cellular heterogeneity.
However, these approaches do not ex-
plicitly capture allelic preference across
individual cells and are not well suited
for modeling MAE at single-cell resolu-
tion. To address these limitations, we
implemented an MLE framework specifi-
cally designed to capture allelic expres-
sion fluctuations at the single-cell level.
Crucially, this framework operationalizes
the distinction between constitutive

directional MAE (model 1) and dynamic random MAE (model 2),
directly quantifying per-cell allelic heterogeneity. Our analysis re-
vealed that 85.5% of SNVs exhibited balanced biallelic or biased
biallelic expression patterns. Among the remaining SNVs, the ma-
jority (74.2%) displayed random MAE, whereas only 25.8%
showed consistent directional MAE (Supplemental Fig. S6C).
This demonstrates that transient, bursting-drivenMAE is the prev-
alent form in vivo, which prior bulk-based models could not
resolve.

We also identified some SNVs that displayed consistent allelic
preferences, with these preferences being tissue-type dependent.
Notable examples include three SNVs in the txnb gene specifically
expressed in glial cells and three SNVs in the and2 gene preferen-
tially expressed in periderm tissue. These findings further support
the notion thatMAE contributes to fine-tuning gene expression in
a cell-type-dependent manner, suggesting a more sophisticated
regulatory mechanism than previously appreciated. These loci ex-
emplify tissue-coupled constitutive MAE, indicating a stable allele
preference imposed by local regulatory context.

Despite these insights, one limitation should be acknowl-
edged. One notable constraint involves the detection of imprinted
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Figure 5. Tissue-specific allelic bias in gene expression. (A) Volcano plot illustrating differences in TL
allele ratios between tissue pairs. Each point represents a gene-tissue comparison. The x-axis denotes
the mean difference in TL ratio, and the y-axis represents the –log10P from Wilcoxon rank-sum tests.
Dashed lines indicate the significance thresholds: |mean TL ratio| > 0.204 and BH-adjusted P-values <
0.05. (B) Heatmap summarizing the number of SNVs showing significant allelic bias across tissue pairs.
Color intensity reflects the number of SNVs exceeding both statistical and biological thresholds. Only
the top 15 tissue pair are displayed, and the complete results are provided in Supplemental Figure
S14. (C) TL allele ratios of multiple SNVs within the txnb gene (ENSDARG00000044125) across tissues
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genes, genes that represent an important class of MAE genes
(Johnson 1974; Mann and Lovell-Badge 1984; McGrath and
Solter 1984; Surani et al. 1984; Cattanach and Kirk 1985; Peters
2014; Monk et al. 2019). Imprinted genes exhibit consistent par-
ent-of-origin-dependent expression bias, persistently favoring ei-
ther the paternal or maternal allele across individuals. Taking
advantage of the reciprocal TL×TU and TU×TL crosses at 2 dpf,
we explicitly searched for such parent-of-origin effects by identify-
ing genes that fit the M1 model while exhibiting opposite allelic
preference between reciprocal crosses. Under this operational def-
inition, these genes would be strong candidates for genomic im-
printing. However, we did not detect any genes satisfying this
pattern, which we attribute primarily to the limited number of in-
dividuals and restricted allelic coverage available for robust cross-
direction comparisons.

We further examined candidate imprinted genes curated
from the literature. Although genomic imprinting has been exten-
sively characterized in humans andmice, evidence in zebrafish re-
mains scarce and fragmentary. In addition, only a small fraction of
MAE genes is conserved between species (∼22% overlap between
human and mouse MAE genes) (Zwemer et al. 2012), indicating
substantial evolutionary divergence and limiting the direct trans-
ferability of mammalian imprinting patterns to zebrafish. For ex-
ample, DNMT3 family genes exhibit imprinting in humans but
not in zebrafish (Smith et al. 2011), and in our data, these genes ei-
ther showed biallelic expression or lacked sufficient coverage in re-
ciprocal crosses to evaluate parent-of-origin effects. In addition,
because our analyses were based on a standard reference-based
alignment framework, subtle reference-mapping bias in allele-spe-
cific quantification cannot be fully excluded, although bench-
marking with a TL pseudoreference genome suggested that its
overall impact is limited. Given these limitations, the present
study focuses on characterizing general random MAE patterns. A
systematic analysis of imprinting and other MAE subtypes will re-
quire substantially larger sample sizes, higher allelic coverage, and
further methodological refinements in future studies.

In conclusion, this study establishes a foundational resource
for allele-specific expression in zebrafish at single-cell resolution
and underscores the biological relevance of MAE in developmen-
tal- and tissue-specific contexts. By revealing the breadth and
complexity of MAE across the zebrafish embryo, we provide a
framework for future investigations into how allelic expression
biases influence development, function, and disease.

