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PUBLIC SUMMARY
■   Eleven major cardiac cell types were identified in adult and neonatal tree sparrows.

■   Adult and neonatal birds exhibited a substantial difference in cell abundance and transcriptional divergence.

■   Cardiac cell types and transcriptional programs were conserved across birds and mammals.

■   Overexpression of insulin-like growth factor 1 receptor (IGF1R) in avian cardiomyocytes induced hypertrophy.
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Birds  and  mammals  possess  highly  efficient  four-chambered  hearts  to
meet  the elevated metabolic  demands of  endothermy,  yet  the cellular  and
molecular basis of this convergent evolution remains poorly understood. To
address  this  gap,  we  generated  the  first  single-cell  heart  transcriptomic
atlas of  a wild bird,  the Eurasian Tree Sparrow (Passer montanus),  across
neonatal  and  adult  stages,  and  integrated  it  with  existing  human  and
mouse  data.  This  cross-species  comparison  reveals  broadly  conserved
transcriptional  profiles:  cardiomyocytes  are  the  most  transcriptionally
conserved cell type across species and developmental stages, whereas non-
myocyte populations (fibroblasts and endothelial  cells) show greater tran-
scriptional  plasticity.  These  findings  suggest  that  cardiac  diversification
and  adaptation  may  occur  primarily  through  regulatory  changes  within  a
shared cellular repertoire. Extending this framework, we investigate cardiac
adaptation to high-elevation hypoxia in tree sparrows. Strikingly,  the tran-
scriptional  programs significantly  overlapped with  genes previously  linked
to  cardiac  remodeling  and  disease-related  phenotypes  in  humans  and
mice. To test the functional relevance of this overlap, we performed in vitro
assays  and  found  that IGF1R overexpression  drives  hypertrophy-like
growth  in  avian  cardiomyocytes,  accompanied  by  PI3K-AKT-mTOR-asso-
ciated  transcriptional  reprogramming,  a  pathway  critically  implicated  in
mammalian  cardiac  hypertrophy.  Collectively,  our  findings  demonstrate
that  birds  and  mammals  share  a  conserved  cardiac  cellular  blueprint,
wherein regulatory programs are recurrently co-opted during development,
adaptation to hypoxia, and pathological remodeling.

 INTRODUCTION
The independent  evolution  of  endothermy  in  birds  and  mammals  repre-

sents a landmark event in vertebrate history, enabling sustained high-energy
activity and the colonization of diverse environments.1 This breakthrough was
accompanied  by  the  parallel  development  of  an  advanced,  four-chambered
heart  capable of  supporting high-pressure pulmonary and systemic circula-
tion,2 a classic example of convergent evolution, as the avian and mammalian
lineages diverged over 300 million years ago. While sharing this fundamental
architecture, the avian cardiovascular system has undergone distinct special-
ization under  the  extreme  metabolic  demands  of  flight,  resulting  in  propor-
tionally  larger  hearts,  greater  stroke  volumes,  and  enhanced  capacities  for
hypoxia  tolerance  compared  to  mammals.3-5 Together,  birds  and  mammals
thus provide a powerful  comparative framework for understanding how two
distinct lineages independently built circulatory systems capable of sustaining
endothermy and intense aerobic performance.

As the central organ of the oxygen transport cascade, the heart is essential
for  meeting  elevated  metabolic  demands,  particularly  under  environmental
hypoxia  at  high  elevations.6 This  profound  environmental  challenge  has
driven  convergent  cardiovascular  adaptations  across  air-breathing verte-
brates,  both  birds  and  mammals.  For  example,  high-elevation  birds,  non-

human mammals,  and  humans exhibit  parallel  cardiac  responses,  including
increased heart mass (hypertrophy) and greater cardiac capillarization, which
collectively enhance oxygen delivery in low-oxygen conditions.7 These shared
phenotypic  changes,  documented  in  species  ranging  from  deer  mice
(Peromyscus  maniculatus)8 and  Tibetan  antelopes  (Pantholops  hodgsonii)9

to  highland  chickens  (Gallus  gallus  domesticus),10 Andean  and  Tibetan
humans (Homo sapiens),11 Eurasian Tree Sparrows (Passer montanus)12 and
puna  teals  (Spatula  puna),13 reveal  a  consistent  evolutionary  strategy  for
sustaining aerobic performance in hypoxic environments.

Notably, this  convergence  extends  beyond shared  phenotypes  to  encom-
pass their molecular regulation. Key genes governing cardiac contractility and
hypertrophy,  such  as CAMKII and MYH6,  show  similar  expression  shifts  in
high-elevation birds, goats, and antelopes.9,12 Likewise, AKT1 and IRS2, which
mediate  cardiac  hypertrophy  in  mice  and  humans,14 are  also  implicated  in
hypoxia-induced  cardiomyocyte  hypertrophy  in  birds.15 Together,  these
observations  point  to  recurrent  regulatory  programs  underlying  hypoxia-
associated cardiac remodeling across birds and mammals.

Despite these striking parallels, current insights remain fragmented across
species and are largely limited to a handful of candidate genes. A systematic,
cell-resolved understanding  of  the  developmental  and  regulatory  mecha-
nisms  underlying  this  convergence  is  still  lacking.  The  vertebrate  heart  is  a
dynamic organ that undergoes defined transitions from embryonic patterning
to postnatal  maturation;  therefore,  comparisons based on a  single  develop-
mental  stage  risk  conflating  species-specific  differences  in  timing  with
fundamental  differences  in  cell  type  composition  or  regulatory  logic.16,17

Sampling across developmental stages is essential to capture these dynam-
ics  and  distinguish  conserved,  stage-specific  transcriptional  programs from
lineage-specific  adaptation.  However,  a  systematic,  cross-lineage compari-
son of  cardiac cellular  composition,  gene regulatory networks,  and develop-
mental responses to hypoxia is still lacking. Addressing this gap is critical not
only  for  understanding the  repeatability  of  evolution  but  also  for  uncovering
core  mechanisms of  cardiac  resilience  that  may  inform hypoxia-associated
cardiac remodeling.

Here,  we  employ  single-cell  RNA  sequencing  (scRNA-seq)  to  construct  a
developmental  cellular  atlas  of  the  heart  in  a  wild  bird:  the  Eurasian  Tree
Sparrow (hereafter tree sparrow). This human-commensal species colonized
the  high-elevation  Qinghai-Tibetan  Plateau  approximately  2,600  years  ago,
evolving  cardiovascular  adaptations  including  increased  heart  mass,
cardiomyocyte  hypertrophy,  and  enhanced  cardiac  capillarization,12,18 which
parallel  those  observed  in  high-elevation  mammals.7 Recent  work  further
indicates  that  the  regulatory  basis  of  cardiac  hypertrophy  in  tree  sparrows
involves  convergent  molecular  pathways  shared  with  mice  and  humans.15

Consequently, the tree sparrow provides a useful avian comparative model to
dissect the  cellular  and  molecular  mechanisms  underlying  cardiac  adapta-
tion to hypoxia.

