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Abstract 

Bac kgr ound: Musk, secreted by the musk gland of adult male musk-secreting mammals, holds significant pharmaceutical and cos- 
metic potential. However, understanding the molecular mechanisms of musk secretion remains limited, largely due to the lack of 
compr ehensi v e m ultiomics anal yses and av aila b le platforms for r elev ant species, such as m uskrat ( Ondatra zibethicus Linnaeus) and 

Chinese forest musk deer ( Moschus berezovskii Flerov). 

Results: We gener ated c hr omosome-lev el genome assemb lies for the 2 species of m uskrat ( Ondatra zibethicus Linnaeus) and m usk deer 
( Mosc hus berezovskii Flero v), along with 168 transcriptomes from various muskr at tissues. Compar ative analysis with 11 other verte- 
brate genomes r ev ealed genes and amino acid sites with signs of adapti v e conv ergent ev olution, primaril y linked to lipid meta bolism, 
cell cycle r egulation, pr otein binding, and immunity. Single-cell RNA sequencing in muskrat musk glands identified increased aci- 
nar/glandular epithelial cells during secretion, highlighting the role of lipometabolism in gland development and evolution. Addition- 
all y, we dev eloped MuskDB ( http://m uskdb.cn/home/ ), a fr eel y accessib le m ultiomics data base platform for m usk-secr eting mammals. 

Conclusions: The study concludes that the evolution of musk secretion in muskrats and musk deer is likely driven by lipid metabolism 

and cell specialization. This underscores the complexity of the musk gland and calls for further investigation into musk secretion–
specific genetic variants. 

Ke yw ords: musk deer, muskrat, musk secretion, multiomics 
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Introduction 

Natur al m usk (Mosc hus) is mainl y secr eted by the m usk gland 

located between the navel and genitals of mature male forest 
musk deer ( Moschus berezovskii Flerov), an endangered artiodactyl 
species native to southern and central China and northernmost 
Vietnam [ 1 ]. Natur al m usk has long been an important compo- 
nent of traditional Chinese medicine and was used for resusci- 
tation, blood circulation, collater al dr aina ge , detumescence , and 

pain relief [ 2 ]. In addition, the muskrat ( Ondatra zibethicus Lin- 
naeus), a semiaquatic rodent native to North America [ 3 ] and 

Canada but has been introduced to Europe, Asia, South America,
and Australia, has a similar musk gland and secrets musk like- 
wise . T he m usk secr eted by for est m usk deer and m uskr at pr o-
duces a specific fr a gr ance, whose c hemical composition may be 
involved in chemical communication, potentially encoding infor- 
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the original work is pr operl y cited. 
ation about sexual maturity and attraction [ 4 ]. The chemical
omposition analysis of musk sho w ed that it contained active
acrocyclic ketone components such as muscone and normus- 

one [ 5 ]. Muskrat musk also contains macrocyclic ketone com-
ounds such as muscone and normuscone [ 6 ]. This class of sub-
tances is thought to be necessary for exerting drug effects. Our
r e vious r esearc h indicated that m usk of m uskr at and m usk deer
as up to 272 identical metabolites, including organic compounds 
uch as amino acids, fatty acids, ketones, aldehydes, and steroids
 7 ]. 

Compared with other musk-secreting mammals (i.e., other 
usk deer species), there has been more captive breeding prac-

ice for the forest musk deer and the m uskr at. The high-quality
enome sequences of these 2 species and compar ativ e anal y-
es with the other mammalian genomes can potentially shed 
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ight on their genome diversity and the genetic components un-
erl ying m usk secr etion, whic h ma y ha ve experienced con ver-
ent adaptation during the long process of ev olution. Ho w ever,
her e ar e no conv er gent e volutionary studies on m usk-pr oducing
nimals to elucidate the related mechanism of musk secre-
ion. In the process of evolution, it is crucial to identify which
enes are subject to positive and conv er gent e volution. Addi-
ionally, identifying the genes that are differentially expressed
n different cells of the musk gland during m usk secr etion is
ritical. The regulation of the molecular process of musk se-
retion by these genes from chromatin conformation remains
nknown. 

Here, we sequenced the genomes of a male muskrat and a male
usk deer. In addition, to characterize the transcriptomic vari-

bility with respect to known tissue-specific physiological activ-
ties and identify k e y genes underlying the m usk-secr eting phe-
otype, we sequenced 84 RNA sequencing (RNA-seq) libraries and
4 small RNA-seq libraries of 13 various muskrat organs. To ac-
ur atel y depict cell composition and transcriptomic changes in
he musk gland of muskrat between musk secretion and non-
ecr etion sta ges, w e further used a single-cell RN A (scRN A) ap-
r oac h to dissect the transcriptional differences. We also ex-
mined the potential c hr omatin arc hitectur e dynamics underl y-
ng the phenotype by sequencing 3 and 4 Hi-C libraries for the
 usk gland, r espectiv el y, in the secr etion and nonsecr etion sta ges

 Supplementary Table S1 ). Integrated with these multiomics data,
he study identified particular genes, such as SMPDL3A and NR-
AM , that exhibit unique patterns of genetic interactions and
hanges in their genomic neighborhoods, suggesting they may
lay k e y roles in controlling the m usk secr etion pr ocess . T he re-
earch concludes that the evolutionary adaptation for musk pro-
uction in both the m uskr at and the musk deer is likely driven
y robust lipid metabolism and specialized cell functions, under-
coring the musk gland’s intricate nature . T his finding emphasizes
he necessity for continued investigation to uncover the full func-
ional impact of genetic variations specific to the musk secretion
rocess. 

esults and Discussion 

enome assembly of 2 musk-secreting mammals
e sequenced the genomes of 2 male m usk-secr eting mammals

 O. zibethicus [m uskr at] 2 years of age and M. berezovskii Flerov
for est m usk deer] 2.5 years of age) via integration of Oxford
anopor e Tec hnologies (ONT) long r eads, high-thr oughput c hr o-
osome conformation ca ptur e (Hi-C) data, and BGI T7 paired-end

equences ( Supplementary Table S1 ) to over 235.25-fold ( ∼583.41
b) and 246.02-fold ( ∼696.23 Gb) cov er a ge, r espectiv el y. We as-
embled the 2 c hr omosome-le v el genomes by a ppl ying an im-
r ov ed assembl y method that utilizes Hi-C interaction pairs to
luster ONT long sequences with potential linkages and avoid any
rr oneous ov erla p caused by long-distance r e petiti ve sequences
uring string gr a ph assembl y [ 8 ] (see Materials and Methods).
e successfully generated 2.48 Gb and 2.83 Gb for m uskr at and
usk deer genomes with contig N50 values of 60.53 and 69.45
b, whic h anc hor ed onto 28 and 30 c hr omosomes, r espectiv el y

 Supplementary Tables S1 , S2 ; Fig. 1 A; Table 1 ). The 28 anc hor ed
 hr omosomes in m uskr at wer e confirmed b y kary otype analy-
is ( Supplementary Fig. S1a ). In particular, 5 c hr omosome se-
uences hav e r eac hed the ga p-fr ee le v el in the m uskr at genome
 Supplementary Table S3 ), and our 2 assemblies have improved
he N50 length of the contig by 1,048- and 3.56-fold for the
 uskr at and m usk deer compar ed to the published sequences,
 espectiv el y ( Supplementary Fig. S1b , c ). Our assembled genomes
xhibit excellent completeness, as evidenced by the cov er a ge of
 99% pair ed-end r eads acr oss > 99% of the genome and r ecov ery
f av er a ged 96.95% of BUSCOs [ 9 ] in 9,226 conserved mammalian
enes from the mammalia_odb10 database ( Supplementary Table
4 ). Furthermore, we used a reference-free and k -mer–based ap-
r oac h and estimated a high assembly quality value (QV) of more
han 44, exceeding the Vertebrate Genome Project (VGP) stan-
ard of QV40 [ 10 , 11 ]. Subsequentl y, we pr edicted 1,013.31 Mb

40.85%) and 1,539.41 Mb (54.33%) transposable elements (TEs) for
 uskr at and m usk deer, r espectiv el y ( Supplementary Table S5 ).

y combining homology- and ab initio–based methods, aided by
 vidence of tr anscription, we identified 23,260 and 24,375 pr otein-
oding genes in the m uskr at and m usk deer genomes, r espectiv el y
 Supplementary Table S5 , Supplementary Fig. S1d , e ). 

