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Abstract 

Background  Developing genomic resources for a diverse range of species is an important step towards under‑
standing the mechanisms underlying complex traits. Specifically, organisms that exhibit unique and accessible 
phenotypes-of-interest allow researchers to address questions that may be ill-suited to traditional model organisms. 
We sequenced the genome and transcriptome of Alston’s singing mouse (Scotinomys teguina), an emerging model 
for social cognition and vocal communication. In addition to producing advertisement songs used for mate attraction 
and male-male competition, these rodents are diurnal, live at high-altitudes, and are obligate insectivores, providing 
opportunities to explore diverse physiological, ecological, and evolutionary questions.

Results  Using PromethION, Illumina, and PacBio sequencing, we produced an annotated genome and transcrip‑
tome, which were validated using gene expression and functional enrichment analyses. To assess the usefulness 
of our assemblies, we performed single nuclei sequencing on cells of the orofacial motor cortex, a brain region impli‑
cated in song coordination, identifying 12 cell types. 

Conclusions  These resources will provide the opportunity to identify the molecular basis of complex traits in singing 
mice as well as to contribute data that can be used for large-scale comparative analyses.
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Background
The rapid development of sequencing tools in the last 
20  years has allowed interrogation of coding and non-
coding sequence evolution [1–6], gene regulation [7–15], 
protein-genome interactions [16–19], and many other 
processes [20–22]. Although the initial focus of genom-
ics was on a few model organisms, nontraditional rodents 
have proved particularly useful subjects because of their 
diverse phenotypes and the ease with which tools devel-
oped for model rodents can be applied to them. For 
example, many of the molecular and neural tools devel-
oped in laboratory mice and rats (viral vectors, antibod-
ies, other reagents) are easily adapted to other rodent 
species, and the extensive mapping of the rodent brain 
provides a strong foundation for understanding the varia-
tion in the neurobiology of complex behaviors. Genomic 
resources are essential for work with nontraditional 
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species, because they allow more detailed analysis of 
gene expression, sequence-driven manipulations of gene 
function, as well as comparative analysis of genome evo-
lution [23].

Alston’s singing mouse,  Scotinomys  teguina, produces 
a unique, easily quantifiable vocal display that makes 
it an excellent model for understanding the genomic 
mechanisms of complex, behavioral traits. These diurnal 
rodents live in the montane grasslands of central Amer-
ica and are obligate insectivores [24]. Singing mice are 
named for the long, elaborate songs they use for mate 
attraction and  male-male  competition [24–28].  Their 
unique natural history as well as  their  complex social 
interactions make  singing mice  an excellent candidate 
for exploring the mechanisms and evolution of traits 
such as circadian rhythms, diet and energy balance, the 
challenges of thermoregulation or high-altitude living, 
dynamic vocal communication, and more.

Unlike model rodents such as house mice, singing mice 
produce highly structured advertisement songs (Fig.  1) 
which make them an emerging model for social cogni-
tion and vocal communication. These songs consist of 
rapidly repeated, frequency-modulated notes which 
span ~ 16 kHz in as little as 12 ms [29]. Note amplitudes, 
frequencies, and repetition rates are modulated over 
the course of the song (Fig. 1). Singing mice have highly 
structured vocalizations that are rapidly exchanged with 
conspecifics (counter-singing) in a manner whose time-
scale resemble human conversational speech, a feature 
not found in house mouse communication [30].

In addition to variation among species [26, 29], the 
advertisement song also varies between individuals 
[31]  and populations of singing mice [29]. Among indi-
viduals, both internal and external cues drive song differ-
ences. For example, androgen levels and adiposity signals 
such as circulating leptin are associated with differences 
in “song effort” measures (e.g., song length), but not spec-
tral features (e.g., frequency bandwidth) which may be 

set by vocal anatomy [27, 28, 31–33]. The social environ-
ment also tunes vocal output. For example, when other 
males are present, male singing mice produce longer 
songs and rapidly turn-take during singing bouts, finely 
coordinating song onset, and offset [30]. Together, these 
unique song features and the complexity of cues that 
impact song provide an exemplary opportunity to under-
stand many fundamental questions such as how internal 
and external cues are integrated to modulate behavior, 
how elaborate vocalizations evolve, and more. The devel-
opment of genomic resources for singing mice will pro-
vide opportunities to explore these questions as well as 
contribute to comparative work.