Methods

Zebrafish husbandry

All the zebrafish were raised and maintained in standard zebrafish
breeding guidelines of the Zebrafish Information Network (ZFIN)
database. The adult zebrafish were kept on a 14 h light/10 h dark
cycle at 28.5°C. The zebrafish research experiments conducted in
this study were approved by the animal research and ethics com-
mittees of Sun Yat-Sen University.

Whole-genome sequencing and identification of genomic SNVs

Adult zebrafish were anesthetized by immersion in 0.02% MS-222
tricaine solution, waiting for ∼10 min until fish gill movement
was slowed. The anesthetized fish were then promptly transferred
to a sterile 90 mm Petri dish, in which a small portion of the tail
fin was excised using a sterile razor blade. Following fin clipping,
each fish was swiftly placed in a container of fresh system water to

facilitate recovery. The excised fin clipswere carefully collected using
sterile tweezers and transferred to individual, clean microcentrifuge
tubes. Genomic DNA (gDNA) was then extracted from the fin tissue
using theQIAampDNAmicro kit (56304) according to themanufac-
turer’s protocol. The extracted gDNA from each sample was se-
quenced on the Illumina NovaSeq platform at an average coverage
depth of 30× to ensure robust data quality for downstream analyses.

Reads from WGS data were preprocessed by trimming low-
quality sequences and adapter contamination using Trim Galore!
(https://www.bioinformatics.babraham.ac.uk/projects/trim_galo
re/), and then the processed reads were aligned to the GRCz11
zebrafish reference genome using the BWA (Li and Durbin
2009). Duplicate reads, which could interfere with variant calling
accuracy, were identified and marked using the GATK (McKenna
et al. 2010) MarkDuplicates tool to minimize bias in variant
frequency estimation. SNVs of each sample were called by
Haplotypecaller, and joint genotyping was subsequently conduct-
ed on each parental pair using GATK GenotypeGVCFs. The low-
quality SNVs (GQ<20) was removed with SelectVariants tools.
The resulting SNV set was rigorously filtered to retain only homo-
zygous variants that were differentially expressed in paternal and
maternal genomes, thus capturing variants informative for paren-
tal origin tracing. These filtered SNVswere then leveraged to assign
allelic origin in the offspring, enabling precise determination of
paternal and maternal contributions.

Preparation of single-cell suspensions and single-cell

RNA sequencing

To investigate allele-specific gene expression and assess potential
parental effects, adult zebrafish from two genetically distinct
strains, TL and TU, were reciprocally crossed to introduce ge-
nome-wide heterozygosity in the offspring. Specifically, reciprocal
crosses were performed between TL females ×TU males (resulting
in progeny LU1 to LU4) and TU females ×TL males (resulting in
progeny UL1 and UL2). Among these offspring, LU1, LU2, UL1,
andUL2were collected at 2 dpf, representing early embryonic stag-
es, whereas LU3 and LU4were collected at 7 dpf, representing later
larval development.

The preparation of single-cell suspensions was conducted in
accordance with established protocols described in the literature
(Spanjaard et al. 2018). To improve data quality, the chorion and
yolk sac of embryos must be removed, as these structures provide
protection and nutrients that could affect downstream analysis.
For chorion removal, embryos were incubated in a Petri dish con-
taining 1 mg/mL Pronase solution for ∼5–10 min at room temper-
ature, with occasional gentle agitation until the chorion detached.
Embryos were then transferred to a microcentrifuge tube, where
the Pronase solution was removed and replaced with deyolking
buffer (55 mM NaCl, 1.8 mM KCl, 1.25 mM NaHCO3). Gentle pi-
petting with a pipette tip was applied until the yolk was fully
detached. The tube was then centrifuged for 1 min 300g and at
4°C, and the deyolking buffer was carefully removed.

Next, 100 µL of HBSS containing 1× TrypLE (Thermo Fisher
Scientific) was added, and the sample was incubated for ∼20 min
at room temperature with gentle pipette mixing every 5min, until
the embryo was fully dissociated. The cell state was examined un-
der the microscope with 1 µL cell suspension. When the cells were
mostly singlet, 500 µL cold HBSS (Thermo Fisher Scientific) sup-
plemented with 0.05%BSAwas added to end lysis. The suspension
was then passed through a 45 µm cell strainer and transferred into
a fresh centrifuge tube. Cells were pelleted by centrifugation at
300g for 5 min at 4°C. The supernatant was carefully removed
without disturbing the cell pellet, retaining ∼45 µL of residual liq-
uid. The cell suspension was gentlymixed by pipetting, and 5.5 µL
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of it was loaded onto a hemocytometer to calculate cell concentra-
tion, which was used to determine the appropriate cell loading
volume.