Next, we explored gene family expansion and contraction in 2
 usk secr etion species. As a r esult, we determined that 181 gene

amilies underwent an expansion, and 134 underwent a contrac-
ion for the musk deer. Muskrat shows comparable numbers of
ene famil y contr action (166) and expansion (161) e v ents (Fig. 1 B).
ene Ontology (GO) enrichment analyses of contracted genes in-
icated that these 2 species were both involved in pathways like
he “olfactory signaling pathway,” “olfactory transduction,” “sig-
aling by GPCR,” “B-cell receptor signaling pathway,” “tight junc-
ion imm unor egulatory inter actions between a l ymphoid and a
on-l ymphoid cell,” “natur al killer cell-mediated cytotoxicity,” and
autoimm une thyr oid disease” ( Supplementary Fig. S2a ). Gene
amilies underwent an expansion in these 2 species and were in-
olved in biological processes like “cell cycle,” “meiotic synapsis,”
mitotic ana phase,” and “estr ogen-dependent gene expr ession” ( P
 0.05) (all Fisher exact test) ( Supplementary Tables S7 –S8 ). 

ositi v e selection and rapid evolution genes in 

uskr a t and musk deer were mainly involved in 

he metabolism of lipids and epithelial regulation
o explore the function of positively selected genes (PSGs) and
 a pidl y e volving genes (REGs) in m uskr at and m usk deer during
v olution, w e next analyzed 7,409 gene trees based on one-to-
ne orthologs, eac h constr ained to the r econstructed species phy-
ogen y. By a ppl ying br anc h tests and br anc h-site tests in PAML [ 12 ]
o the corresponding branches, we identified 443 REGs and 399
SGs for m uskr ats, as well as 523 REGs and 199 PSGs for musk
eer, r espectiv el y ( Supplementary Table S6 ). Inter estingl y, the
ene Hdac1 was in GO term “epidermal cell differ entiation,” whic h
s enriched by gene family expansion in the forest musk deer and
 uskr at, coinciding with the musk gland–specific gene . T hese re-

pective sets of genes were mainly involved in the “metabolism of
roteins” and “metabolism of lipids” ( Supplementary Tables S9 –
10 ). We also identified that PSGs like ANAPC4 , CDC16 , and RBL2
 ere inv olved in the cell cycle pathway ( Supplementary Fig. S2b ).
uskrat PSGs ( HBEGF , PIGR , PLCE1 , NCK2 ) were enriched in the

epidermal growth factor receptor signaling pathway,” and REGs
 TGFBR3 , BMP4 , STRAP , ATF2 , CDC73 ) wer e enric hed in “negativ e
egulation of epithelial cell proliferation.” In addition, we deduced
he conv er gent sites in m usk secr etion species (m uskr at and m usk
eer) at each node for all the 7,409 single-copy orthologs based on
he phylogenetic tree (Fig. 1 B) using 2 methods (JTT-Fgene [ 13 , 14 ]
nd CCS [ 15 ]). As a result, a total of 244 genes were identified un-
er the JTT-Fgene model (false discovery rate [FDR] < 0.05, Pois-
on test), whereas 457 genes were identified by the CCS method
 15 ]. In total, 209 genes were detected as conv er gent e volution for
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Figure 1: Genome assembly and gene family evolution in muskrat and musk deer. (A) Hi-C heatmaps for muskrat and forest musk deer. Pie charts 
r epr esent the proportion of conserved BUSCO gene sets and repeat content. Contig N50 and assembled genome size are shown. (B) Divergence times 
and expansion and contraction of gene families in m uskr at and musk deer genomes. Numbers on the nodes r epr esent div er gence times, with the error 
range shown in parentheses . T he numbers of gene families that expanded (green) or contr acted (r ed) in eac h linea ge after speciation ar e shown on the 
corr esponding br anc h. (C) Enric hment for PSGs and conv er gence genes that functions in the metabolism of lipids (onl y partial pathways ar e shown). 
The PSGs are shown in blue, and the conv er gence genes are shown in red. (D) The Venn diagram shows the number of PSGs and REGs in muskrat and 
musk deer. (E) The sequence alignment shows sites of the conv er gence gene in GBA and ACSL5 . 
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Table 1: Global summary of 2 assemblies for m uskr at and musk deer. 

Genomic features Muskr a t Musk deer 

Assembled genome size (Gb) 2 .48 2 .83 
P er centage of anchoring (%) 97 .19 98 .79 
Contig number 561 1,173 
Contig N50 (Mb) 60 .53 69 .45 
GC content (%) 41 .69 42 .14 
Repeat ratio (%) 40 .85 54 .33 
Predicted number of protein-coding genes 23,260 24,375 
QV 44 .48 44 .09 
BUSCOs (%) 96 .89 96 .28 
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 uskr at and musk deer by both methods (JTT-Fgene and CCS).
e performed functional gene enrichment analyses for conver-

ent evolution genes and found that the gene sets were also sig-
ificantl y enric hed for “metabolism of pr oteins” ( P = 0.045, Fisher
xact test) and “metabolism of lipids and lipoproteins” ( P = 0.035,
isher exact test). 

RDH8 is a conv er gent e v olution gene inv olved in “the canoni-
al retinoid cycle in rods (twilight vision)” in muskrat and musk
eer. Although olfactory receptor genes are contracted in these
 species, se v er al vision-r elated genes wer e PSGs or conv er gent
volution genes, indicating they have a sensory trade-off other-
ise observed in arboreal species [ 16 ] and giraffes [ 17 ], which is

onsistent with the fact that both species are timid and sensitive.
EX15 , a testis-specific protein, is r equir ed for TE silencing. A pre-
ious study indicated that TEX15 , a new essential epigenetic reg-
lator, may function as a nuclear effector of MILI to silence TEs by
NA methylation [ 18 ]. Our study suggested that the TEX15 gene is
n outlier with 7 unique amino acid conv er gent substitutions for
 uskr at and m usk deer ( Supplementary Fig. S2c ). This indicated

hat the TEX15 gene not only plays a role in male germ cells but
ight also have an essential role in forming the male c har acter-

stic organ of a musk-secreting species. 
For the “metabolism of lipids and lipoproteins” pathw ay, w e

dentified 10 conv er gent e volution genes ( SLC44A2 , GBA , PTGES2 ,
PA T3 , PIK3R5 , A CSL5 , MED12 , A CBD6 , PIP5K1B , BDH2 ) in this
athway ( P = 0.035, Fisher exact test) in m uskr at and m usk
eer (Fig. 1 C). We also c hec ked the ov erla pped genes between
SGs , REGs , and con v er gent e volution genes and found NOP2 ,
ST , FAM160A1 , and CKAP5 wer e shar ed between them (Fig. 1 D,
upplementary Fig. S3 ). These genes have been less studied, such
s FAM160A1, a member of the UPF0518 family of pr oteins, eac h
ontaining a conserved retinoic acid–induced 16 (RAI16)–like do-
ain with unknown biological function [ 19 ]. CKAP5 enables the

ormation of persistent actin bundles on dynamic microtubules
 20 ]. Among these conv er gent e volution genes, ACSL5 and GBA
ave 2 amino acid substitutions (Fig. 1 E). The protein encoded
y the ACSL5 gene is an isozyme of the long-chain fatty acid
oenzyme A ligase famil y, whic h catal yzes the formation of fatty
cyl-CoAs fr om long-c hain fatty acids (C16–C20). Fatty acyl-CoAs
re then used in lipid synthesis or β-oxidation–mediated path-
a ys [ 21 ]. T he GBA1 gene encodes the lysosomal enzyme β-
lucocer ebr osidase (GCase) that degrades glucosylceramide and
s pivotal in gl ycosphingolipid substr ate metabolism [ 22 ]. In addi-
ion, choline is essential for synthesizing phospholipids [ 23 ], and
he gene SLC44A2 participates in the process . T hese results indi-
ate a r a pid e volution of lipid metabolism in these 2 species. In
ddition, some conv er gent e volution genes that also hav e r oles in
metabolism of lipids” ( P = 0.0002) and “cell cycle, mitotic” ( P =
.006) were also detected ( Supplementary Fig. S2a ). This might be
ecause the male musk gland has a cyclic change; in the musk se-
r etion sta ge, the m usk gland is atr ophic, and in the sta ge of m usk
onsecretion, the glands become larger, accompanied by cell pro-

iferation and differentiation. 

issue-specific expression of genes in the musk 

land 

o explore the genes specifically expressed in the musk gland and
heir functions, we used a m uskr at as a model animal to conduct
urther anal yses, as m uskr at tissue samples ar e accessible in con-
rast to the endangered musk deer. We first constructed 84 RNA-
eq libraries and 84 small RNA-seq libraries to explore tissue-
pecific expression patterns from 13 tissues (2 from entoderm
liver and lung], 8 from mesoderm [testis, heart, spleen, kidney,

uscle , fat, uterus , and o v ary], and 3 fr om ectoderm [br ain, eye-
all, and musk gland]) (Fig. 2 A), with at least 6 biological replicates
or eac h sta ge. We then updated the annotation of distinct tran-
cript types, including long noncoding RNAs (lncRNAs) and mi-
roRN As (miRN As) ( Supplementary Fig. S4a ), r epr esenting a cor e
tlas dataset of de novo assembled transcripts. Ten and 3 gland
issue–specific expressed lncRNAs and miRNAs were detected, re-
pectiv el y ( Supplementary Fig. S4b ). 

After filtering the low expression levels genes with transcripts
er million (TPM) < 1 in at least 50% of samples in each ana-

yzed tissue, we evaluated the expression levels of 14,861 (63.89%)
 uskr at genes and mainly looked for tissue-specific expression

atterns . T he results sho w ed that the transcriptional profiles of
ach tissue type are highly reproducible among biological repli-
ates (Spearman r > 0.80) (Fig. 2 B). Ov ary, m usk gland, and uterus
lso clustered into obviously separate respective groups. Mean-
hile, brain and eyeball tissues clustered together (Fig. 2 C). More

han 60% of genes were expressed in each tissue for m uskr at
 Supplementary Fig. S4c ), but expr ession le v els of differ ent genes
r e ske wed. In most tissues, the expr ession of highl y expr essed
,000 genes takes up an av er a ge expr ession of mor e than 50%, es-
ecially for muscle (Fig. 2 D). We also observed dissimilarities be-
ween the gene expr ession le v el distribution across tissues . T he

ost abundant transcripts (the top 1,000, as ranked by expres-
ion le v els) in a tissue accounted for greater than half of the
otal transcribed muscle ( ∼71.71%), liver ( ∼68.76%), and heart
 ∼61.34%), whereas testis ( ∼37.70%) had a more uniform distri-
ution (Fig. 2 E, Supplementary Fig. S4d ). Testis sho w ed the high-
st number of differ entiall y expr essed genes compar ed with other
issues ( Supplementary Fig. S4e ). 