We profiled neonatal and adult tree sparrow hearts to map developmental
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transitions  in  cellular  composition  and  transcriptional  states.  This  analysis
revealed  dynamic  shifts  in  cell  type  proportions  and  transcriptional  states
across life  stages.  To assess the  cross-species  similarity  of  these patterns,
we integrated our data with murine and human cardiac atlases.  This cross-
species  comparison  demonstrated  that,  while  major  cardiac  cell  types  are
broadly  conserved  across  birds  and  mammals,  cardiomyocytes  exhibit  the
most profound transcriptional similarity across birds and mammals, regard-
less  of  life  stages.  Focusing  on  high-elevation  adaptation,  we  identified
cardiomyocyte  hypertrophy-associated  molecular  programs  and  pinpointed
IGF1R as a candidate regulator of cardiac hypertrophy. Functional validation
confirmed that IGF1R overexpression drives hypertrophy-like growth in avian
cardiomyocytes  and  triggers  PI3K-AKT-mTOR-associated  transcriptional
changes,  a  conserved  signaling  axis  central  to  mammalian  cardiomyocyte
growth. Taken together, this cross-species single-cell atlas reveals conserved
transcriptional  circuits  that  orchestrate  heart  development  and  cardiac
hypertrophy. These findings suggest high-elevation tree sparrows can serve
as a  useful  model  for  understanding  cellular  adaptations  to  hypoxia,  poten-
tially  providing  a  foundation  for  exploring  related  mechanisms  in  human
cardiovascular conditions.

 MATERIALS AND METHODS
 Sample collection

Tree  sparrows,  including  adults  and  neonates  (postnatal  day  1),  were
collected  from  low-elevation  (Cangzhou,  10  m  a.s.l.)  and  high-elevation
(Gahai,  3,400 m a.s.l.)  sites  between 2020 and 2021 (Table  S1).  In  total,  we
collected  four  neonatal  lowland,  five  neonatal  highland,  three  adult  lowland,
and three adult  highland individuals (Figure 1A).  Following euthanasia,  heart
tissues  were  immediately  dissected,  preserved  in  GEXSCOPETM  Tissue
Preservation Solution (Singleron), and subsequently processed for single-cell
and single-nucleus RNA library construction and sequencing.

 Single-cell isolation
Heart  tissues  of  neonatal  tree  sparrows  were  rinsed  three  times  with

Hanks Balanced Salt Solution and dissected into small fragments (1-2 mm3).
Tissue dissociation  was  performed  by  incubating  the  fragments  in  GEXS-
COPETM Tissue Dissociation Solution (Singleron) at 37°C for 15 minutes. The
resulting  digestate  was  filtered  through  a  sterile  40  µm  cell  strainer  and
centrifuged at 1,000 rpm (4°C) for 5 minutes. Following supernatant removal,
the  cell  pellet  was  gently  resuspended  in  1  ml  of  1×  Phosphate-Buffered
Saline (PBS). Cell viability and concentration were determined via Trypan Blue
exclusion  assay  using  a  hemocytometer.  Single-cell  suspensions  with  a
viability exceeding 80% were adjusted to a minimum concentration of 1 × 105

cells per mL for subsequent processing.

 Single-nucleus isolation
Given the  large  size  of  adult  tree  sparrow cardiomyocytes  (approximately

100 µm in length and 40 µm in width), which precluded their use in standard
single-cell workflows, we performed single-nucleus isolation from adult heart
tissue.  For  each  sample,  tissue  from  the  left  ventricle  was  minced  and
homogenized  in  1  ml  of  ice-cold  Nuclear  Lysis  Buffer  (0.1% NP-40,  10  mM
Tris-HCl,  146 mM NaCl,  1  mM CaCl2,  21 mM MgCl2,  1  U/µl  RNase inhibitor)
for 7 minutes on ice. The lysis reaction was quenched by adding 1 ml of ST
Wash  Buffer  (10  mM  Tris-HCl,  146  mM  NaCl,  1  mM  CaCl2,  21  mM  MgCl2,
0.01% BSA, 40 U/ml RNase inhibitor). The homogenate was filtered through a
40  µm  cell  strainer,  and  the  filter  was  washed  four  times  with  1  ml  of  ST
Wash Buffer; the filtrates were combined. Nuclei were pelleted by centrifuga-
tion at 500 × g for 5 minutes at 4°C. The supernatant was discarded, and the
pellet  was  washed  once  by  resuspension  in  5  ml  of  PBS  with  1%  BSA,
followed by a repeat centrifugation. The final nuclear pellet was resuspended
in  100  µl  of  PBS  with  1%  BSA.  Nuclear  integrity  and  concentration  were
assessed  microscopically  via  Trypan  Blue  staining.  Nuclear  suspensions
were diluted to a working concentration of 700–1,200 nuclei per µl for subse-
quent library preparation.

 Single-cell RNA sequencing library construction and sequencing
Libraries were prepared from single-cell  suspensions (1–3 × 105 cells/mL

in  1×  PBS)  using  the  GEXSCOPE®  Single  Cell  RNA  Library  Kit  (Singleron),

largely following the manufacturer’s protocol and the methodology described
by Dura et al..19 Cells were partitioned into nanoliter-scale reaction wells using
the Singleron Matrix® Single Cell Processing System. Within this microfluidic
system,  uniquely  barcoded  oligonucleotide  beads  were  co-loaded  and
washed.  Cells  were  lysed in  situ,  allowing  polyadenylated  mRNA transcripts
to  hybridize  to  the  bead-bound  primers  during  a  20-minute  incubation  at
room  temperature.  The  beads  capturing  cell-specific  barcoded  cDNA  were
recovered for  downstream  processing.  Reverse  transcription,  cDNA  amplifi-
cation via PCR, and final library construction were performed according to the
kit  specifications.  Libraries  were  size-selected,  purified,  and  assessed  for
quality  before  being  sequenced.  Sequencing  was  performed  on  an  Illumina
NovaSeq 6000 platform, generating 150 bp paired-end reads. All procedures
for scRNA-seq library preparation were conducted by Singleron Biotechnolo-
gies (Nanjing, China).

 Single-nucleus RNA sequencing
Single-nucleus suspensions (2.5–3 × 104 nuclei/µL) were processed using

the  Chromium  Controller  instrument  (10x  Genomics).  Libraries  were
constructed  following  the  manufacturer’s  protocol  for  the  10x  Genomics
Chromium Next GEM Single Cell 3’ Reagent Kits v3.1 (Cat. #1000268). Briefly,
nuclei were partitioned into Gel Bead-In-Emulsions (GEMs) within a microflu-
idic chip,  where barcoded reverse transcription and cDNA amplification took
place.  The  amplified  cDNA was then  used to  construct  sequencing  libraries
with  the  Chromium  Single  Cell  3’ Library  Construction  Kit  (Cat.  #1000020).
Final  libraries were sequenced on an MGI-2000 platform, generating 150 bp
paired-end  reads.  All  procedures  for  snRNA-seq  library  preparation  and
sequencing were performed by OE Biotech Co., Ltd. (Shanghai, China).