We sequenced the singing mouse genome and tran-
scriptome using PromethION, Illumina, and PacBio tech-
nologies. We next assembled and annotated the genome 
and transcriptome and examined gene expression to 
assess the utility of our assemblies. Finally, we extracted 
and sequenced cell nuclei from the orofacial motor cor-
tex (OMC) using 10X Genomics. The OMC was cho-
sen because it plays an important role in the social 
modulation of singing behavior, namely counter singing 
between conspecifics [30]. To identify cell-types within 
the OMC, we used gene expression analysis. Data asso-
ciated with this project are deposited under NCBI Bio-
Project PRJNA878522 and raw data are available on GEO 
(GSE212957 series) and the NCBI assembly database. The 
annotated genome and transcriptome data can be viewed 
on the UCSC genome browser (https://​genome.​ucsc.​
edu/). A well-annotated genome and transcriptome will 
enable future work identifying the genomic substrates of 
a variety of physiological and behavioral adaptations.

Methods
DNA isolation
All animal procedures were approved by the University 
of Texas at Austin and New York University Grossman 
School of Medicine IACUC. For PacBio and Illumina 

Fig. 1  (Left) A singing mouse and (right) a spectrogram of a representative advertisement song. Insets below show how frequency bandwidth, 
note shape, and note length change over the course of a song. Each inset is 0.15 s. Photo: Long lab

https://genome.ucsc.edu/
https://genome.ucsc.edu/
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sequencing, we sacrificed 1 adult, male singing mouse. 
Liver and brain were dissected out and flash-frozen 
immediately. GDNA was then extracted from tis-
sues using a Qiagen DNeasy kit. We visualized DNA 
integrity on an agarose gel and quantified DNA qual-
ity using a nanodrop. For PromethION sequencing, we 
sacrificed an adult, male singing mouse, extracted its 
liver, and immediately froze the tissue. High molecu-
lar weight DNA was extracted from liver tissue using a 
Genomic-tip 20/G DNA kit (QIAGEN, 10223).

DNA sequencing and genome assembly
We did library preparations and sequencing using Pro-
methION technology (Oxford Nanopore MinION) at 
the New York University Langone Medical Center.

PacBio library preparation and sequencing was done 
at Duke University using 6–8 kb insert sizes with sub-
reads ranging from 2  KB-3  KB (PacBio RS platform). 
We did Illumina library preparation and sequencing at 
the University of Texas Austin Core facility. Two Illu-
mina libraries were created: a fragmentation library 
consisting of 170, 400, and 900  bp segments (PE Bar-
code + 2 × 100, 3 lanes = 510  M reads requested) 
and a mate-pair library with a 3  KB insert size (PE 
Barcode + 2 × 100, 1 lane = 170  M reads requested). 
Libraries were sequenced on an Illumina HiSeq 2500.

We assembled long reads from PacBio and Prome-
thION and short reads from 10X genomics using the 
mixed read assembly tool MaSuRCA (v. 3.2.8) [34]. 
The assembled reference genome was masked for 
repeats using RepeatMasker (v. 1.332) [35].

RNA isolation and sequencing
RNA extraction and sequencing was done at UT Aus-
tin and NYULMC. All animals were sacrificed using 
isoflurane overdose. At UT Austin, forebrain, hindlimb 
skeletal muscle, gonads, and liver were dissected from 
1 adult male singing mouse and immediately flash fro-
zen. We extracted total RNA using a standard TRIzol 
method. RNA was then submitted to the UT Core 
facility for library preparation and Illumina sequenc-
ing. For RNAseq performed at NYU, we extracted 
RNA from freshly dissected tissue of two male and two 
female singing mice (liver and brain) using a Qiagen 
RNeasy Mini kit (Qiagen 74,104). We then homoge-
nized the tissue using a rotor–stator homogenizer with 
disposable tips and did on-column DNAse digestion 
following manufacturer’s instructions. An automated 
system performed poly-A library prep, and sam-
ples were run on a single-read Illumina HiSeq 4000 
flowcell.