In terms of protein-coding gene expression, 3 (uterus), 35
testis), 27 (spleen), 6 (ov ary), 26 (m uscle), 9 (lung), 47 (liver), 23
kidney), 19 (heart), 10 (gland), 8 (fat), 38 (eyeball), and 112 (brain)
issue-specific genes were detected ( Supplementary Table S11 ).
he tissue-specific genes were commonly enriched in distinct cel-
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https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
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Figure 2: Characteristics of the muskrat BodyMap transcriptome. (A) Samples derived from 13 tissues were used for muskrat transcriptome 
r econstruction. (B) Hier arc hical clustering and Spearman r heatma p of samples using expr ession v alues (TPM). (C) The t–distributed stoc hastic 
neighbor embedding (t-SNE) clustering of samples using expression values (TPM). The ellipses indicate the samples of the same tissue with similar 
tr anscriptional pr ofiles, constructed at a pr obability of 0.95 ( n = 19,800). (D) The cum ulativ e expr ession pr oportion of the top 1,000 highl y expr essed 
genes in all samples. (E) Abundance distribution of transcripts across 13 tissues . T he x-axis indicates the proportion of transcripts sorted from highest 
to lo w est expr ession, with the v ertical dashed line indicating the top 1,000 of the highest abundance tr anscripts . T he y-axis indicates the accumulated 
fr action of tr anscripts r elativ e to the total tr anscripts. Color ed lines r epr esent mean v alues acr oss differ ent tissues . (F) T he genes specificall y expr essed 
in musk gland. 
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ular functions. For example, the specifically expressed genes for
he musk gland were mainly involved in “epidermis development”
nd those for testis in “male gamete generation” and “meiotic nu-
lear division” ( Supplementary Fig. S5 ). Notably, among the genes
pecificall y expr essed in m usk gland (Fig. 2 F), KRT80 and MPIG6B
enes were also PSGs in m uskr at. K er atin 80 ( KRT80 ) is an interme-
iate filament protein that contributes to the structural integrity
f epithelial cells [ 24 ]. The megakary oc yte and platelet inhibitory
eceptor gene G6P ( MPIG6B ) regulates platelet production, aggre-
ation, and activation [ 25 ]. In addition, we also found that some
usk gland–specific genes are related to lipid metabolism, such as

RPV3 and LIPM (Fig. 2 F). Transient receptor potential (TRP) chan-
els are polymodal sensors that convert a multitude of environ-
ental cues into cellular signaling e v ents essential for physiol-

gy [ 26 ]. TRPV3 is activated b y w arm temperatures and numerous
 hemicals, including plant extr acts, lipid metabolites, and syn-
hetic small molecules such as 2-aminoethoxydiphenyl borate (2-
PB) [ 27 , 28 ]. In mice, LIPM (lipase) also has a restricted tissue ex-
ression in the epidermal tissue [ 29 ], supporting the unique and
ctive function of LIPM in musk gland function. 

ingle-cell reconstruction of musk secretion 

emodeling in the muskr a t adult musk gland 

o depict transcriptomic changes during musk secretion at the
ingle-cell le v el, we further measur ed the tr anscriptional differ-
nces between r epr esentativ e secr etion and nonsecretion stages
n the musk gland by the 10X Genomics scRNA-seq system
Fig. 3 A). After quality filtering, the transcriptome profiles of
9,398 cells were available for cell-type characterization (12,128,
nd 7,270 cells for musk secretion and nonsecretion stages, re-
pectiv el y) ( Supplementary Table S1 ). To explore the cell types of
hese musk glands, we performed the uniform manifold approxi-

ation and pr ojection (UMAP) anal ysis and identified 23 cell clus-
ers (Fig. 3 B, C). We surveyed the expression patterns of the top 50

ost variable genes ( Supplementary Fig. S6a ), which could cluster
hese cells into 13 known cell types ( Supplementary Table S12 ). 

We found that most collected cells (49.53% and 59.16%) pos-
ess c har acteristics typical of fibr oblasts (clusters 1, 2, 3, 4, 5,
1, and 18) with higher expression of IGFBP3 [ 30 , 31 ], DCN [ 32 ],
nd C3 [ 33 ] ( Supplementary Fig. S6b ). Clusters 0, 10, 16, and 21
ere identified as macrophages with higher expression of C1qa ,
1qb , C1qc , Ctss , Cd14 , and Cd68 [ 34 ]; cluster 21 had higher expres-
ion of Coro1a [ 34 ] and Cd74 [ 35 , 36 ]. Cluster 17 was identified as
aving mastocytes with expressed Alox5 , Cpa3 , Kit , and Srgn [ 37 ]
ene markers. Cluster 22 expressed Ccnb2 , Hmgb2 , Hmgb3 , Mcm6 ,
be2c , and Uhrf1 [ 38 ] mesenc hymal pr ogenitor cell (MPC) mark-
rs. In addition, a recent study [ 39 ] suggested that pr olifer ativ e
arker genes Top2a , Mki67 , and Birc5 were markers for cluster 22

n our study. Neutrophil granulocytes (cluster 12) highly expressed
dam8 , Arg2 , Anxa1 , and C5ar1 [ 35 ]. Endothelial cells (clusters
 and 8) expressed markers of Plvap , Cav1 , Cav2 , Emcn , Gpihbp1 ,
ecam1 , and Tm4sf1 [ 34 ]. Myoepithelial cells (cluster 6) expressed
ene markers of Acta2 , Myh11 , Myl9 , Mylk , Tpm , and De [ 40 , 41 ].
 cells (cluster 9) expressed Rapgef6 , Ltb , Rpl12 , Rplp1 , Rps16 , and
ps23 [ 35 ] and CD3 gene mark ers [ 42–45 ]. Basal e pithelial cells

cluster 13) expressed Ccnd2 , Krt14 , and Krt17 markers [ 46 ]. Aci-
ar cells/glandular epithelial cells (GECs) (cluster 14) expressed
ited4 , Epcam , Crabp2 , and phyh2 gene markers. Smooth muscle
ells (cluster 15) highly expressed Des , Myh11 , Acta2 , and Tpm2
 40 , 47 ]. In addition, the PPP1R14A gene highl y expr essed in clus-
er 15 could inhibit the myosin phosphatase, lead to increased
hosphorylation of myosin, and enhance smooth muscle contrac-
ion. Cluster 20 highly expressed SOX1 , S100 [ 48 ], MPZ [ 49 ], NCAM
 50–52 ], SCN7A , and CRYAB. SCN7A is one of the man y volta ge-
ated sodium channel proteins. CRYAB is highly expressed in
an y neur ological diseases, and the protein encoded by the S100B

ene might play a role in Ca 2 + flux stimulation and promoting as-
r ocyte hyper plasia. The c hr omosomal r earr angement or expr es-
ion change of S100B is associated with neurological diseases such
s Alzheimer disease, Down syndrome, and e pile psy. Thus, cluster
0 cells were defined as Schwann cells. Cluster 19 cells with highly
xpressed Alas2 , Bpgm , and Mkrn1 were identified as erythrocyte
recursor cells [ 34 ]. 

Next, we focus on the cell clusters with increased cell abun-
ance in the m usk secr etion sta ge ( Supplementary Table S13 ),
hich included cluster 12, cluster 14, cluster 17, and cluster 21.

ntriguingl y, the differ entiall y expr essed genes (DEGs) in cluster
4 ( Supplementary Table S14 , Supplementary Fig. S6c ) were in-
olved in the “regulation of hormone le v els,” “lipid biosynthetic
r ocess,” and “or ganic acid tr ansport” pathwa ys , whic h ar e r elated
o musk secretion ( Supplementary Fig. S6d ). In addition, for the
EGs in cell cluster 14, we also determined that 5 genes over-

apped with REGs, including those associated with carboxylic acid
r ansport ( SLC26A2 ), tr anscription factor activity ( ZNF317 ), cell di-
ision ( NCKAP51 ), and colla gen-containing extr acellular matrix
 GPC4 and COL6A3 ). It is worth mentioning that NCKAP51 is also
 REG of for est m usk deer. Studies in closely related species have
uggested that it targets mir-2425–5p to regulate the proliferation
nd differentiation of bovine myogenic satellite cells [ 53 ]. GPC4
s differ entiall y expr essed in dental epithelial and mesenchymal
ells [ 54 ], also expressed in renal epithelial cells to regulate epithe-
ial br anc hing mor phogenesis [ 55 ]. COL6A3 encodes colla gen type
I and is usually expressed in tumor epithelial cells to promote in-
asion and metastasis [ 56 ]. Two PSGs, cyclin ( WEE1 ) and integrin
igand ( NPNT ), coincided with the differential genes of GEC. WEE1
an regulate cell division by mediating the G2/M phase progres-
ion of epithelial cells [ 57 ]. NPNT was found to be highly expressed
n epithelial and mesenchymal cells of the tooth germ and regu-
ated the differentiation of Sox2 + cells in dental epithelial cells
hrough the EGFR-PI3K-Akt signaling pathway [ 58 ]. These genes
r ovide e volutionary e vidence for the epithelial–mesenc hymal
ransition of the muskrat musk gland during musk secretion and
onsecretion. 

seudotime reconstruction traces of the origin 

nd specification of acinar cells/glandular 
pithelial cells 

ur scRN A results sho w ed that acinar cells/glandular epithelial
ells (cluster 14) have an increased number of cells in the musk
ecr etion sta ge (with a r elativ e abundance of 2.76% and 0.12% in
 usk secr etion and nonsecr etion sta ges, r espectiv el y), and this

ell type is related to musk secretion. T hus , we further explored
he origin and differentiation of the cells of this cluster. Acinar
ells/glandular epithelial cells (cluster 14) expressed Cited4 , Ep-
am , Crabp2 , and Phyh2 gene markers [ 34 ]. We used cell lineage
r ajectory anal ysis to elucidate the origin and differ entiation of
he acinar cells/glandular epithelial cells in m uskr at. Pseudotime
nalysis based on transcript profiling enabled a precise recon-
truction of acinar cells/glandular epithelial cells in the male
 uskr at gland. 
The high concordance of scRNA status between cluster13 and

luster14 indicated that m uskr at acinar cells/glandular epithe-
ial cells derive directly from the basal cells, and the basal cells
eriv e dir ectl y fr om the mesenc hymal pr ogenitor cell (Fig. 3 D, E).