 Processing of scRNA-seq raw sequencing data
Raw sequencing data were processed using the CeleScope v1.14.1 (https://

github.com/singleron-RD/CeleScope). First, cell barcodes and unique molec-
ular  identifiers  (UMIs)  were  extracted,  and  reads  lacking  a  poly-T  sequence
were  discarded.  Low-quality  reads  and  adapter  sequences  were  then
trimmed  using  Cutadapt  v3.7.20 The  cleaned  reads  were  aligned  to  the  tree
sparrow  genome  (https://db.cngb.org/search/project/CNP0006114/)  using
STAR  v2.6.1a.21 Finally,  UMI  and  gene-level  counts  were  quantified  with
featureCounts v2.0.122 to generate the raw count matrix. Detailed sequencing
and mapping statistics for all samples are provided in Table S2.

 Processing of snRNA-seq raw sequencing data
Single-nucleus  RNA  sequencing  data  were  processed  using  Cell  Ranger

v7.1.0.23 First,  a  custom  pre-mRNA  reference  for  the  tree  sparrow  was
constructed  following  the  10x  Genomics  reference  preparation  guidelines
(https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/
latest/advanced/references).  Raw  sequencing  files  were  demultiplexed  and
converted  to  FASTQ  format  using “cellranger  mkfastq”.  Reads  were  then
aligned  to  the  custom  pre-mRNA  reference,  and  gene  expression  counts
were  quantified  with “cellranger  count” using  default  parameters.  This
pipeline  generated  a  filtered  gene-barcode  matrix  for  downstream  analysis.
Detailed  sequencing,  alignment  and  cellular  quality  metrics  are  provided  in
Table S3.

 Quality control
Data  from  individual  samples  were  processed  and  annotated  separately

using Seurat v4.0.1.24 We first  addressed ambient RNA contamination using
SoupX  v1.5.0,25 estimating  a  contamination  fraction  (ρ)  for  each  sample
based  on  the  expression  of  bimodal  genes  enriched  in  empty  droplets.
Expression profiles were subsequently corrected using the estimated ρ.

Potential doublets were identified and removed with DoubletFinder v2.0.3.26

For each sample, we generated artificial doublet profiles by randomly pairing
cells (pN = 0.25). The optimal neighborhood size (pK) was determined via the
mean-variance  normalized  bimodality  coefficient  (BCMVN).  Cells  predicted
as  doublets  by  the “doubletFinder_v3” function were  excluded  from  down-
stream analysis (n = 13,362 doublets removed in total).

Finally,  we  applied  sample-specific  quality  filters  based  on  library  quality
and cell integrity. For neonatal single-cell data, cells were removed if they met
any  of  the  following  criteria:  (1)  fewer  than  100  genes  detected  (nGenes  <
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100), (2) high mitochondrial gene content (mitoRatio ≥ 40%), (3) high riboso-
mal  gene  content  (riboRatio  ≥  20%),  and  (4)  low  library  complexity
(log10GenesPerUMI  ≤  0.7).  For  adult  single-nucleus  data,  thresholds  were
adjusted  to:  nGenes  <  100,  mitoRatio  ≥  20%,  riboRatio  ≥  20%,  and
log10GenesPerUMI ≤ 0.7. Genes expressed in fewer than 10 cells per sample
were also filtered out. Distributions of these QC metrics and final cell statistics
per sample are detailed in Figure S1 and Table S4.

 Normalization, scaling, integration, and clustering
Normalization,  integration  and  clustering  analyses  were  performed  using

Seurat v4.0.1.24,27 To correct for sequencing depth and stabilize variance, the
raw UMI counts from each sample were normalized and variance-stabilized
using  the “SCTransform” function.  For  differential  expression  analysis  and
visualization  purposes,  counts  were  also  normalized  by  the  total  UMI  count
per cell, scaled by a factor of 10,000, and log-transformed using the “Normal-
izeData” function.

To minimize technical  variation associated with  sequencing modality  and
sample processing,  we integrated datasets using Seurat integration,24 which
is designed to align shared biological signals while reducing technical variation

across datasets.  Briefly,  we first  identified  3,000 highly  variable  genes using
“SelectIntegrationFeatures”.  Integration  anchors  were  then  identified  using
“PrepSCTIntegration” and “FindIntegrationAnchors”,  enabling the merging of
samples into a single, batch-corrected dataset using “IntegrateData”.

Principal component analysis (PCA) was conducted on the integrated data
using “RunPCA”.  Dimensionality  reduction  for  graph-based  clustering  was
performed  using  the  top  principal  components.  Cell  clusters  were  identified
via the “FindNeighbors” and “FindClusters” functions. Marker genes for each
cluster were identified with “FindAllMarkers”,  considering only genes with an
adjusted P value < 0.05 and an absolute log2 fold change > 1. Cell types were
manually annotated for each cluster based on the expression of established
canonical marker genes (Table S5).

 Comparison analysis of neonatal and adult hearts
To investigate developmental changes, we compared cellular composition

and  gene  expression  between  neonatal  and  adult  hearts.  First,  the  relative
abundance of each annotated cell type was quantified within each age group.
We  then  assessed  the  transcriptomic  similarity  of  each  cell  type  across
development  by  calculating  the  pairwise  Spearman’s  correlation  of  gene
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Figure 1.  Single-cell atlas of the tree sparrow heart (A) Geographic origins of neonatal and adult tree sparrows used for single-cell and single-nucleus RNA sequencing. Birds
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expression profiles  between cells  within  that  type for  each age group sepa-
rately. Finally, to determine whether these metrics changed significantly with
age,  we  compared  the  relative  abundances  and  cell-type-specific transcrip-
tomic  similarities  (correlation  coefficients)  between  neonates  and  adults
using a non-parametric Wilcoxon rank-sum test. P values were adjusted for
multiple comparisons using the false discovery rate (FDR) correction.

 Collection of cross-species heart single-cell datasets
To  enable  a  comparative  transcriptomic  analysis,  we  collected  publicly

available  single-cell  and  single-nucleus  RNA  sequencing  datasets  from
murine  and  human hearts  (Table  S8). Here,  mice  were  selected  as  a  repre-
sentative mammalian model  due to their  established role in cardiac disease
research  and  their  translational  relevance  to  human  physiology.  By  using
mice and humans as a comparative benchmark,  we assessed the extent  of
cellular and regulatory differentiation between birds and mammals, as well as
within mammals themselves.