Transcriptome assembly, and analysis
Transcriptome assembly
We assembled a de novo and reference guided tran-
scriptome using Trinity (v2.8.4) [36, 37]. For the 
guided transcript assembly all the RNA-Seq reads were 
mapped to the assembled reference genome using 
STAR mapper (v2.5.0c) [38]. Alignments were guided 
by a Gene Transfer Format (GTF) file. For quality con-
trol, we mapped the RNA reads to the assembled tran-
scripts provided by Trinity [36, 37]. More than 83% of 
the reads mapped properly, suggesting a high-quality 
transcript assembly. To assess the completeness of the 
transcriptome and genome assembly, we used BUSCO 
(v. 5.4.5) [39].

Differential expression analysis
We calculated the mean read insert sizes and their 
standard deviations using Picard tools (v. 1.126) [40]. 
Read count tables were generated using HTSeq (v0.6.0) 
[41] and normalized based on library size factors using 
DEseq2 [42]. For differential expression analysis, we 
used BEDTools (v2.17.0) [43] and bedGraphToBig-
Wig (v. 4; ENCODE) [44, 45] to generate read-per-
million (RPM) normalized BigWig files. To compare 
gene expression across samples and their replicates, we 
used principal component analysis and Euclidean dis-
tance-based sample clustering. All downstream statisti-
cal analyses and plot generation were performed in R 
(v3.1.1) [46].

Functional enrichment
GO and KEGG analyses. To assess the accuracy of tran-
scriptome assembly and annotation, GO MWU [47] 
and KEGG [48–50] analyses were used. The GO MWU 
method of gene ontology (GO) enrichment analysis 
uses a ranked list of genes to identify whether each GO 
category is significantly enriched with up- or down-
regulated genes [47, 51]. We did functional enrichment 
analysis of GO and KEGG Reactome pathways using 
g:Profiler (v. e101_eg48_p14_baf17f0) with a g:SCS 
significance threshold of 0.05 [52]. Ordered gene lists 
for each tissue type included only those that had a 
|fold-change| of at least 2. We exported GO functional 
enrichment results from g:Profiler and created network 
pathways [53] using the EnrichmentMap application 
[54] in Cytoscape [55]. Maps were created with FDR 
Q value < 0.01 and combined coefficients > 0.375 with a 
combined constant of 0.5. We used an expression file 
of normalized fold-change values to create heatmaps 
of genes enriched pathways. We then used AutoAnno-
tate to interpret the function of groups of nodes in the 
network.
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Genome annotation
RNA-Seq reads from Illumina and the assembled refer-
ence genome were used to create transcript-backed and 
prediction-based annotations. We concatenated both 
the guided and de novo transcriptome assembly results 
and cleaned them using the PASA pipeline (v. 2.5.3) [56] 
for UniVec vector sequences [57]. Cufflinks [58–61] was 
used to make a GTF file for PASA pipeline and the tdn.
accs file was made using the de novo assembly. We used 
Stringtie2 (v. 2.2.0) [62] to make a another GTF file 
which was then passed to TransDecoder (v. 5.5.0, Haas, 
BJ. https://​github.​com/​Trans​Decod​er/​Trans​Decod​er) 
to identify coding regions within transcripts. We then 
used three different ab initio predictors, GlimmerHMM 
(v. 3.0.4) [63], GeneMarkHMM [64], and Augustus 
(v. 3.5.0) [65] and combined the resulting GFF3 files. 
Miniprot (v. 0.12) [66] and Uniref100 [67] were used 
for protein alignment and prediction. Finally, all out-
put files from PASA, TransDecoder, the three ab initio 
predictor programs, and miniprot were passed to EVi-
denceModeler (v. 2.1.0) [68, 69] to generate a complete 
and comprehensive annotation file. The resulting GFF 
was converted to a GTF for downstream analyses (bulk 
RNA-Seq and snRNA-Seq). A cDNA fasta file was pro-
duced from the GTF and used as an input for BLAST 
[70]. We blasted the cDNA file against the entire Uni-
prot database (all organisms; [71]). BLAST results were 
then used to annotate the GTF file with gene symbols.