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
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Figure 3: Musk gland single-cell transcriptome map of muskrats. (A) Schematic representation of muskrat musk gland tissue preparation for 
single-cell transcriptome analysis. (B) tSNE and UMAP cluster map revealing 23 specific clusters representing the major musk gland cell types. (C) 
Violin plots show the expression of re presentati ve differentially expressed genes for each cluster. (D) UMAP visualization of the muskrat mesenchymal 
progenitor cell (cluster 22), basal cell (cluster 13), and acinar cells/glandular epithelial cells (cluster 14). Cells are color-coded by cluster. (E) Cells are 
color-coded by pseudotime reconstruction traces. (F) Violin plot of genes selected as population markers for each of the 13, 14, and 22 clusters. (G) 
Genes that displayed div er gent expr ession patterns during acinar cells/glandular epithelial cells’ gener ation in m uskr at. 
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his scenario on the biolog ical orig in of glandular epithelial cells
as consistent with the scRNA of mouse mammary epithelial

ells [ 59 ]. The markers for acinar cells/glandular epithelial cells
 CRABP2 , Hacl1 , Eci2 , and Pecr ) of cluster 14, found by pseudotime
econstruction, displayed high and specific expressions compared
ith the other 2 clusters (Fig. 3 F, G). These genes were mainly

nvolved in lipometabolic functions. For example, CRABP2 is in-
olved in the metabolism and transportation of retinoic acid from
he cytosol to the retinoic acid receptors (RARs) located in the nu-
leus [ 60 ]. Hacl1 is an enzyme that catalyzes the hydr ol ysis of long-
hain fatty acids [ 61 ]. Enoyl-CoA delta-isomerase 2 ( ECI2 ) is a pro-
ein that catalyzes the isomerization of unsaturated fatty acid in-
ermediates during β-oxidation, a process that breaks down fatty
cids to produce energy [ 62 ]. Peroxisomal trans-2-enoyl-CoA re-
uctase ( PECR ) is a protein that plays a role in the metabolism of
atty acids, specifically by reducing unsaturated and polyunsatu-
ated fatty acids to their saturated forms in peroxisomes [ 63 ]. A
r e vious study sho w ed that m uskr at m usk contained fatty acids

29.32%) by gas c hr omatogr a phy–mass spectr ometry, whic h ar e
he main components of musk [ 64 ]. Combined, these results in-
icated that the function of lipometabolism is important in the
e v elopment and evolution of the musk gland. 

ynamic changes in compartmentalization, 
opologicall y associa ting domains, and 

romoter–enhancer interactions for musk 

ecretion 

n the eukaryotic cell nucleus, genomic DNA is highly folded
nd spatially organized into a hierarchy of 3-dimensional struc-
ur es, including c hr omosome territories, compartments, topolog-
cally associating domains (TADs), and long-range interactions
 65 ], which play important roles in transcriptional regulation [ 66 ].
o elucidate the m ultiscale r egulatory r e wiring of c hr omatin ar-
 hitectur e during m usk secr etion, we used an in situ Hi-C to
a p c hr omatin contacts for m usk glands between the secre-

ion and nonsecretion stages. We generated a total of ∼2.77 bil-
ion valid contacts ( ∼692.44 million [M] contacts per sample)
 Supplementary Table S15 ) and r eac hed a maximum resolution of
 kb by merging the intrachromosomal contacts of the replicates
t each stage ( Supplementary Table S16 ). Most ( ∼54.29%) con-
acts occurred within chromosomes, exhibited high reproducibil-
ty among the biological replicates, and consisted dominantly
 ∼57.82%) of long-r ange inter actions ( ≥20 kb) ( Supplementary
ig. S7a –d ). All samples sho w ed a strong decrease in contact
r obability with incr eased distance between loci ( Supplementary
ig. S7e ). All samples sho w ed similar A/B compartment patterns;
44.4% and ∼48.0% of the whole genome were compartment A
ins for musk secretion and nonsecretion periods, respectively
 Supplementary Fig. S7f). Compartment A was positiv el y corr e-
ated with guanine–cytosine content (Spearman r > 0.60, P < 2.20

10 –16 ) ( Supplementary Fig. S7g , h ) and has a high gene den-
ity ( Supplementary Fig. S7i ). We then constructed genome-wide
nterc hr omosomal contact ma ps by dividing the genome into 500-
b regions; it was revealed that the muskrat chromosomes have
 similar likelihood to m utuall y contact eac h other during de-
 elopment: micr o- and macr oc hr omosomes tended to be self-
ssociated, and small and gene-rich chromosomes preferentially
ontacted with each other more frequently (Fig. 4 A). A total of
,969 and 3,438 TADs were subsequently detected in musk secre-
ion and nonsecretion stages in the musk gland, with a median
ize of ∼500 and 575 kb, r espectiv el y ( Supplementary Fig. S7j ).
e observe that only 54% (2,256) of the positioning of TADs re-
ains stable between the 2 stages ( Supplementary Fig. S7k ). We
lso compiled an extensive genome-wide catalog of promoter–
nhancer interactions (PEIs) in musk gland tissue at a 5-kb res-
lution. The median sizes were ∼100 and ∼60 kb (54.67% and
3.11% PEIs existed primarily in TADs) for musk secretion and
onsecr etion sta ges, r espectiv el y ( Supplementary Fig. S8a –c ). We
bserved that ∼87.98% of enhancers interacted with a more dis-
ant promoter instead of those closer by ( Supplementary Fig.
8d ). This spatial proximity data highlight the complexity of PEIs
 67 ]. 

Next, we compared the 3-dimensional genome differences in
he musk gland between the 2 stages. At the subchromosome
e v el, we identified a substantial number of regions showing com-
artmental switching in the musk gland between 2 stages ( ∼153.6
b, or ∼6.2% of the genome) (Fig. 4 B). In these regions, most

witching was from A to B (120.80 Mb, embedded with 781 genes),
hich indicated that these regions were more closed in the musk

ecr etion sta ge compar ed with the nonsecr etion sta ge . T he rest
er e tr ansient switc hes, fr om B to A (32.8 Mb, embedded with 164
enes) (Fig. 4 B, C). Because these activ e c hr omatin r egions ar e of
otential functional significance, we further c hec ked the genes in
reas subject to B-to-A switching events . T hey were primarily in-
olved in “epithelial cell differentiation,” “nephron development,”
epidermis de v elopment,” “cytoplasmic tr anslation,” “extr acellu-
ar matrix or ganization,” “negativ e r egulation of endopeptidase
ctivity, ” “cell morphogenesis, ” “protein activation cascade,” “ep-
thelial cell de v elopment,” “intr acellular ster oid hormone r ecep-
or signaling pathway,” and “regulation of membrane potential”
rocesses (Fig. 4 D). 

At the TAD structure level, many changes in chromatin struc-
ure occur. We used the insulation score (IS) to evaluate the
v er all extent of changes in c hr omatin conformation between
he 2 stages. For the TAD with increased IS in the musk se-
r etion sta ge, the content genes wer e involv ed in the “r eg-
lation of pr oteol ysis,” “r esponse to r adiation,” “r egulation of

ipid metabolic process,” and “transcription coregulator activ-
ty” pathways ( Supplementary Fig. S9a ), which indicated the ac-
ive function of regulating lipid metabolism in the musk se-
r etion sta ge. Furthermor e, the PSGs or conv er gent e volution
enes ( Supplementary Fig. S9b ) involved in TAD changing were
lso related to the metabolism of lipids and epithelial regula-
ion pathwa ys , such as N AGS catal yzing the pr oduction of N-
cetylglutamate (NAG). This vital substance r egulates ur ea syn-
hesis [ 68 ]. CEP250 plays a crucial role in differentiating spermato-
onia and meiotic spermatocytes [ 69 ]. CASP8AP2 plays a role in
egulating cell proliferation, apoptosis, and gene expression [ 70 ]. 