Given the substantial differences in lifespan, growth rate, and developmental
timing  among  tree  sparrows,  mice  and  humans,  we  broadly  categorized
samples into two life stages for comparison: adults (sexually mature individ-
uals) and neonates (neonatal birds, human infants, and mouse pups). Specif-
ically,  adult  data consisted of  single-nucleus data from human hearts (ages
40-65 years28) and mouse hearts (adults of unspecified age29). Neonatal data
consisted  of  single-nucleus  data  from  human  fetal  hearts  (12-17  weeks30)
and single-cell data from murine hearts (postnatal days 0-331). We note that
this  comparative  framework  contains  inherent  technical  and  biological
biases, including differences in sequencing strategies (scRNA-seq vs. snRNA-
seq) and imperfect age-matching due to divergent species-specific develop-
mental timelines.

For the cross-species analyses (here and below), we focused on the three
major  and  consistently  identifiable  cardiac  cell  types:  CMs,  FBs,  and  ECs.
These three cell types are available for both mice and humans, in both adults
and  neonates.  It  should  also  be  noted  that  these  three  cell  types  constitute
the structural and functional core of the vertebrate heart.28

 Cross-species cell-type mapping
To  establish  homology  between  cardiac  cell  types  across  species,  we

performed cross-species cell-type mapping using the Cross-species cell type
Assignment and gene Module extraction (CAME) approach.32 The annotated
mouse and human datasets served as reference atlases (Table S8). We then
projected  the  tree  sparrow  dataset  (query)  onto  this  integrated  reference
space to predict cell-type labels. The resulting correspondences between tree
sparrow,  mouse,  and  human  cell  types  were  visualized  using  a  Sankey
diagram.

 Quantification of transcriptomic heterogeneity
To  quantify  and  compare  cellular  heterogeneity  within  defined  cell  types,

we  calculated  transcriptomic  entropy  for  each  cell  type  across  species  and
life  stages,  following  the  method  of  Ma  et  al..33 To  control  for  potential
sampling  bias  arising  from  differing  cell  numbers  per  group,  we  computed
two  entropy  values:  real  entropy  from  the  observed  expression  data  and
unstructured  entropy  from randomly  permuted data  within  each group.  The
final measure of transcriptomic heterogeneity for each cell type was defined
as  the  residual  entropy,  calculated  by  subtracting  the  unstructured  entropy
from the real entropy.

 Quantification of transcriptomic similarity
For each set of homologous cell types identified across species, we quan-

tified the degree of transcriptomic similarity between species pairs: tree spar-
rows vs. mice,  tree  sparrows vs. humans,  and  mice vs. humans.  First,  the
average gene expression profile  was computed for  the cell  type within each
species.  Pairwise  species  comparisons  were  then  performed  by  calculating
the  Spearman’s  rank  correlation  coefficient  (r)  between  these  averaged
expression vectors.

 Cross-species homologous gene identification
To enable direct comparative analysis of single-cell transcriptomes across

species, we compiled a homology table linking mouse (GRCm39) and human

(GRCh38) genes using data from Ensembl (ftp://ftp.ensembl.org/pub/release-
105/).  The  tree  sparrow  genome  assembly  and  annotation  were  obtained
from  the  China  National  GeneBank  (https://db.cngb.org/search/project/
CNP0006114/).  Orthologous  gene  families  were  identified  across  the  three
species  using  OrthoFinder  v2.5.4.34 We  extracted  single-copy,  one-to-one
orthologs  from  the  OrthoFinder  output.  This  initial  set  was  further  refined
using a reciprocal best-hit approach with BLASTp (v2.12.0+; E-value < 1e-10)
and  cross-referenced  with  established  human-mouse  homology  data
from  the  Ensembl  BioMart  web  server  (http://www.ensembl.org/biomart/
martview).

 Quantification of cell-type-specific conserved gene expression
To identify conserved expression programs across species, we performed

analyses  on  the  set  of  high-confidence  one-to-one  orthologs.  For  each
homologous  heart  cell  type,  we  calculated  the  average  expression  of  each
ortholog across all cells for every sample (species and life stage). To mitigate
confounding effects arising from direct comparisons of absolute expression
levels across species and developmental stages, we transformed expression
values  into  within-sample  gene-rank  scores.35 Specifically,  within  each
sample,  genes  were  ranked  by  their  average  expression  and  assigned  a
normalized  score  between  0  and  1,  with  a  floor  of  0.5.  Orthologs  with  rank
scores below 0.8 in all samples were considered lowly expressed and filtered
out. The resulting rank scores were used as input for downstream clustering
analysis to identify evolutionarily stable co-expression modules.

The  rank-transformed  expression  matrix  for  each  homologous  cell  type
was log-transformed and subjected to PCA using gmodels v2.18.1.36 To identify
patterns  of  co-expression,  we  performed  hierarchical  clustering  on  both
genes and samples  using  a  complete-linkage agglomerative  method with  a
correlation-based distance metric.  The results were visualized in a heatmap
to depict expression patterns across species and life stages.

To  systematically  classify  genes  based  on  their  evolutionary  expression
patterns, we applied k-means clustering to the rank-transformed expression
data using the base R “kmeans” function. The optimal number of clusters (k)
was determined by the elbow method. This approach enabled the identifica-
tion of two key gene categories: (1) highly conserved genes (showing consis-
tent high rank across species) and (2) species-specific genes (showing high
rank in only one or a subset of species).

Functional enrichment analysis was performed on each gene cluster using
ClueGO v2.5.10 with the biological process ontology from the GO_Biological-
Process-EBI-UniProt-GOA  database  (release 25.05.2022).37 A  right-sided
hypergeometric  test  was  applied,  and P values  were  adjusted  for  multiple
testing  using  the  Benjamini–Hochberg  method.  For  clusters  of  conserved
genes, we used an adjusted P value (FDR) threshold of < 0.001.

 Compilation of cardiac phenotype-associated genes
Genes  associated  with  human  cardiac  diseases  and  phenotypes  were

compiled  from  two  primary  sources.  First,  disease-associated  susceptibility
genes were retrieved from the DisGeNET database (v7.0, https://www.disgenet.
org/).38 Second,  genes  linked  to  specific  heart-related  phenotypes  were
obtained  from  the  human  phenotype  ontology  (HPO)  database  (https://
hpo.jax.org/).39 For  comparative  analysis,  genes  associated  with  murine
cardiac phenotypes were collected from the mammalian phenotype ontology
(MPO) via the Mouse Genome Informatics (MGI) database at Mouse Genome
Informatics (https://www.informatics.jax.org/).40

 Correlation analysis of susceptibility gene expression
For  each  of  the  three  susceptibility  gene  datasets  (human  DisGeNET,

human HPO, and mouse MPO; see Table S10), we assessed the similarity of
expression patterns between species pairs (tree sparrows vs. mice, tree spar-
rows vs. humans, mice vs. humans) using Spearman’s rank correlation anal-
ysis  performed  with  the “corr.test” function  from  the  psych  R  package
(v2.3.9). P values  were  adjusted  for  multiple  comparisons  across  all  gene
sets and species pairs using the Benjamini–Hochberg FDR correction.