The single-cell suspensions were processed into droplet emul-
sion using the Chromium platform (10x Genomics), and se-
quencing libraries were generated with the Chromium single-cell
3′ reagent kits v2. Twelve or 13 cDNA amplification cycles were
used to generate cDNA according to the loaded cell number. The
indexed libraries were sequenced on the Illumina NovaSeq plat-
form with 150 bp paired-end reads.

Single-cell RNA sequencing data analysis and cell-type annotation

The scRNA-seq raw data were processed using the Cell Ranger soft-
ware (version 8.0.0) (Zheng et al. 2017), following the 10x
Genomics pipeline, with reads aligned to the GRCz11 zebrafish
reference genome using a standard reference-based pipeline.
Filtered gene expression matrices generated by Cell Ranger were
imported into R (version 4.3.0) and analyzed using the Seurat R
package (Satija et al. 2015). Cells were retained for downstream
analysis if they expressed a minimum of 200 genes and exhibited
mitochondrial gene count below 20%.

To account for technical variability, such as differences in se-
quencing depth, the datawere normalized using the sctransform R
package (Hafemeister and Satija 2019). Principal component anal-
ysis (PCA) and UMAP were performed with a resolution of 0.5.
Potential technical artifacts, known as doublets, were identified
and removed using the DoubletFinder package (McGinnis et al.
2019) to prevent confounding effects on subsequent analyses.
The remaining singlet cells were renormalized using sctransform.
To address batch effects, data sets from six individuals were inte-
grated using the IntegrateLayers function, employing a reciprocal
PCA and UMAP-based integration pipeline to avoid overcorrec-
tion. The top 50 principal components were used for UMAP
dimensionality reduction, and unsupervised clustering was
performed using the Seurat function FindClusters with a resolu-
tion of 1.0. For each cluster, the top 50 differentially expressed
genes were identified using the FindAllMarkers function, based
on their elevated expression within the cluster relative to all other
cells. Cell-type annotation for each cluster was determined by
cross-referencing marker genes with established literature and
the ZFIN database.

Detection of single-cell allele expression pattern

To obtain single-cell allele profiles, the BAM file output from Cell
Ranger was further processed using the Cellsnp-lite tool (Huang
and Huang 2021) incorporated a joint parental VCF file as a prior
input, enabling accurate inference of genotypes in individual cells.
The ‐‐genotype parameter was applied to generate an output VCF
file that includes genotype calls for each single cell. The VCF file
was trimmed, the allele-specific UMI counts extracted, and the
data converted into a format compatible with R for downstream
analysis. The resulting data were subsequently integrated with
the scRNA-seq data set, facilitating simultaneous access to both
gene expression profiles and allele-specific expression information
for each cell. This combined data set allows for in-depth analysis of
allelic variation and gene expression within individual cells.

Identification of MAE using MLE

To classify SNVs by their allelic expression pattern, we developed a
hierarchical likelihood-based framework based on three biologi-
cally motivated models. Each model accounted for different de-
grees of allelic bias and variability across single cells and was
evaluated using UMI counts assigned to the two alleles. Model 0

(M0) assumes strict biallelic expression with equal expression
probability from both alleles. The likelihood is defined as

L0 =
∑n

i=1

log[Binom(Read1i|Read1i + Read2i,f = 0.5)],

where Read1i and Read2i denote UMI count for each allele in cell i,
and n is the number of cells. Model 1 (M1) introduces a single free
parameter f∈(0, 1), representing a global allelic bias across all cells.
The log-likelihood is

L1 f
( )

=
∑n

i=1

log[Binom(Read1i|Read1i + Read2i,f )].

Model 2 (M2) accounts for cell-to-cell variation in allele pref-
erence by incorporating a binary direction vector d∈{−1, 1}. For
each cell i, the effective allelic probability fi is defined as

fi =
f if di = 1(TL allele favored)
1− f if di =−1(TU allele favored)

{
,

yielding the overall log-likelihood,

L2 f ,d
( )

=
∑n

i=1

log Binom(Read1i|Read1i + Read2i,fi)
[ ]

.

Because the likelihood of a bimodal allelic ratio distribution is
symmetric with respect to f and 1− f, the model without a
direction vector suffers from a label-switching problem, in which
MLEmay arbitrarily converge to either f or 1− f. The latent direction
parameter d simply determines which peak is treated as dominant,
collapsing the symmetric optimization landscape into a single well-
defined solution. As a discrete variable necessitated by this symme-
try, parameter d is not estimated as an independent continuous pa-
rameter and does not increase the model’s degrees of freedom or
contribute to overfitting risk, even under modest UMI counts.