Single nuclei sequencing and analysis
Single nuclei sequencing
We tagged the orofacial motor cortex (OMC) area from 
one adult male singing mouse for extraction via stereo-
taxic injection of fluorescent dextran beads into the brain 
as previously described [30]. Post injection, the mouse 
was immediately transcardially perfused with ice-cold 
artificial cerebrospinal fluid (aCSF). We sectioned the 
brain into 250 µm sections, located the dyed area under 
a dissecting microscope, and removed the region with a 
scalpel. Extracted tissue was immediately flash frozen in 
liquid nitrogen and stored overnight at -80  °C. We dis-
sociated nuclei using a modified version of the Mcca-
rroll lab protocol [72]. FITC-tagged NeuN antibody 
(Sigma, MAB377) was prepared following manufacturer’s 
instructions (Abcam, 188,285), and used to enrich for 
NeuN + , DAPI + nuclei on a MoFlo XDP flow cytom-
eter (Beckman Coulter) with a 100 µm nozzle. We loaded 
9000 sorted nuclei into GEMs on a 10X Genomics Chro-
mium Controller (1st generation, 10X v3 chemistry) using 
3’ v3 chemistry and recovered 3500 high-quality nuclei 
after standard analysis (10X Genomics CellRanger pipe-
line v. 3.1.0) [73].

Single nuclei gene expression analysis
Single-nuclei gene expression data were generated using 
the 10X Genetics Chromium system, following the man-
ufacturer’s instructions for sample and library prep. We 
aligned raw FASTQ files to the singing mouse transcrip-
tome and then assigned reads to individual nuclei via the 
10X CellRanger pipeline. The resulting gene expression 
matrix was analyzed using the standard Seurat package 
(v. 3) [74] in RStudio (v. 4.0.2). We excluded genes with 
expression in < 3 nuclei from the analysis. We filtered 
the expression data to only keep nuclei with fewer than 
11,500 genes, and fewer than 40,000 molecules detected, 
excluding 14 likely doublet nuclei.

Singlet nuclei gene expression data were then log-nor-
malized using the Seurat pipeline [74] and only the top 
2,000 most variable genes were selected for downstream 
analysis. We ran PCA on the top 2,000 variable genes 
using standard Seurat settings and clustered nuclei via 
standard commands using the first 20 principal compo-
nents. A resolution value of 0.1 was used to capture large, 
cell-type-level clusters of similar nuclei, resulting in 12 
clusters that were categorized into major cell types based 
on known marker genes. We did dimensional reduction 
via two standard methods, tSNE (t-distributed Stochas-
tic Neighbor Embedding) [75] and UMAP (Uniform 
Manifold Approximation and Projection) [76, 77]. UMAP 
better distinguished clusters and was used for down-
stream analyses. Marker genes for each cluster (genes 
significantly enriched) were identified using the standard 
threshold values of > 0.25 percent of nuclei expressing the 
gene and > 0.25 log-fold change. We plotted the top 10 
markers genes for each cluster on a heatmap and com-
pared these with known marker genes to determine what 
cell types are represented by each cluster.

Results
The annotated singing mouse genome and transcriptome 
can be viewed at the UCSC genome browser (https://​
genome.​ucsc.​edu/).

Genome and transcriptome assembly and annotation
After assembly, the total genome size was 2.4 Gb. After 
scaffolding there were 7806 contigs. We assembled both 
a de novo and reference guided transcriptome and identi-
fied 754,907 transcripts. Assembly quality and complete-
ness metrics can be found in Table 1.

We annotated the genome using the PASA pipeline and 
resulting GTF file can be accessed at the UCSC genome 
browser (https://​genome.​ucsc.​edu/). We annotated genes 
using blast and only included annotations for genes that 
had at least 80% sequence similarity to the reference gene 
(14,989 genes included). Our scaffolds have 92.5% of the 
complete, single-copy BUSCOs (Table 1).