 Analysis of high-elevation-associated gene expression
We identified the differentially expressed genes (DEGs) between high- and

low-elevation neonatal and adult tree sparrows, respectively. For each anno-
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tated  cell  type,  we  performed  the  non-parametric  Wilcoxon  rank-sum  test
using  the “FindMarkers” function.  A  gene  was  classified  as  a  DEG  if  it  was
detected  in  >  10%  of  cells  within  that  cell  type,  exhibited  an  absolute  fold
change > 2, and had a Bonferroni-adjusted P value < 0.05.

Subsequently, we examined the potential functional relevance of elevation-
associated  DEGs  by  testing  for  overlap  with  susceptibility  genes  linked  to
cardiac  phenotypes  in  humans  and  mice.  For  each  cell  type  and  each
susceptibility gene set, we calculated the proportion of DEGs that overlapped
with  susceptibility  genes.  To  assess  statistical  significance,  we  generated  a
null distribution for each cell type through 2,000 genome-wide permutations.
In  each  permutation,  we  randomly  selected  the  same  number  of  DEGs  and
the  same  number  of  susceptibility  genes,  then  calculated  the  proportion  of
overlap  between  the  two  permutated  datasets.  The  empirical  proportion
observed  in  the  actual  data  was  compared  against  this  null  distribution.  An
empirical  proportion  equal  to  or  greater  than  the  95th percentile  of  the  null
distribution was considered significant (P < 0.05).

 Recombinant adenovirus construction, production and titration
To  explore  how  the  mRNA  expression  level  of  the  candidate  gene, i.e.,

IGF1R,  regulated  phenotypic  changes  in  cardiomyocytes,  we  generated  an
IGF1R-3xFLAG/mNeonGreen  expression  vector  by  cloning  a  full-length
coding sequence (4,089 bp, stop codon excluded) of tree sparrow IGF1R into
the  adenoviral  shuttle  vector  pcADV-EF1-mNeonGreen-CMV-MCS-3xFLAG.
An  empty  vector  was  used  as  the  control.  Recombinant  adenoviruses
expressing IGF1R-3xFLAG/mNeonGreen (AD-IGF1R-mNeonGreen) or 3xFLAG/
mNeonGreen alone (AD-mNeonGreen) were generated in HEK293 cells using
a  third-generation adenoviral  packaging  system.  Viral  particles  were  ampli-
fied and  purified  by  cesium  chloride  (CsCl)  density  gradient  ultracentrifuga-
tion.  Viral  titers  were  determined  by  a  hexon  protein–based  immunoassay
and  are  reported  as  infectious  units  per  milliliter  (IFU/mL).  The  final  titers
were 3.0 × 1010 IFU/mL for AD-IGF1R-mNeonGreen and 1.58 × 1011 IFU/mL
for AD-mNeonGreen.

 Primary chicken cardiomyocyte  isolation,  culture,  and adenoviral  infec-
tion

Primary  cardiomyocytes  were  isolated  from  10-day-old  chicken  embryos
following an established protocol.41 Briefly, embryonic hearts were dissected,
minced,  and  subjected  to  sequential  enzymatic  digestion  in� D-Hanks solu-
tion containing 1.2 mg/mL pancreatin and 0.14 mg/mL collagenase at 37°C.
Dissociated  cells  were  pooled,  centrifuged,  and  resuspended  in  Dulbecco’s
modified  Eagle  medium/F-12  (GIBCO,  USA)  supplemented  with  15%  fetal
bovine  serum  and  antibiotics.  To  enrich  cardiomyocytes,  cell  suspensions
were  pre-plated for  1  hour  to  allow  cardiac  fibroblasts  to  adhere  preferen-
tially.  The  non-adherent  cardiomyocytes  were  collected  and  seeded  onto
gelatin-coated  culture  dishes  at  1×106 cells/mL.  Cells  were  maintained  at
37°C in a humidified incubator with 5% CO2.

After  48  hours  in  culture,  cardiomyocytes  were  infected  with  AD-IGF1R-
mNeonGreen or  AD-mNeonGreen at  a  multiplicity  of  infection  (MOI)  of  300.
The  virus-containing  medium  was  replaced  with  fresh  complete  medium
12–24 hours post-infection to minimize cytotoxicity. Cells were harvested at
72 hours post-infection for downstream analyses.

 Immunofluorescence staining and cell size quantification
Cardiomyocytes  were  fixed  with  4%  paraformaldehyde  for  30  minutes,

permeabilized  with  0.5%  Triton  X-100  for  20  minutes,  and  blocked  with  5%
goat serum for 30 minutes.  Cells were then incubated overnight at 4°C with
anti-α-actin  primary  antibody  (Rabbit  clone,  Proteintech;  1:200  dilution)  and
Alexa  fluorophore-conjugated  secondary  antibody.  Nuclei  were  stained  with
DAPI.  Images  were  acquired  under  identical  acquisition  settings  across  all
groups with a Zeiss LSM 880 laser confocal microscope.

Cardiomyocyte surface areas were quantified from raw images in ImageJ
after  scale  calibration  by  manual  tracing  of  individual  cell  boundaries.  From
three  independent  biological  replicates,  ten  randomly  selected,  non-overlap-
ping  fields  per  group  were  analyzed,  yielding  approximately  200  cells  per
condition.  All  quantitative  analyses  were  performed  on  raw  images  prior  to
any adjustment,  and representative  images are  shown with  scale  bars  indi-
cated. Because cell area data were non-normally distributed, group compar-

isons were performed using the Wilcoxon rank-sum test.