At the PEI le v el, we determined that 2 genes ( SMPDL3A and NR-
AM ) with specific PEI in the musk secretion stage also sho w ed
 compartment transition from B to A and was a marker gene
n cluster 14 (Fig. 4 E). Ther e wer e mor e specific long-r ange inter-
ctions ( > 25 Kb) in the m usk secr etion sta ge for these 2 genes
Fig. 4 F). The gene SMPDL3A sho w ed a r elativ el y higher expr es-
ion in all clusters at the musk secretion stage (Fig. 4 G). SMPDL3A
sphingom yelin phosphodiesterase acid-lik e 3A) is an enzyme in-
uced by lipid metabolism through the liver X receptor that de-
rades cGAMP, modulating the cGAS-STING pathway, which is in-
olv ed in imm une r esponses and lipid sensing [ 71 ]. NRCAM (neu-
onal cell adhesion molecule) is primarily associated with neural
e v elopment; its expr ession also pr omotes malignant cell trans-
ormation, cell motility, and metastatic disease [ 72 ]. In addition,
AP3K1 , NODAL , and Slc38a2 also sho w ed significantl y mor e PEIs

nd were contacted with more enhancers during the musk secre-
ion stage ( Supplementary Fig. S10 ). MAP3K1 is a critical compo-

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
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https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
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Figure 4: Global c hr omatin inter action patterns in m usk gland of m usk secr etion and nonsecr etion sta ges. (A) Observ ed/expected contact matrices 
between c hr omosome pairs. Also shown ar e the length, gene density, and GC content of eac h c hr omosome. (B) Genomic lengths and pr oportions of 
stable and dynamic compartments. Dynamic compartments are classified into 2 types of transitions (A to B and B to A). (C) Heatmap of the PC1 values 
for the compartment B to A switching regions . (D) T he most enriched GO-BP terms for genes within B to A switching regions. (E) Venn diagram showing 
ov erla pping genes with compartment B to A, PEI specific to musk secretion stage, and marker genes in cluster 14. (F) PEIs r e wir ed in the musk gland of 
m usk secr etion and nonsecr etion sta ges of SMPDL3 A and NRCAM . (G) Gene expr ession of SMPDL3 A and NRCAM in eac h cluster at m usk secr etion and 
nonsecr etion sta ges. 
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nent of the protein kinase signal transduction cascade and plays a 
crucial role in cellular signaling pathways [ 73 ]. NODAL maintains 
stem cell pluripotency and promotes directed differentiation [ 74 ].
Slc38a2 encodes an amino acid transport protein facilitating cel- 
lular uptake of amino acids [ 75 ]. These results suggest that 2 es- 
sential functions of the musk gland during the musk secretion 

sta ge ar e lipid metabolism and cell specialization, which indicate 
that synthesis and secretion activity are very active at this stage.
Our results demonstrated that candidate loci can be analyzed in 

future studies of musk secretion mechanisms. 
t
he MuskDB platform 

ccording to the sequencing data described abo ve , we generated
 database (MuskDB). MuskDB contains 47,635 gene entries from 

he genomes of 2 species, with information on 831 biological path-
a ys , 103 bulk RNA transcriptomes, 2 single-cell transcriptomes,
nd 3 Hi-C datasets . T he platform also holds 3 Hi-C data sets (se-
r etion sta ge in Jul y and nonsecr etion sta ge in October for the
 uskr at m usk gland and blood sample of musk deer), including

43,392 promoter and enhancer interactions. On the homepage,
he tools include “Blast, ” “Sequence Fetch, ” “Gene Sequence Ex- 
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r action,” “Tr ansposable Elements,” “Gene Synteny Viewer,” “Phy-
ogenetic Tree,” “Gene Expression,” “Single Cell Expression,” and
Hic Search” (Fig. 5 A). MuskDB provides comprehensive informa-
ion on m uskr at and m usk deer genes, including their annotation,
ocation, and expr ession. The heatma ps in “Gene Expression” and
Single Cell Expression” show the expression of genes, respectively,
n 13 tissues (Fig. 5 B) and 13 different cell types (Fig. 5 C). In “Hic
earch,” users can enter a gene name or genome region to show
he contact information of this gene or in this region. For example,
hen the gene Synpo2 is enter ed, the r esults display the contact
rofile of this gene at the stages of secretion and nonsecretion

Fig. 5 D). 

onclusion 

 his study pro vided an open-source , web-accessible , user-friendly
ultiomics database platform of musk secretion animals, includ-

ng 2 high-quality genome assemblies of m usk secr etion species
m uskr at and musk deer), a BodyMap transcriptome of muskrat,
nd a compr ehensiv e anal ysis of Hi-C, RNA-seq, and scRNA-seq
etween m usk secr etion and nonsecr etion sta ges of m uskr at in
ivo . GO terms of stage-specific signature genes of musk glands
 ere identified b y scRN A-seq and emphasized significant func-

ional differences between the musk secretion and nonsecre-
ion stages. Because of their unique e volutionary ada ptations, the
 uskr at and m usk deer hav e al ways been a topic of interest in an-

mal evolution and physiology. Our high-quality genome assembly
r ovides mor e pr ecise compar ativ e insights into the genetic basis
f their biological features. We identified genetic changes under-
 ying ada ptations of both species to m usk secr etion, notabl y r e-
ated to the adaptation of lipid metabolism, cell cycle regulation,
nd sensory perception. Our single-cell RNA sequencing results
ay potentially facilitate the development of new strategies for

he organoid culturing of the musk gland. These results show that
ctive lipid metabolism may underlie the adaptation evolution of
 usk secr etion. Ho w e v er, because of the complexity of the m usk

land, mor e r esearc h on the functional consequences of musk
ecretion–specific genetic variants is needed. 

aterials and Methods 

ethods 

ample collection 

or genome sequencing, blood from a male m uskr at and a male
or est m usk deer was collected from the Chongqing Institute of
edicinal Plant Cultivation. To fully investigate the muskrat tran-

criptome, we used 84 samples from 13 tissues (3 to 6 samples
r om eac h of the 13 tissues were collected). The healthy m uskr ats
ere euthanized with isoflurane; we adjusted the isoflurane flow
 ate or concentr ation to 5% or gr eater and continued isoflur ane
xposure until 1 minute after the muskrat stopped breathing. The
 equir ed tissues were then collected using standard anatomical
echniques, and excess blood vessels and fat were removed in
hosphate-buffered solution and then flash-frozen in liquid ni-
rogen and stored in a −80 ◦C refrigerator for subsequent studies. 

enome sequencing 

lood high-quality DN A w as extracted from 20 mL of muskrat and
or est m usk deer blood using a DNeasy Blood & Tissue Kit (Qia-
en) according to the manufacturer’s instructions. Some of this
N A w as then used to construct Nanopore libraries, which were

equenced using GridION X5 sequencers (Oxford Nanopore Tech-
ologies), and the remainder of the DN A w as used to construct
 esequencing (NGS) libr aries with an insert size of 400 bp, whic h
ere sequenced using the BGI T7 platform. The musk gland sam-
les at musk secretion and nonsecretion stages were used to con-
truct Hi-C libr aries, whic h wer e subsequentl y sequenced using
he Illumina NovaSeq 6000 platform ( RRID:SCR _ 016387 ). 

enome assembly and assessment 
e used an optimized 4-step genome assembl y str ategy [ 8 ] to gen-

rate complete assemblies of m uskr at and m usk deer genomes.
irst, we used the high-quality Nanopore sequences and applied a
corr ect-then-assemble” str ategy using NextDenovo (v2.5.0; RRID:
CR _ 025033 ) [ 76 ] to assemble the initial contigs. To correct the
nitial contigs, we utilized the software NextPolish (v1.4.1; RRID:
CR _ 025232 ), employing high-quality T7 pair ed-end r eads and
anopore long reads, and applied the recommended algorithm
odules “best.” in Nextpolish [ 77 ]. The specific parameters and

ipelines used in the assembl y pr ocess ar e av ailable at Zenodo
 78 ]. T hus , we yielded the ContigV1 assembly. Second, we gen-
rated unique mapped pairs by aligning the Hi-C read pairs to
ontigV1 using Bowtie2 software ( RRID:SCR _ 016368 ) [ 79 ] with a
ingle-ended model. We then discarded invalid self-ligated and
nligated fr a gments using the HiCUP pipeline (v ersion 0.8.0; RRID:
CR _ 005569 ) [ 80 ]. We obtained the v alid inter action pairs and cal-
ulated linka ge fr equency among all contigs using an agglomer-
tiv e hier arc hical clustering algorithm. The linked contigs wer e
lustered based on the Hi-C signal density, indicating potential
omologous c hr omosome associations . T hir d, w e realigned the
anopor e r eads to ContigV1 using the Minimap2 package ( RRID:
CR _ 018550 ) [ 81 ]. Suboptimal alignment reads were removed, and
a pped r eads of eac h contig gr oup wer e extr acted. Local assem-

ly was performed for each classified mapped read to avoid false
v erla p r elationships caused by r e petiti ve sequences during as-
embly [ 82 ]. All contigs were corrected again using appropriate
arameters, similar to the first step. Fourth, c hr omosome-scale
enomes wer e anc hor ed using linka ge information, r estriction en-
yme site, and string gr a ph form ulation with the ALLHiC algo-
ithm ( RRID:SCR _ 022750 ) [ 83 ]. Any placement and orientation er-
ors displaying distinct chromatin interaction patterns were man-
ally adjusted. 

To assess the quality of genome assemblies, we used the
erqury pac ka ge to e v aluate assembl y pr ecision by measuring
V v alues [ 10 ]. B USCO anal ysis (v ersion 5.2.1; RRID:SCR _ 015008 )

 9 ] was used to assess the assembly completeness by search-
ng against 9,226 conserved mammalian genes from the mam-

alia_odb10 database. Additionally, T7 paired-end reads were
ligned to the assembled genome using BWA software ( RRID:
CR _ 010910 ) [ 84 ] to calculate the alignment ratio and coverage
epth for assessing the assembly completeness. 