https://github.com/TransDecoder/TransDecoder
https://genome.ucsc.edu/
https://genome.ucsc.edu/
https://genome.ucsc.edu/
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Validation
We validated the quality of the transcriptome and anno-
tations by doing gene expression analyses. Reads were 
normalized using DEseq2 [42] and samples were clus-
tered by Euclidean distance (Fig. 2). As expected, samples 
clustered by tissue type. Principal components analy-
sis revealed two components that distinguished tissue 
type (Fig. 3). PC1 separated brain gene expression from 
that of the liver, while PC2 distinguished brain and liver 
expression from that of the muscle and gonads. We then 
compared gene expression profiles between pairs of tis-
sues. To validate that we accurately mapped transcripts 
to annotated genes, we did GO MWU [47] and KEGG 
[48–50] analyses. We found that the metabolic pathways 
KEGG term was the most significantly enriched among 
all annotated genes within the genome (Fig. 4). We then 
did GO MWU [47] on each tissue-type gene list which we 
ranked by fold-change. This analysis revealed enrichment 
of expected GO terms based on tissue type. For example, 
genes upregulated in the brain were enriched with terms 

related to synapse structure and function (Fig.  5a). To 
further assess whether we detect of appropriate, tissue-
specific gene expression, we constructed network path-
ways from the brain GO enrichment results. The analysis 
determined 389 gene sets (“nodes”) and 770 instances of 
overlap between gene sets (“edges”) that were sorted into 
146 clusters (Fig.  5b). We found that the network was 
annotated with functions consistent with first-principles 
predictions based on the focal tissue. For example, the 
brain functional GO network was annotated with func-
tions such as “postsynaptic membrane component”.

Single nuclei sequencing of the Orofacial Motor Cortex 
(OMC)
We assessed the quality of the data using cellranger (114 
outliers removed, 3486 nuclei retained). For 3,486 nuclei 
that passed quality control, we did dimensional reduc-
tions (see Methods) and displayed them using t-distrib-
uted stochastic neighbor embedding (t-SNE; Fig.  6a) 
[75] and uniform manifold approximation and projec-
tion (UMAP; Fig. 6b) [76, 77]. Major brain cell types in 
12 clusters were clearly identifiable based on canonical 
cell-type marker gene expression (Fig.  6c). We identi-
fied 5 clusters of nuclei as excitatory neurons, expressing 
high levels of Syt1 (synaptotagmin-1), two clusters as 
inhibitory neurons, which expressed high levels of Gad-2 
(glutamate decarboxylase 2), one cluster of astrocytes, 
expressing Gfap (glial fibrillary protein), and one clus-
ter of oligodendrocytes, which expressed Mbp (myelin 
basic protein) [78–80]. Normalized expression of the top 
ten marker genes for each brain cell type clearly distin-
guished the 12 nuclei clusters using t-SNE and UMAP 
(Fig. 6d).

Discussion
We sequenced, assembled, and annotated a genome and 
transcriptome for Alston’s singing mouse, a model for 
complex social behavior and vocal communication. Tran-
scriptome and gene annotation quality were validated 
using gene expression and functional enrichment analy-
ses. Finally, we did single-nuclei sequencing of cells of the 
orofacial motor cortex (OMC), a region involved in vocal 
turn-taking in singing mice [30] and identified major cell 
types. The annotated genome and transcriptome will be 
a valuable resource that will allow characterization of the 
genetic basis of complex traits in singing mice as well as 
be useful for comparative studies more broadly.

Genome and transcriptome assembly and annotation
By using three sequencing technologies, we were able to 
create a high quality de novo genome assembly. Short 
reads, like those generated by Illumina, provided the 
highest base-pair-level accuracy [81–83]. Longer reads 

Table 1  Assembly characteristics

Assembly Characteristics

BUSCOs
  Complete 3,212 (95.8%)

  Complete and single-copy 3,102 (92.5%)

  Complete and duplicated 110 (3.3%)

  Fragmented 61 (1.8%)

  Missing 81 (2.4%)

Genome Assembly Statistics
  Total length 2,401,463,659

  Number of Scaffolds 7,806

  Number of contigs 7,806

  Percent gaps 0.00%

  Scaffold N50 1 MB

  Contigs N50 1 MB

Transcriptome Statistics
  Alignment to assembled genome 83.41%

  Total trinity genes 914,330

  Total trinity transcripts 1,191,461

  Percent GC 44.05%

  All transcripts

    Contig N50 826

    Median contig length 351

    Average contig 620.03

    Total assembled bases 738,746,092

  Longest Isoform only

    Contig N50 513

    Median contig length 327

    Average contig 478.26

    Total assembled bases 437,286,933
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Fig. 2  Euclidean-distance-based heatmap shows that samples of the same tissue type have the most similar gene expression. Lower values (darker 
blue) indicate more similarity