To initialize d, we ranked cell-specific allelic ratios (Read1i/
(Read1i+Read2i)) and assigned directions based on a quantile
threshold q. Parameters f and q were optimized using the
L-BFGS-B algorithm with constraints on f∈ (0,1). The parameters
were set as default convergence criteria: The control parameter
factr was set to 1×107 (providing a convergence tolerance of ap-
proximately 1 ×10−8), pgtol was set to zero, and the maximum
number of iterations (maxit) was 100. To avoid local optima in
the more complex model 2 (random MAE), we implemented a
grid-search initialization (sampling f and q from 10−5 to 1−10−5)
to provide the most robust starting parameters for the optimizer.
Model comparison was performed using likelihood ratio tests,
and the best-fitting model was selected for each SNV. To control
for multiple hypothesis testing, Bonferroni correction was applied
to adjust significance thresholds.

To validate that our MLE framework reliably captures popula-
tion-level allelic skew when present (i.e., model 1; directional
monoallelic expression, MAE), we performed a pseudobulk analy-
sis. Briefly, for each SNV, we aggregated allele-specific UMI counts
across all cells to obtain pseudobulk reference and alternative allele
counts. We then computed the pseudobulk allelic fraction.

The null model (model 0) assumes perfect biallelic expression
with a fixed allelic probability f=0.5. Model 1 introduces a free pa-
rameter f∈ (0,1), representing the optimized allelic bias across all
cells. Deviation from 0.5 indicates imbalance, and based on this,
we further classified model 1 results into biased biallelic (0.2 < f<
0.8) and directional monoallelic ( f≥0.8 or f≤0.2) expression.
The threshold was chosen based on established criteria reported
in previous studies (Eckersley-Maslin et al. 2014; Xu et al. 2017).
Model 2 extends this formulation by introducing a direction vec-
tor d∈ {−1,1}, which allows the preferred allele to vary across cells
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and indicates the hallmark feature of MAE, stochastic allelic
choice. In summary, we assigned each SNV to two expression pat-
terns: biallelic (containing balanced biallelic [model 0], biased bial-
lelic [model 1 with 0.2 < f<0.8]) and monoallelic (containing
directional monoallelic [model 1 with f≥0.8 or f≤0.2] and ran-
dom monoallelic [model 2]).

SNV distance and enrichment analysis

To assess the spatial distribution differences betweenMAE and BAE
SNVs, we first calculated inter-SNV distances. Adjacent MAE sites
located within 150 bp, which are likely originating from the same
sequencing read or representing local transcriptional events, were
excluded to avoid overestimating clustering owing to technical arti-
facts. Next, to evaluate whether MAE SNVs exhibit clustering
beyond what would be expected from underlying genomic
architecture, we employed a permutation-based null model.
Specifically, MAE labels were randomly reassigned among all ex-
pressed SNVs while preserving chromosomal positions, individual
identity, and overall SNV density. We then visualized the empirical
cumulative distribution function (ECDF) of the inter-SNV distances
for both categories to evaluate differences in genomic clustering.

To determine whether MAE SNVs exhibit regional enrich-
ment across the genome, we implemented a sliding window ap-
proach. For each chromosome, we scanned the genome using 1
Mbwindows with a 10 kb step size.Within eachwindow, we quan-
tified both the total number of SNVs and the number of MAE SNVs
and subsequently calculated the proportionofMAESNVs relative to
total SNVs. Windows lacking any variants or exhibiting redundant
MAE patterns across individuals were excluded from further
analysis.

Gene annotation and GO enrichment analysis

To evaluate the expression type in gene level, wemapped the chro-
mosomal positions of SNVs to their corresponding gene symbols
using the GenomicRanges R package. Because some genes harbor
more than one SNV, to assess intragene consistency in allelic ex-
pression patterns, we calculated the proportion of SNVs exhibiting
the dominant expression model (MAE or BAE) relative to the total
number of informative SNVs of these genes. To retain as much in-
formative data as possible while minimizing ambiguity, we imple-
mented a filtering strategy for genes exhibiting conflicting
expression patterns. Specifically, for each such gene, we calculated
the ratio of cells supporting the dominant expression patterns to
those supporting the alternative. Genes with a support ratio ex-
ceeding a twofold thresholdwere assigned to the dominantmodel.
Those failing below this threshold were excluded from down-
stream analyses owing to model ambiguity. This filtering retained
∼70% of genes with mixed SNV patterns for further analysis.