E annotation 

e predicted the genome TEs by combining homology search-
ng and ab initio prediction methods. We performed the homol-
gy sear ching b y a ppl ying the Re peatMask er ( RRID:SCR _ 012954 )
 85 ] and RepeatProteinMask packages to compare the genome
gainst the Repbase TE library. In parallel, we performed ab ini-
io prediction by constructing a reference repeat library using the
 esults fr om PILER ( RRID:SCR _ 017333 ) [ 86 ], LTR_FINDER ( RRID:
CR _ 015247 ) [ 87 ], and RepeatScout ( RRID:SCR _ 014653 ) [ 88 ]. Then,
 e sear c hed the genome a gainst this libr ary using Re peatMask er.

n addition, w e emplo y ed the Tandem Repeats Finder pac ka ge
 RRID:SCR _ 022065 ) [ 89 ] with specific parameters (“2 7 7 80 10 50
000 -d –h”) to predict tandem repeats in the genome. 

https://scicrunch.org/resolver/RRID:SCR_016387
https://scicrunch.org/resolver/RRID:SCR_025033
https://scicrunch.org/resolver/RRID:SCR_025232
https://scicrunch.org/resolver/RRID:SCR_016368
https://scicrunch.org/resolver/RRID:SCR_005569
https://scicrunch.org/resolver/RRID:SCR_018550
https://scicrunch.org/resolver/RRID:SCR_022750
https://scicrunch.org/resolver/RRID:SCR_015008
https://scicrunch.org/resolver/RRID:SCR_010910
https://scicrunch.org/resolver/RRID:SCR_012954
https://scicrunch.org/resolver/RRID:SCR_017333
https://scicrunch.org/resolver/RRID:SCR_015247
https://scicrunch.org/resolver/RRID:SCR_014653
https://scicrunch.org/resolver/RRID:SCR_022065
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A

B C

D

Figure 5: Ov ervie w of MuskDB and its a pplication in m usk secr etion animals’ functional genomics. (A) MuskDB homepa ge contents show av ailable 
online tools. (B) The expression pattern of genes in different tissues is shown by MuskDB. (C) The expression pattern of genes in various cell clusters is 
sho wn b y MuskDB. (D) Hi-C contacts of the gene Synpo2 in m usk secr etion and nonsecr etion sta ge sho wn b y MuskDB. 
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rotein-coding gene prediction 

e predicted protein-coding gene models via integration of
omology- and ab initio–based methods, with additional ev-

dence fr om tr anscription data. In the homology-based a p-
r oac h, we used pr otein r epertoir es fr om model mammalian
pecies such as Homo sapiens (GCA_000,001,405.28), Mus mus-
ulus (GCA_000,001,635.8), Equus caballus (GCA_002,863,925.1),
anis lupus familiaris (GCA_000,002,285.2), Rattus norvegicus

GCA_015,227,675.2), Sus scrofa (GCA_000,003,025.6), and Bos
aurus (GCA_002,263,795.2) as queries. These queries were
earc hed a gainst the tar get genome using the TBLASTN algo-
ithm ( RRID:SCR _ 011822 ) [ 90 ]. The resulting BLAST hits were
onjoined using the Solar (Sorting Out Local Alignment Re-
ults) to obtain a compr ehensiv e set of alignments. Next, the
ene structures within each BLAST hit were determined using
he GeneWise pipeline ( RRID:SCR _ 015054 ) [ 91 ], allowing us to
efine gene models with high accuracy and specificity. Subse-
uentl y, we obtained tr anscriptomic data for m uskr ats and m usk
eer from the NCBI database, with accession numbers listed

n Supplementary Table S1 . The RNA-seq data were aligned
o the genome using the Tophat software ( RRID:SCR _ 013035 )
 92 ], enabling the identification of potential exonic regions and
plicing junctions. Gene models, r epr esented by the Cufflinks-
et, wer e assembled fr om the ma pped r eads using Cufflinks
 RRID:SCR _ 014597 ) [ 93 ]. In the ab initio method, we aligned the
ssembled transcripts with the assembled genome using the Pro-
ram to Assemble Spliced Alignment (PASA) ( RRID:SCR _ 014656 )
 94 ]. This allo w ed us to assemble the transcript alignments into
ene structure models used as the training set for Augustus
 RRID:SCR _ 008417 ) [ 95 ], SNAP ( RRID:SCR _ 007936 ) [ 96 ], and Glim-

erHMM ( RRID:SCR _ 002654 ) [ 97 ] pipelines. With these training
ets, we conducted ab initio prediction of coding regions in the
e peat-mask ed genome using Augustus, GlimmerHMM, and
N AP. Furthermore, w e emplo y ed GeneID ( RRID:SCR _ 021639 )
 98 ] and GeneScan ( RRID:SCR _ 023400 ) [ 99 ] to dir ectl y gener ate
redicted gene models in the re peat-mask ed genome. After com-
leting the aforementioned methods, the generated gene models
er e integr ated using EVidenceModeler ( RRID:SCR _ 014659 ). We
ssigned weights to each type of evidence as follows: Homology-
et > Cufflinks-set > Augustus > GeneID = SNAP = GlimmerHMM
 GeneScan. Furthermore, we used PASA2 to update the gene
odels, incor por ating untr anslated r egions and information on

lternative splicing variations. 
To annotate the protein-coding genes, we searched for func-

ional motifs , domains , and information on the possible biological
rocesses of the genes in established databases such as SwissProt
 RRID:SCR _ 021164 ) [ 100 ], the NR database (from NCBI), and the
EGG ( RRID:SCR _ 012773 ) [ 101 ]. 

dentification of one-to-one orthologous genes 
n addition to the gene sets generated from our 2 assembled
enomes, we also downloaded gene sets from 10 other mam-
alian genomes, including human, macaque , mouse , horse , cat-

le, sheep, pig, cat, dog, and rabbit, from the Ensembl database
 RRID:SCR _ 002344 ). We used these 12 gene sets to identify or-
hologous genes. To accomplish this, we first selected the longest
r anslation to r epr esent eac h gene and filter ed our genes with
ewer than 50 amino acids . T hen, we performed an all-against-all
LASTP ( RRID:SCR _ 001010 ) comparison with an E-value thresh-
ld of 1e-7 to determine similarities between genes across the 12
pecies. We extracted alignment pairs from each pair of genomes
hile restricting a maximum of 5 hits per protein sequence . T hese
lignment pairs were used as input for the MCScanX algorithm
 RRID:SCR _ 022067 ) [ 102 ], which helped detect collinear blocks of
oding genes and identify orthologous gene pairs with high con-
dence. We specifically focused on one-to-one orthologous genes
etween pairs of mammalian species. 

After integrating a matrix of orthologous genes for the 12 mam-
alian species, we ensured each orthologous cluster included all

he species. Subsequently, we performed multiple sequence align-
ent for these one-to-one orthologs using PRANK (v.170427; RRID:

CR _ 017228 ) [ 103 ]. We applied the Gblocks package (v0.91b) ( RRID:
CR _ 015945 ) [ 104 ] to minimize the impact of alignment errors and
iv er gent r egions. Alignments shorter than 90 nucleotides were
iscarded to maintain quality. Through this process, we identified
,409 one-to-one orthologs among the 12 species. 

h ylogen y construction and divergence time estimation 

e initially used MODELTEST [ 105 ] to analyze the codon align-
ents of one-to-one orthologs and determined that the general

ime-r e v ersible (GTR) substitution model was the most suitable
or the observed data. T herefore , we conducted a phylogenetic
ree for the 12 mammals using the maximum likelihood method
mplemented in the RaxML pac ka ge ( RRID:SCR _ 006086 ) [ 106 ]. The
est-fitting substitution model “GTR + GAMMAX” was utilized, and
,000 bootstr a p r eplicates wer e performed to assess the robust-
ess of the tree topology. To estimate div er gence times, we em-
lo y ed the MCMCTree program from the PAML package (version
.9; RRID:SCR _ 014932 ) [ 12 ]. 

ene family clustering, expansion, and contraction analysis
e utilized the OrthoFinder pac ka ge (v2.3.1; RRID:SCR _ 017118 )

 107 ] to identify gene families by detecting orthogroups and par-
logous genes based on the results of the all-against-all BLASTP
nalysis (see also the method “identification of one-to-one orthol-
gous genes”). The expansion and contraction of gene families
er e e v aluated by comparing cluster sizes between the ances-

ral species and each of the 12 mammalian species . T his analysis
sed the Café pr ogr am ( RRID:SCR _ 005983 ) [ 108 ], which employs
 probabilistic graphical model. Using conditional likelihoods as
est statistics, we calculated P values for each lineage and set a
hreshold of P < 0.05 to determine gene families that exhibited
ignificant expansion or contraction. 

dentification of PSGs and REGs 
e emplo y ed the CodeML pr ogr am in the PAML pac ka ge (v ersion

.9; RRID:SCR _ 014932 ) [ 12 ] to identify PSGs and REGs based on
he 7,409 orthologous genes . For PSGs , we utilized the fr ee-r atio
r anc h-site mode (model = 1) as an alternative model, assuming
ositive selection on the for egr ound br anc h. The null model al-

o w ed sites to undergo purifying selection or evolve neutrally. For
EGs, we utilized the br anc h model, specificall y the 1-r atio model

model = 0) as the null model, assuming the same evolutionary
ate for all branches, and the 2-ratio model (model = 2) as an al-
ernativ e model, allowing differ ent e volutionary r ates for the for e-
r ound br anc h. The likelihood r atio test (LR T) method w as used to
etect differences between the nested models, and P values were
omputed based on χ2 statistics. Multiple testing was corrected
sing the FDR method. 