Fig. 3  Biplot of the first two principal components, which distinguish tissue types. Brain and liver gene expression drive PC1, while the differences 
between brain/liver gene expression and that of the gonad and liver underlie PC2. Dot color indicates tissue type and whether the circle is filled 
in or not indicates where the samples were collected
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generated by PacBio’s SMRT sequencing [84, 85], pro-
duced excellent contigs. Finally, contig scaffolding was 
facilitated by PromethION’s nanopore sequencing [86, 
87], which can sequence the longest stretches of DNA 
[88, 89].

These sequencing efforts culminated in a 2.4  Gb 
genome. The size of the singing mouse draft genome 
is like that of other sequenced rodents such as house 
mice, Mus musculus, (strain: C57BL/6  J, genome size: 
2.5  Gb) [90] and white-footed mice, Peromyscus leuco-
pus (genome size: 2.45 Gb) [91]. Using BUSCO [39], we 
found that our assembly captures much of the genome; 
our scaffolds contain 92.5% of the complete and single-
copy BUSCOs (annotated collection of ubiquitous mam-
malian genes). However, DNA was extracted from two 
different singing mice for sequencing. Tissue from one 
individual was used for long read PromethION sequenc-
ing while the other was used to generate PacBio and 
Illumina reads. Using DNA from two individuals in 
our assembly could impact future analyses of standing 
genetic variation.

We assembled 754,907 transcripts into a de novo tran-
scriptome with a contig N50 of 826. When aligned to the 
reference genome, 83.41% of the transcriptome mapped, 
indicating a quality transcriptome assembly [36, 37]. 
As expected, the contig N50 based on only the longest 

isoform per gene was lower than that of all transcripts 
since including all transcript isoforms can exaggerate 
N50 values.

We did differential expression and functional enrich-
ment analyses to test the quality of the transcriptome and 
annotations. In support of our expectations for a qual-
ity assembly and annotation, we found tissue-specific 
gene expression profiles. Two distinct clustering meth-
ods showed that samples of the same tissues type, both 
technical and biological replicates, had identical (tech-
nical replicates) or very similar (biological replicates) 
expression patterns that differed greatly from other tis-
sues. Functional enrichment analysis identified the puta-
tive function of differentially expressed genes across 
tissue type. Within the brain, we found enrichment of 
expected pathways such as synapse-related GO terms. A 
network-based approach supported these results, clus-
tering related nodes into larger functional groups with 
brain-relevant annotations such as “glutamate neuro-
transmitter receptor.” This approach is useful because 
GO functional categories often share many genes and the 
results of GO analyses can often be redundant [53, 55]. A 
network approach clusters by gene overlap which allows 
the annotation of groups of similar gene sets, rather than 
annotating each gene set independently. The results of 
these analyses suggest that our transcriptome assembly 

Fig. 4  Barplot of KEGG terms for all annotated genes shows that metabolic pathways are enriched in this dataset [49–51]
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is of high quality and the annotations we created are 
accurate. For our functional enrichment analyses, we 
focused on brain gene expression because we are inter-
ested in understanding how the nervous system drives 
complex behavior. A quality transcriptome assembly and 
gene annotations allowed us to examine gene expression 
of single nuclei to identify specific brain cell types that 
may contribute to behavior (see Single-nuclei sequenc-
ing of the OMC). Single-nuclei sequencing of regions 
implicated in song production [30, 92] can be paired with 
other approaches such as sequence-based interventions 
and epigenetic profiling to understand how the brain pat-
terns vocal output.

The genome, transcriptome, and annotation GTF file 
can be viewed at the UCSC genome browser (https://​
genome.​ucsc.​edu/) and raw data accessed on GEO under 
series GSE212957. We identified 14,989 genes that have 
at least 80% sequence similarity to reference genes. This 
is on the order of annotation efforts in other species 
[90, 91, 93, 94]. We combined the PASA pipeline with 

multiple ab  initio gene finding, protein homology, and 
weighted consensus gene structure tools which generated 
a more comprehensive genome annotation.