 Transcriptomic  analysis  of IGF1R-overexpressing chicken  cardiomy-
ocytes

Total  RNA  was  isolated  from  AD-IGF1R-mNeonGreen  (IGF1R-overex-
pressing)  and  AD-mNeonGreen  (control)  chicken  cardiomyocytes  72  hours
post-infection.  Transcriptome  sequencing  was  performed  on  the  DNBSEQ-
T7  platform  to  generate  paired-end  reads.  Raw  sequencing  reads  were
processed to remove adapter sequences, low-quality reads and poly-N reads
using  fastp  v0.20.1  with  default  parameters.42 The  high-quality,  trimmed
reads  were  then  aligned  to  the  chicken  reference  genome  (assembly
GCF_016699485.2,  GRCg7b)  using  STAR  v2.7.6a.21 Gene-level  expression
quantification  was  performed  with  RSEM  v1.3.0,43 generating  normalized
transcripts  per  kilobase  (TPM)  values  for  all  annotated  genes.  Differential
gene  expression  analysis  between  the  IGF1R-overexpression  and  control
groups was conducted using edgeR v3.32.1.44 Genes were considered differ-
entially expressed if they satisfied the following criteria: (i) an expression level
> 1 count-per-million (CPM) in at least two samples, (ii) a fold-change ≥ 1.25
between  AD-IGF1R-mNeonGreen  (IGF1R-overexpressing)  and  AD-mNeon-
Green (control), and (iii) a false discovery rate (FDR)-adjusted P-value < 0.05.
To investigate the biological processes and pathways associated with IGF1R
overexpression, functional enrichment analysis of the differentially expressed
gene  set  was  performed  using  clusterProfiler  v4.12.0,45 interrogating  Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways. Additionally, to iden-
tify  genes  whose  expression  profiles  were  closely  associated  with IGF1R
expression  across  all  samples,  we  calculated  pairwise  Pearson  correlation
coefficients between IGF1R and every other gene. Correlations with an FDR-
corrected P-value < 0.05 were deemed statistically significant.

 RESULTS
 Construction  of  a  single-cell  atlas  of  neonatal  and  adult  tree  sparrow
hearts

We  generated  single-cell  transcriptomic  atlases  of  the  avian  heart  from
neonatal  (n  =  9)  and adult  tree  sparrows (n  =  6)  (Figure  1A & Table  S1).  To
effectively  capture  the  large  adult  cardiomyocytes  (~100  μm  in  length),  we
applied  single-nucleus  RNA  sequencing  (snRNA-seq)  for  adult  tissues  and
scRNA-seq for  neonatal  hearts (see Materials  and Methods).  After  stringent
quality  control,  our  dataset  comprised  168,634  neonatal  cells  and  33,694
adult nuclei (Figure S1 & Tables S2–S4).

Unsupervised  clustering  of  neonatal  and  adult  datasets  independently
revealed  concordant  cell  type  annotations  despite  platform  differences
(Figure 1B). Using previously described cardiac cell-type markers (Table S5),28

we identified 11 major cardiac cell types. These included six cell types span-
ning  myocardial  (cardiomyocytes  (CMs)),  mesenchymal  (fibroblasts  (FBs),
pericytes  (PCs),  and  smooth  muscle  cells  (SMCs)),  endothelial  (endothelial
cells (ECs)),  and neural (Schwann cells (SCs)) lineages; three immune popu-
lations—macrophages (MPs), T cells (TCs), and monocytes (MNCs); and two
non-immune  blood  cell  types—thrombocytes  (THCs)  and  red  blood  cells
(RBCs).  Cell-type  contributions  were  balanced  across  biological  replicates,
and  clustering  remained  robust  upon  replicate  subsampling  (Figures  S2 &
S3). Gene Ontology analysis of marker genes confirmed expected functional
specializations;  for  example, “cardiac  muscle  tissue  development” was
enriched in CMs, “angiogenesis” in ECs, and “extracellular matrix organization”
in FBs (Figure S4).

The  cellular  composition  of  the  heart  was  found  to  be  highly  conserved
between  neonatal  and  adult  stages.  Homologous  cell  types  from  each  life
stage co-clustered closely in integrated Uniform Manifold Approximation and
Projection (UMAP) visualizations (Figure S5).  Furthermore,  canonical  marker
genes exhibited similarly high enrichment scores in both neonates and adults,
with  no  evidence  of  life-stage-specific  cell  populations  (Figures  1C & S6).
Together,  these data establish the first  single-cell  heart  transcriptomic atlas
of  a  wild  bird  across  two  life  stages,  extending  beyond  existing  embryonic
atlases in domestic birds.46

 Transcriptomic similarity of heart cell types between neonatal and adult
birds

The  conserved  cellular  identities  between  neonatal  and  adult  hearts

 

 

th
e-

 n
no

va
t o

n-
l f

e
ARTICLE    Animal Science   

6  　　　The Innovation Life 4(4): 100251, October 19, 2026 www.the-innovation.org/the-innovation-life

https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life


enabled a direct comparison of their transcriptomic profiles across life stages
(Figure 2A). We observed significant shifts in cellular abundance: for example,
the  proportion  of  CMs  decreased  from  22%  in  neonates  to  11%  in  adults,
whereas ECs increased from 13% to 31% (Figure 2B & Table S6). Concomi-
tant  with  the  higher  cardiomyocyte  proportion  in  neonatal  birds,  neonatal
hearts  showed  elevated  levels  of  mitochondria-encoded  RNAs,  consistent
with  higher  early-stage  metabolic  demand  (Figure  S7). Conversely,  mito-
chondrial  RNA content  was higher  in  adult  immune cells,  aligning  with  their
increased abundance in mature hearts (Figure S7).

We  next  assessed  transcriptomic  similarity  between  neonatal  and  adult
hearts by calculating expression correlations for each cell type. This analysis
revealed  that  while  CMs,  FBs  and  ECs  showed  the  greatest  transcriptional
similarity, the SCs,  SMCs and MNCs exhibited the least transcriptional  simi-
larity between life stages (Figure 2C). Notably,  overall  gene expression simi-
larity  was  generally  lower  within  adult  cell  types  than  within  neonatal  ones,
indicating  greater  transcriptional  heterogeneity  in  mature  hearts  (Table  S7).
Together,  these  results  demonstrate  that  shifts  in  both  cellular  abundance
and  transcriptional  regulation  contribute  to  heart  cell  type  heterogeneity
across developmental stages.

 Cellular heterogeneity and transcriptomic similarity of cardiac cell types
across tree sparrows, mice and humans

To investigate  the  cellular  and  transcriptional  basis  of  cardiac  specializa-
tion in endothermic vertebrates, we compared single-cell and single-nucleus
RNA  sequencing  data  from  tree  sparrows  with  publicly  available  datasets
from mice and humans (Table S8). We first employed CAME32 to align three
major cardiac cell types: CMs, FBs, and ECs, across species for neonatal and
adult  stages  independently.  Using  mouse  and  human  data  as  references,
CAME  assigned  tree  sparrow  cell  types  with  high  accuracy  (Figure  3A).
Matching  rates  between  tree  sparrows  and  both  mammalian  species  were
consistently  high  for  adults  (86.7–99.5%  for  tree  sparrow/human;
94.6–95.1%  for  tree  sparrow/mouse)  and  neonates  (89.5–99.0%  for  tree
sparrow/human;  90.3–98.6%  for  tree  sparrow/mouse).  These  interspecies

alignment  rates  were  similar  to  those  of  the  mouse-human  comparisons
(74.0–99.2%  for  adults  and  96.1–99.2%  for  neonates; Figure  3B).  Cell  type
identities  were  further  confirmed  by  marker  gene  expression  (Figure  3C).
Collectively,  these  results  demonstrate  that  the  major  heart  cell  types  are
conserved and well-aligned in tree sparrows, mice and humans.