To assess the biological significance of the identified gene
sets, GO enrichment analysis was conducted using the
clusterProfiler R package (Yu et al. 2012), with the default back-
ground implemented in the analysis pipeline. This analysis maps
input gene lists toGO terms, which describe the biological process-
es, molecular functions, and cellular components associated with
each gene. By identifying significantly enriched GO terms, the
analysis provided insights into the functional categories and bio-
logical pathways influenced by the SNVs, enhancing our under-
standing of their roles within the data set.

Assessment of MAE enrichment among tissue-specific

marker genes

To evaluate whether MAE genes are significantly enriched among
tissue-specificmarker genes, we intersected theMAE and BAE gene

sets with the top 50 marker genes for each tissue, as previously de-
fined based on differential expression analysis from the single-cell
RNA-seq atlas. We then constructed a 2×2 contingency table cat-
egorizing genes by MAE versus BAE status and marker versus non-
marker designation. A χ2 test of independencewas applied to assess
whether marker gene status is significantly associated with allelic
expression mode (i.e., MAE or BAE).

Pairwise tissue comparisons of TL allele ratios for MAE SNVs

To investigate tissue-specific variation in TL allele ratios of MAE
SNVs, we conducted a series of pairwise nonparametric statistical
tests across tissues. For each SNV within each individual, we first
retained only those with TL allele ratio measurements in at least
two distinct tissues and detected in 10 or more cells to ensure suf-
ficient coverage and statistical power. All possible pairwise tissue
comparisons were then performed using the Wilcoxon rank-sum
test (Mann–Whitney U test). To correct for multiple testing within
each SNV, Benjamini–Hochberg (BH) adjustment was applied to
the resulting P-values. To ensure both statistical significance and
biological relevance, we implemented a dual-filtering criterion:
Tissue comparisons were retained only if the adjusted P-value<
0.05 and if the absolute difference in mean TL ratios exceeded
0.204. This TL ratio threshold was empirically determined based
on the top 1% of all observed intertissue TL ratio differences across
SNVs, chosen to highlight the most pronounced allelic shifts.

To further identify global and tissue-specific trends in TL al-
lele ratios, we employed a two-step analytical framework based
on analysis of variance (ANOVA) and median absolute deviation
(MAD) to the filtered SNVs. For each SNV, we first calculated the
median TL allele ratio per tissue and counted the number of tissues
with available measurements. SNVs detected in fewer than three
tissues were excluded from ANOVA testing owing to insufficient
statistical power. For SNVs with data across three or more tissues,
we performed a one-way ANOVA on themedian TL ratios to assess
intertissue variability. We implemented a simplified linear model
by randomly splitting the tissues into two halves and computing
the ANOVA P-value. The resulting P-values were again adjusted us-
ing the BH method. If adjusted P-value<0.05 and only three tis-
sues were available, we applied a MAD-based outlier detection.
Any tissue deviating by more than two times the MAD from the
medianwas labeled as an outlier. If the adjusted P-valuewas signif-
icant andmore than three tissues were available, the SNVwas con-
sidered to exhibit allelic preference across two or more distinct
tissue groups, indicating a systematic, group-specific tissue bias to-
ward either the TL or TU allele. If ANOVAwas not significant but at
least one tissue exhibited a MAD-defined outlier, the SNV was still
classified as having sporadic tissue-specific allelic deviation. All
other SNVs that did not meet the criteria above were considered
to exhibit no clear or uniform pattern of tissue-specific allelic
expression.

To address the potential impact of unequal numbers of SNV-
detected cells across tissues, we performed a capped cell-level
downsampling analysis for tissues with large numbers of SNV-de-
tected cells in txnb gene. Specifically, for each tissue, we retained all
cells when the number of cells with detected SNVs was 20 or fewer
and randomly sampled 20 cells when the number exceeded 20.

Statistical analysis

All statistical analyses in this study were performed using bash
and R (R Core Team 2025). Student’s t-test or Wilcoxon were uti-
lized to investigate the difference between two groups. A sig-
nificance threshold of 0.05 was applied to determine statistical
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significance and the following statistical significance indicators
are used: (∗) P<0.05, (∗∗) P<0.01, and (∗∗∗) P<0.001.

Data access

The raw data generated in this study have been submitted to
the China National Center for Bioinformation (https://ngdc
.cncb.ac.cn/bioproject) under accession number PRJCA044959.
The related codes are available at GitHub (https://github.com/
zengh58/ZebrafishMonoallelic/) and as Supplemental Code.
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