Single‑nuclei sequencing of the OMC
Dimensional reductions of the expression profiles of 
3,486 OMC nuclei revealed 12 clusters that were cat-
egorized into major cell types based on marker genes. 
Most nuclei fell into 7 clusters that were categorized as 
neuronal, which we expected, since we used NeuN anti-
bodies to enrich for neuronal nuclei prior to sequenc-
ing. Five of these clusters were identified as containing 
nuclei of excitatory neurons, expressing high levels of 
Syt1 (synaptotagmin-1), gene encoding a Ca2 + sensory 
for neurotransmitter release [80, 95–97]. Two inhibi-
tory interneuron clusters were identified by expression 
of Gad-2 (glutamate decarboxylase 2), which encodes an 
enzyme that catalyzes the synthesis of GABA, an inhibi-
tory neurotransmitter [80, 98]. Despite selecting for neu-
ronal nuclei, a few small clusters of other cell types were 

Fig. 5  a GO tree of enriched terms for ranked brain gene expression (GO division: cellular compartment) using Fisher’s exact test. Font indicates 
significance and the fraction before each term shows the number of genes annotated with the GO term relative to the total number of such genes 
in the dataset. (b, top) A network plot of brain GO enrichment results was made in Cytoscape using EnrichmentMap (FDR Q value < 0.01, combined 
coefficients > 0.375, combined constant 0.5). Most highly connected nodes (b, bottom) are annotated using AutoAnnotate. Each node is a gene 
set and the size of each node represents the number of genes in the gene set. Edges (lines between nodes) represent overlap between gene sets 
and their width refer to the number of genes that are shared by the nodes. The color of each node represents enrichment scores (q-value)

https://genome.ucsc.edu/
https://genome.ucsc.edu/
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also identified such as astrocytes (high Gfap) and oligo-
dendrocytes (Mbp) [80]. Clear identification of brain-cell 
types demonstrates the robustness of the singing mouse 
transcriptome and genome and demonstrates the broad 
applicability of 10X single cell/single nuclei technology 
to a nontraditional rodent species. The brain region we 
chose for single nuclei analysis is an important tempo-
ral regulator of the singing mouse advertisement song 
[30]. By combining single-cell analysis of relevant brain 

regions with circuit-level studies [92], we can develop 
hypotheses about the role of each network node and 
the cellular mechanisms that underlie these functions. 
Together, these resources allow us to examine how the 
nervous system directs complex behavior.

Uses of these resources
The contribution of a high-quality singing mouse 
genome and transcriptome increases the diversity of 

Fig. 6  The S. teguina genome and transcriptome enable identification of brain cell types in a single-nuclei RNAseq dataset from brain area 
OMC. A tSNE dimensional reduction of 3486 nuclei isolated from brain area OMC. B UMAP dimensional reduction of same data C. Feature plots 
of normalized gene expression data for key brain cell type markers (Syt1: synaptotagmin-1, neuron; Gad2: glutamate decarboxylase 2, inhibitory 
neuron; Gfap: glial fibrillary protein, astrocyte; Mbp: myelin binding protein, oligodendrocyte). D Heatmap of normalized gene expression data 
for the top 10 marker genes for each brain cell type identified
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available model species and improves our ability to ask 
mechanistic questions. Singing mice are a particularly 
useful model for understanding how the brain drives 
complex behavior due to their unique, quantifiable 
phenotype, their tractability in the lab, and our ability 
to adapt existing neurobiological tools and resources 
for singing mice. The addition of genomic resources 
provides further opportunity to use singing mice to 
study novel questions in social cognition. For exam-
ple, to explore the genomic basis of complex traits, we 
could use the genomic resources we have generated to 
examine gene regulation (e.g., ChIP-seq: [99]; ATAC-
seq: [100]), sequence evolution (e.g., tests of selection: 
[101–103]), and more. These data also contribute to a 
library of resources that can be used for larger com-
parative analyses. Increasing the diversity of model 
systems, through the addition of species that are well-
suited to particular questions, is essential to under-
standing the mechanisms that drive complex traits.
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