The conserved identity of major heart cell  types across species enabled a
comparative analysis of their transcriptional states. We quantified within-cell-
type heterogeneity  using  transcriptomic  entropy,  where  higher  entropy  indi-
cates  greater  gene  expression  variability.  This  analysis  revealed  distinct,
species-specific  patterns  of  heterogeneity  across  life  stages.  In  humans,
cellular  heterogeneity  remained  relatively  stable  from  neonatal  to  adult
stages. In contrast, murine FBs and ECs showed significantly higher entropy
in neonates than in  adults.  Tree sparrows exhibited the opposite  trend,  with
CMs  and  ECs  displaying  greater  transcriptional  heterogeneity  in  adults
compared to neonates (Figure 3D).

To further evaluate the similarity of transcriptional profiles in homologous
cell types across species,  we analyzed expression correlations using Spear-
man’s coefficients based on highly variable genes. Despite substantial evolu-
tionary divergence between birds and mammals, and differences in develop-
mental stage, homologous cell types exhibited robust transcriptomic similar-
ity  across  species.  For  CMs,  transcriptomic  similarity  between  adult  and
neonatal  mouse/human  ranged  from  0.57  to  0.62,  comparable  to  values
observed between adult and neonatal human/tree sparrow (0.52 to 0.61) and
between adult and neonatal mouse/tree sparrow (0.58 to 0.62) (Figure 3E). In
FBs  and  ECs,  correlation  values  between  adult  mouse  and  human  (0.51  to
0.53)  were  in  a  range  similar  to  those  between  adult  human/tree  sparrow
(0.58  to  0.59)  and  mouse/tree  sparrow  (0.46  to  0.49)  (Figure  3E).  However,
cross-species  comparisons  of  neonatal  FBs  and  ECs  revealed  varying
degrees of  similarity:  while human/mouse and mouse/tree sparrow correla-
tions  were  0.59–0.62  and  0.60–0.61,  respectively,  human/tree  sparrow
correlations  were  notably  lower  (0.23–0.24).  These  results  indicate  that
developmental and evolutionary regulation of heart transcriptional programs
is  cell-type  dependent,  with  core  contractile  cells  under  strong  functional
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Figure 2.  Cellular  abundance  and  transcriptomic  similarity  between  neonatal  and  adult  stages (A)  Heart  cell  types  were  well-aligned  between  neonatal  and  adult  birds.  (B)
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constraint  and stromal/vascular  cells  displaying greater  regulatory  plasticity
across species and developmental stages.

 Conserved gene expression in cardiac cell types cross species
To  identify  evolutionarily  conserved  transcriptional  features,  we  defined

homologous genes expressed in CMs, ECs, and FBs across all three species.
After  filtering  lowly  expressed  genes,  we  analyzed  a  set  of  5,189–5,677
genes.  Unsupervised  k-means  clustering  for  each  cell  type  revealed  nine
gene  clusters,  each  containing  a  core  subset  of  genes  with  highly  similar
cross-species expression profiles (Figures 4A & S8–S10).

Notably, a substantial proportion of the identified cross-species conserved
genes  (40–45%,  244  out  of  541–606; Figure  S11)  are  shared  among  CMs,
FBs  and  ECs.  These  shared  genes  are  significantly  enriched  for  cardiac-
specific  biological  processes,  including  heart  and  muscle  development
(Figures  4B  & S12 & Table  S9).  Representative  conserved  genes  (e.g.,
SPTBN1 and DST; Figures  4C  &  D)  are  involved  in  actin  cytoskeleton,47-49

collagen synthesis and assembly (COL4A1, COL5A1, COL1A2, DCN),50 insulin-
like  growth  factor  signaling  (IGFBP7),51 and  muscle-specific  transcriptional
regulation (NFIA and NFIB).52 Notably, mutations in  these genes are  associ-
ated with cardiac developmental disorders and structural defects in humans
and model organisms,47-52 underscoring their essential role in heart biology.

Given that these conserved genes are critical for cardiac homeostasis, we
reasoned  that  their  dysregulation  might  also  contribute  to  cardiovascular
disease. If this hypothesis holds, then many conserved genes should overlap
with known cardiac disease susceptibility genes. To test this, we analyzed the
expression  patterns  of  known  cardiac  disease  susceptibility  genes  from

humans and mice (human heart diseases;38 human and murine heart pheno-
typic changes;39,40)  across species (Table S10). We observed strong correla-
tion in the expression profiles of these disease-related genes across species,
particularly in adult hearts (Figure 5). For example, correlations between tree
sparrows and both mice (rS = 0.53–0.66) and humans (rS = 0.52–0.72) were
high (3 out  of  18 comparisons)  and,  in  most cases (10 of  18 comparisons),
not significantly lower than those between mice and humans (rS = 0.58–0.75,
post-hoc Tukey’s Honest Significant Difference (HSD) tests, P > 0.05; Figure 5).
In neonatal  hearts,  however,  correlations between birds and mammals were
frequently  lower  than  those  between  mice  and  humans� (11 of  18  compar-
isons,  post-hoc  Tukey’s  HSD  tests, P <  0.05; Figure  5),  suggesting  greater
developmental divergence at early stages. This trend was consistent across
combined  gene  sets  (Figure  S13).  These  results  reveal  that  genes  critical
for  cardiac  development  and  function,  including  many  implicated  in  heart
disease,  exhibit  conserved  expression  between  avian  and  mammalian
lineages,  particularly  in  mature  hearts,  underscoring  the  shared  regulatory
programs that govern disease-associated loci.

 Regulatory  basis  underlying  cardiac  adaptation  in  high-elevation  tree
sparrows

The heart is highly sensitive to chronic hypoxia,  which can induce pheno-
typic changes such as cardiac hypertrophy. Based on our previous observa-
tions  of  cardiac  hypertrophy  in  high-elevation  tree  sparrows,12,15 and  the
current observation of conserved transcriptional regulation of heart cell types
across species,  we hypothesized that  the regulatory basis of  cardiac hyper-
trophy of tree sparrows is shared with mice and humans. We tested this by

 

 

th
e-

 n
no

va
t o

n-
l f

e  

A
Ad

ul
t

EC

FB

CM

N
eo

na
te

EC

FB

CM

Tr
an

sc
rip

to
m

ic
 

   
si

m
ila

rit
y

&

&

&

Low High
Scaled mean expression % expressed

0 25 50 75 100

Adult Neonate

CM FB EC CM FB EC

Adult Neonate

CM FB EC CM FB EC

0

20

40

60

En
tr

op
y

(a
ct

ua
l −

 p
er

m
u)