onv ergent ev olution among musk secretion animals 
o test for conv er gence among m usk secr etion animals (m uskr at
nd musk deer), we used 12 mammals from Fig. 1 B. Based on the
hylogenetic tree, we used 2 methods to detect the conv er gent
mino acid substitutions for each node of the 7,409 single-copy

https://scicrunch.org/resolver/RRID:SCR_011822
https://scicrunch.org/resolver/RRID:SCR_015054
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_013035
https://scicrunch.org/resolver/RRID:SCR_014597
https://scicrunch.org/resolver/RRID:SCR_014656
https://scicrunch.org/resolver/RRID:SCR_008417
https://scicrunch.org/resolver/RRID:SCR_007936
https://scicrunch.org/resolver/RRID:SCR_002654
https://scicrunch.org/resolver/RRID:SCR_021639
https://scicrunch.org/resolver/RRID:SCR_023400
https://scicrunch.org/resolver/RRID:SCR_014659
https://scicrunch.org/resolver/RRID:SCR_021164
https://scicrunch.org/resolver/RRID:SCR_012773
https://scicrunch.org/resolver/RRID:SCR_002344
https://scicrunch.org/resolver/RRID:SCR_001010
https://scicrunch.org/resolver/RRID:SCR_022067
https://scicrunch.org/resolver/RRID:SCR_017228
https://scicrunch.org/resolver/RRID:SCR_015945
https://scicrunch.org/resolver/RRID:SCR_006086
https://scicrunch.org/resolver/RRID:SCR_014932
https://scicrunch.org/resolver/RRID:SCR_017118
https://scicrunch.org/resolver/RRID:SCR_005983
https://scicrunch.org/resolver/RRID:SCR_014932
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orthologs: (i) in the method by Zhang and Kumar [ 13 ] and Zou and 

Zhang [ 14 ], a site was assumed as a conv er gent site if amino acids 
of a focused node at that site were the same but different with 

their most r ecent ancestr al amino acids. Amino acid sequences 
of internal nodes for all the 7,409 single-copy orthologs were re- 
constructed by CODEML in PAML. For each gene, the number of 
observ ed conv er gent site was compar ed with the neutr al expecta- 
tions derived from the JTT-fgene model, and the Poisson test was 
then used to e v aluate the differ ence. (ii) With the CCS method 

[ 15 ], the conv er gent signal was identified when both m usk secr e- 
tion species (m uskr at and musk deer) shared the same derived 

c har acter at a conserv ativ e site. 

Functional enrichment analysis 
The gene set enrichment analyses, including GO, KEGG pathway,
and Reactome anal yses, wer e performed using the KOBAS 3.0 soft- 
ware ( RRID:SCR _ 006350 ) [ 109 , 110 ], with human homologs as ref- 
erences . T he statistical significance of enrichment was assessed 

using the binomial distribution test, and the P values were ad- 
justed for multiple testing using the Benjamini method. 

Muskr at tr anscriptome reconstruction 

Total RN A w as extr acted fr om eac h sample using RNAiso Plus 
r ea gent (TaKaRa, #9108) according to the manufacturer’s instruc- 
tions. We estimated the integrity and quality of the total RNA 

using a Bioanalyzer 2100 system (Ag ilent Technolog ies; RRID: 
SCR _ 018043 ) and an RNA 6000 Nano kit. Eighty-four poly-A RNA- 
seq libraries were constructed. LncRNAs were then sequenced 

using the NOVAseq-6000 platform with a paired-end sequencing 
length of 150 bp (PE150) at Shenggong Bioengineering. MicroRNA 

was sequenced by the NEXTSEQ550 platform ( RRID:SCR _ 016384 ) 
with a single-end sequencing length of 75 bp (SE75) at Sheng- 
gong Bioengineering. In total, we then generated a total of 1.37 Tb 
high-quality RNA-seq data ( ∼16.33 Gb sequences per sample) and 

27.13 Gb high-quality miRNA data ( ∼0.32 Gb sequences per sam- 
ple) ( Supplementary Table S1 ). 

Clean r eads wer e obtained after quality contr ol filtering. Using 
FASTX-Toolkit software ( RRID:SCR _ 005534 ) to r emov e the clean 

and low-quality reads (QV < 30 bases accounted for more than 

20%). The lncRNA sequenced reads were aligned to our self- 
assembled m uskr at genome by the STAR alignment tool (v ersion 

2.6.0; RRID:SCR _ 005622 ), with, on av er a ge, ∼97% ( ∼57.06 million) 
of aligned reads for each library. Read counts were quantified 

using featureCounts (version 2.0.1; RRID:SCR _ 012919 ). Gene-level 
transcript abundance was estimated as TPM. 

For miRNA analysis, human, mouse, and rat miRNA and miRNA 

pr ecursor sequences wer e downloaded fr om miRBase (Version 

22.1; RRID:SCR _ 003152 ). The software miRdeep2 (version 0.1.2; 
RRID:SCR _ 010829 ) was used to first index the m uskr at genome,
and then the data we had initially processed were converted 

into the format r equir ed b y the softw ar e and compar ed with 

the m uskr at genome. Finall y, the sequences wer e compar ed with 

kno wn miRN A sequences and miRN A precursor sequences. Com- 
bined with the position of genome alignment, the matching de- 
gree was calculated to form the minimum free energy of stem- 
ring miRNA to identify whether it was a m uskr at miRNA. The pre- 
diction of new miRN A w as similar. Mature miRN As of muskrat 
r elativ es, suc h as humans, mice, and r ats, wer e selected as a ref- 
erence, and mirdeep2.pl of the software was used for prediction.
The screening criteria for new miRNA should meet the miRDeep2 
Scor e25 and hav e a secondary structur e with P < 0.05 as candi- 
date miRNA. Then, the information of new miRNA predicted by all 
samples should be counted, and the candidate new miRNA pre- 
icted by at least 2 samples should be consider ed ne w miRNA.
he number of miRNA reads between samples was counted by
PM (tags per million), and its expression was calculated. 

ene transcriptional profiling across tissues 
e calculated the tissue specificity of gene abundance reflected 

y the tau score ( τ ) (r anging fr om 0 to 1, with 1 for highly tissue-
pecific genes and 0 for ubiquitously transcribed genes) for each
ene with scaled TPM values [ 111 ]. For each tissue, we av er a ged
ll replicates and then calculated τ to account for unequal num-
ers of replicates among tissues. We used τ ≥ 0.75 as the cutoff
or tissue-specific genes. We calculated the abundance distribu- 
ion (i.e., transcriptome complexity) of distinct transcripts across 
issues, reflected as the fraction of total RNAs contributed by the

ost highly expressed genes. Differential gene expression analy- 
is was performed using edgeR (version 3.40.2; RRID:SCR _ 012802 )
 112 ], with a Benjamini and Hoc hber g adjusted P value ≤0.01 and
og 2 (fold change) ≥1 as cutoffs for statistical significance. 

ingle-cell preparation 

fter harv esting, m usk gland tissues wer e washed
n ice-cold RPMI1640 and dissociated using Demon- 
tr ated_Pr otocol_Adult_Mouse_Nuclei_Isolation_Re vA (10X 

enomics Catalog No. CG000393 Rev A) from Miltenyi Biotec 
s instructions. DNase treatment was optional according to 
he viscosity of the homogenate. Cell count and viability were 
stimated using a fluorescence Cell Analyzer (Countstar Rigel S2) 
ith AO/PI r ea gent after the r emov al of erythr ocytes (Milten yi
30–094-183). Then, debris and dead cell r emov al was performed
r not (Miltenyi 130–109-398/130–090-101). Finally, fresh cells 
 ere w ashed twice in the RPMI1640 and then resuspended at 1
10 6 cells per mL in 1 × phosphate-buffered saline and 0.04%

ovine serum albumin. 

ingle-cell RNA-seq library construction and sequencing 

cRN A libraries w ere prepared using Chromium Next GEM Single
ell 3 Reagent Kits v3.1 (10X Genomics). Briefly, the appropriate
umber of cells was mixed with r e v erse tr anscription r ea gent and
hen loaded to the sample well in Chromium Next GEM Chip G.
ubsequently, Gel Beads and Partitioning Oil were dispensed into 
orresponding wells separately in the chip. After emulsion droplet 
ener ation, r e v erse tr anscription was performed at 53 ◦C for 45
inutes and inactivated at 85 ◦C for 5 minutes. Next, cDN A w as

urified from a broken droplet and amplified in the PCR reaction.
he amplified cDNA product was then cleaned, fr a gmented, end-
 epair ed, A-tailed, and ligated to the sequencing ada pter. Finall y,
he indexed PCR was performed to amplify the DNA r epr esenting
he 3 ′ polyA part of expressing genes, which also contained a cell
ar code and a unique molecular index. The indexed sequencing
ibr aries wer e cleaned with SPRI beads, quantified by quantitative
CR (KAPA Biosystems KK4824), and then sequenced on an Illu-
ina NovaSeq 6000 with PE150 read length. 

ingle-cell RNA sequencing data quality control 
astp (v0.20.1; RRID:SCR _ 016962 ) [ 113 ] was used to trim primer
equence and low-quality bases of raw reads and collect the ba-
ic statistics . T he specific parameters could be summarized as
ollows: (i) A 4-bp sliding window was moved from the front
5 ′ ) to tail. Once the mean quality of the bases in the window
 as belo w 10, the bases, along with the subsequent bases, were
ropped, and the leading N bases were also trimmed (–cut_front
cut_front_window_size 4 –cut_front_mean_quality 10). (ii) A 1- 
p sliding window was mov ed fr om tail (3 ′ ) to front. The bases

https://scicrunch.org/resolver/RRID:SCR_006350
https://scicrunch.org/resolver/RRID:SCR_018043
https://scicrunch.org/resolver/RRID:SCR_016384
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf006#supplementary-data
https://scicrunch.org/resolver/RRID:SCR_005534
https://scicrunch.org/resolver/RRID:SCR_005622
https://scicrunch.org/resolver/RRID:SCR_012919
https://scicrunch.org/resolver/RRID:SCR_003152
https://scicrunch.org/resolver/RRID:SCR_010829
https://scicrunch.org/resolver/RRID:SCR_012802
https://scicrunch.org/resolver/RRID:SCR_016962
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n the window wer e dr opped if their mean quality w as belo w 3,
nd the trailing N bases were also trimmed, similar to the Trim-
omatic TRAILING method (–cut_tail –cut_tail_window_size 1–

ut_tail_mean_quality 3). (iii) The auto adapter was detected for
E data (detect_adapter_for_pe). (iv) The trimmed reads shorter
han 60 bp w ere discar ded (–length_r equir ed 60). The cleaned
eads after trimming were used in the following steps. 

rocessing the single-cell RNA sequencing data 

he Cell Ranger ( RRID:SCR _ 017344 ) [ 114 ] Single-Cell Software
uite performed sample dem ultiplexing, barcode pr ocessing, and
ingle-cell 3 ′ gene counting. The single-cell data from the 2 stages
er e anal yzed jointl y. 
The clustering and visualization were finished by Seurat ( RRID:

CR _ 007322 ) [ 115 ], with the following steps: (i) Data normaliza-
ion. LogNormalize, a global-scaling normalization method, was
mplo y ed to normalize the expression. The expression measure-
ent of 1 transcript was divided by those of all the transcripts

f the cell and multiplied by a scale factor (10,000 by default),
nd then the result was logarithmically transformed. (ii) Detec-
ion of highly variable features . FindVariableF eatures was used to
et 2,000 features per dataset. (iii) Scaling. A linear transformation
“scaling”), a standard pr epr ocessing step befor e dimensional r e-
uction tec hniques, was a pplied. (iv) Dimensional r eduction. PCA

principal component analysis) on the scaled data was performed,
nd the first 15 principal components were used in the following
teps. (v) Clustering. A gr a ph-based a ppr oac h was a pplied to clus-
er the cells. (vi) tSNE/UMAP. The nonlinear dimensional reduc-
ion technique was used to visualize and explore these datasets.
vii) Cluster mark ers. FindAllMark ers with the default parameters
xcept “logfc.threshold = 1” was used to find markers that deter-
ined the cell clusters via the differential expression, and the top
 markers were visualized. 

seudotime analysis 
n R, utilizing the Monocle3 software package (v1.3.1; RRID:SCR _
18685 ) [ 116 ] , pseudotime trajectories for all 13, 14, and 22 sub-
opulations in the musk gland were constructed. This technique
orts individual cells along their de v elopmental paths based on
ow closely their gene expression patterns match those of other
equenced cells, effectiv el y ma pping out the dynamics of cellular
 hanges [ 117 , 118 ]. Furthermor e, the method e v aluates how genes
ork together in space by using Moran’s index to measure their

oexpr ession, whic h helps to establish a timeline of gene expres-
ion changes. 

dentification of DEGs in cluster 14 cells 
EGs in the cluster 14 cells of musk secretion and nonsecretion

ta ges wer e identified using the FindMarkers function in Seurat.
enes meeting the thresholds ( | log 2 FC | > 1, P -adjusted < 0.05,
in.pct = 0.25) wer e consider ed DEGs . T he r esults wer e visual-

zed using dot plots. 

i-C data of musk gland tissue 

i-C data processing 

e utilized Juicer ( RRID:SCR _ 017226 ), an efficient open-source
ool [ 119 ], to process the Hi-C datasets. Initially, we aligned the
igh-quality Hi-C reads to the genome using the BWA-mem mod-
le. Subsequently, we eliminated abnormal, duplicate, and low-
uality alignments (MAPQ < 30). We constructed a normalized
ontact matrix using the KR algorithm at different resolutions, in-
luding 5 Kb, 25 Kb, 100 Kb, 500 Kb, and 1 Mb. 
esolution evaluation of the Hi-C matrix 

o determine the optimal resolution for our Hi-C matrix, we di-
ided the genome into window sizes ranging from 1 Kb to 1 Mb.
or each bin, we counted the number of cis contacts, defined as
ny contact where 1 read mapped within that bin, and calculated
he percentage of bins with contacts greater than 1,000. We iden-
ified the minimum window size with a percenta ge gr eater than
0 as the optimal resolution for our Hi-C matrix. 

dentification of compartment A/B at the resolution of 100
b and 25 Kb 

t a resolution of 100 Kb, compartment A/B analysis was per-
ormed as pr e viousl y described. Briefly, a Pearson correlation ma-
rix was generated using the “cor” function in R. The first 3 princi-
al components were obtained by a ppl ying the “prcomp” function

n R to the correlation matrix. Bins at 100 Kb with a positive Spear-
an correlation between PC1 values and gene density were clas-

ified as compartment A, while bins with a negative correlation
ere classified as compartment B. 
For compartment A/B identification at a resolution of 25 Kb,

he A–B index value was used as previously described, represent-
ng the compar ativ e likelihood of a sequence interacting with A
r B at a resolution of 100 Kb. Bins at 25 Kb with positive values
indicating a greater association with A at 100 Kb) were identified
s A compartments, while bins with negative values (indicating a
reater association with B at 100 Kb) were identified as B compart-
ents. 

dentification of inter c hromosome interaction pattern 

he patterns of interc hr omosome inter actions wer e calculated
ollowing the pr e vious pr otocol [ 120 ]. In brief, the observed num-
er of contacts was normalized against the expected contacts in
ac h interc hr omosome pair. 

dentification of TAD 

e identified TADs from the normalized contact matrix at a reso-
ution of 25 Kb. We used the directionality index score and a hid-
en Markov model algorithm implemented in the TADtool soft-
are with default parameters [ 121 ] to assign TAD boundaries. 

EI analysis 
e first combined the clean data of biological replicates and con-

tructed the normalized contact matrix at a 5-Kb resolution. We
hen used PSYCHIC software to generate raw PEIs [ 122 ]. We then
ltered low-confidence PEIs with interaction distances lo w er than
0 Kb or FDR greater than 0.001. 

vailability of Source Code and 

equirements 

r oject name: P a per_scripts_m uskr at_m uskdeer 
r oject homepa ge: https:// github.com/ YMSen/ P a per _ scripts _
 uskr at _ m uskdeer

icense: MIT license 
oftwareheritage PID: swh:1:snp:9702a4beb9ada324e96485cc8e
b985b40319d72;orig in = https://g ithub.com/YMSen/P a per _ 
cripts _ m uskr at _ m uskdeer [ 123 ]. 

dditional Files 

upplementary Fig. S1. Karyotype and genome assembly of
 uskr ats. 

https://scicrunch.org/resolver/RRID:SCR_017344
https://scicrunch.org/resolver/RRID:SCR_007322
https://scicrunch.org/resolver/RRID:SCR_018685
https://scicrunch.org/resolver/RRID:SCR_018685
https://scicrunch.org/resolver/RRID:SCR_017226
https://github.com/YMSen/Paper_scripts_muskrat_muskdeer
https://github.com/YMSen/Paper_scripts_muskrat_muskdeer
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Supplementary Fig. S2. Terms for expanded and contracted genes 
in m uskr at and m usk deer. 
Supplementary Fig. S3. Sequence alignment highlighting sites 
that e volv ed in DST , CKAP5 , and NoP2 . 
Supplementary Fig. S4. Gene expr ession fr om 13 tissues in 

m uskr at. 
Supplementary Fig. S5. Significantl y enric hed GO terms in tissue- 
specific expressed genes for each tissue. Tissue specificity of gene 
abundance was reflected by the tau score ( τ ). 
Supplementary Fig. S6. Tr anscriptome ma p of m uskr at anal yzed.
Supplementary Fig. S7. Hi-C data quality and global c hr omatin 

interaction patterns during 2 re presentati ve musk gland stages. 
Supplementary Fig. S8. Basic features of PEIs. 
Supplementary Fig. S9. PSGs and REGs involved in cell cycle and 

sequence alignment, highlighting sites that e volv ed in par allel in 

Casp8ap2 , NAGS , and Cep250 . 
Supplementary Fig. S10. Pr omoter–enhancer inter actions (PEIs) 
r e wir ed in the musk gland of secretion and nonsecretion stages. 
Supplementary Table S1. Sequencing data summary. 
Supplementary Table S2. Summary for the c hr omosome-scale 
genomes of m uskr at and musk. 
Supplementary Table S3. Ov ervie w of c hr omosome-scale 
genomes of m uskr at and musk deer. 
Supplementary Table S4. Summary of assembly quality evalua- 
tion. 
Supplementary Table S5. Summary of the TEs and statistics of 
gene structure in muskrat and musk deer genomes. 
Supplementary Table S6. PSGs , REGs , and con v er gent e volution 

gene in m uskr at and musk deer genomes. 
Supplementary Table S7. The significantly enriched terms for ex- 
panded genes in m uskr at and musk deer. 
Supplementary Table S8. The significantly enriched terms for 
contracted genes in muskrat and musk deer. 
Supplementary Table S9. The significantly enriched terms for 
r a pid e volution genes in m uskr at. 
Supplementary Table S10. The significantly enriched terms for 
positive selected and rapid evolution genes in musk deer. 
Supplementary Table S11. Tissue-specific genes in each tissue. 
Supplementary Table S12. Marker genes of each cell type. 
Supplementary Table S13. Number of cells of each cell type in 2 
m usk secr etion sta ges. 
Supplementary Table S14. DEGs in comparison between musk se- 
cretion and nonsecretion stages detected in cluster 14. 
Supplementary Table S15. Hi-C data summary. 
Supplementary Table S16. Hi-C matrix resolution evaluation by 
cis contacts. 
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