Adult Neonate

CM

0.57 0.53 0.51

0.61 0.59 0.58

0.58 0.46 0.49

0.62 0.59 0.62

0.52 0.24 0.23

0.62 0.60 0.61

FB EC CM FB EC

EC

97.0
98.7

99.5
89.5

94.7
90.3

CM

96.1
74.0

86.7
91.2

95.1
93.2

FB

97.3
99.0

94.6
98.6

99.2
99.2

Matching rate (%)
0 50 1000 50 100 0 50 100

ACTA2

ACTN2

PRKG1
MYH11

VWF
PODXL

PECAM1
LUM

COL1A2
GSN
DCN

TNNI1

TNNT2

B

C

D E 0.3 0.5 0.7

Figure 3.  Cross-species analysis of cardiac cell-type heterogeneity and transcriptomic similarity (A) Alignment of major cardiac cell types: cardiomyocytes (CM), fibroblasts
(FB), and endothelial cells (EC), across tree sparrows, mice and humans. (B) Cardiac cell type matching rates are similar between mice/humans and either mice/tree sparrows or
human/tree  sparrows.  (C)  Expression  of  cell  type  marker  genes  was  stable  across  the  species.  (D)  Transcriptomic  heterogeneity  within  each  cardiac  cell  type,  quantified  as
entropy. Higher entropy indicates greater transcriptional diversity among individual cells. Neonatal and adult stages are shown separately for each species. (E) Similarity in gene
expression profiles between species for each homologous cardiac cell type. Neonatal and adult stages are shown separately.

ARTICLE    Animal Science   

8  　　　The Innovation Life 4(4): 100251, October 19, 2026 www.the-innovation.org/the-innovation-life

https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life
https://www.the-innovation.org/the-innovation-life


L f

 

B

A C

D

0
1
2
3
4
5

0
1
2
3
4
5

0
1
2
3
4
5

H
um

an
M

ou
se

Tr
ee

 s
pa

rr
ow

SPTBN1 DST

Cell type
Species
Life stage

PTPRB
VWF

COL6A1
COL5A1

PLN
RYR2
ACTN2
MYBPC3
TTN

MEF2A
NFIB
NFIA
DST
SPTBN1

Z−score
Human Mouse Tree sparrow
CM FB EC

Adult Neonate

Ra
nk

 s
co

re

Adult

CM
Neonate Adult

FB
Neonate Adult

EC
Neonate

0.5

1.0

SPTBN1

0.5

1.0

DST

0.5

1.0

NFIA

0.5

1.0

NFIB

0.5

1.0

MEF2A

Actin filament−based process

Normalized
expression

Muscle cell development
Heart development
Actomyosin structure organization
Muscle structure development
Actin cytoskeleton organization
Muscle cell differentiation
Cardiac muscle tissue development
Heart process
Heart contraction

−Log10 FDR
0 10 20 30CM FB EC

−10 −5 0 5

Figure 4.  Conserved transcriptional programs in cardiac cell types across species (A) Identification of gene expression programs conserved across tree sparrows, mice and
humans versus those specific to each lineage. (B) Enrichment analysis of conserved genes revealed significant overrepresentation of biological processes related to heart and
muscle development. (C) Expression patterns of the highly conserved genes across species. (D) The genes SPTBN1 and DST exhibit pan-cardiac expression, conserved across
species.
 

Human & MouseTree sparrow & Human Tree sparrow & Mouse

Difference of correlation coefficient (r)

EC

FB

CM

Disease 
(274 genes)

Human phenotype 
(967 genes)

Mammalian phenotype
(2,185 genes)

Ad
ul

t

Difference of correlation coefficient (r)

Disease
(279 genes)

Human phenotype
(953 genes)

Mammalian phenotype
(2,269 genes)

−0.1 0.0 0.1 −0.1 0.0 0.1 −0.1 0.0 0.1 −0.1 0.0 0.1 −0.1 0.0 0.1 −0.1 0.0 0.1

ns

*

*

***
***

***

ns

ns

ns

ns

*

***

ns

ns

ns

ns

ns

*

ns
***

***

***
***

***

***

***

***
***

***

*** ns

ns

***

***

***
***

EC

FB

CM

N
eo

na
te

Figure 5.  Cross-species correlation of expression for cardiac disease susceptibility genes Pairwise comparisons (tree sparrows/mice, tree sparrows/humans, mice/humans)
were assessed using Spearman’s rank correlation Correlation coefficients for the mouse-human comparison were used as benchmarks and compared with those for the tree
sparrow-mouse and tree sparrow-human comparisons using post-hoc Tukey’s Honest Significant Difference (HSD) tests, *, P < 0.05; ***, P < 0.001; ns, non-significant. Red stars
denote species pairs (tree sparrow/mouse and tree sparrow/human) with higher correlation coefficients than the mouse/human pair. Blue stars denote pairs with lower correlation
coefficients.

  Animal Science     ARTICLE

The Innovation Life 4(4): 100251, October 19, 2026　　　  9



analyzing single-cell data from high-elevation (Gahai, 3,400 m a.s.l.) and low-
elevation populations (Cangzhou, 10 m a.s.l.) of tree sparrows (Figure 6A).

We  first  identified  cell-type  specific  DEGs  in  high-elevation  neonatal  and
adult  birds.  Very  few  DEGs  were  shared  between  adult  and  neonatal  birds,
and adults exhibited far more DEGs than neonates (Figure 6B). For example,
adult CMs showed 191 DEGs compared to only 22 in neonates, with just two
genes  in  common.  Functional  enrichment  also  differed:  adult  DEGs  were
associated with  cardiac  muscle  development,  whereas neonatal  DEGs were
linked to energy metabolism (Figure 6C).  Similar  patterns were observed for
FBs  and  ECs,  indicating  distinct  physiological  constraints  on  the  developing
versus mature heart in hypoxic environments.

We next  examined  whether  these  high-elevation  adaptation-related  DEGs
overlap  with  known  cardiac  disease  susceptibility  genes  from  human  and
mouse  databases.  Specifically,  26–39%  of  adult  high-elevation  DEGs  and
34–46%  of  neonatal  DEGs,  corresponded  to  mammalian  cardiac  disease
genes,  a  significant  enrichment  over  random  expectation  (permutation  test,
P <  0.05; Figures  6D  & S14).  This  indicates  that  genes  involved  in  hypoxia
adaptation  in  high-elevation  tree  sparrows  are  strongly  enriched  for  those
implicated in mammalian cardiac pathology.

 Regulatory changes of IGF1R underlying cardiomyocyte hypertrophy
Given our  prior  finding of  cardiac hypertrophy in  high-elevation tree spar-

rows,12,15 we  specifically  examined  cardiomyocyte-specific  DEGs.  These
genes  were  significantly  enriched  in  pathways  associated  with  hypertrophic
cardiomyopathy,  MAPK signaling pathway,  cytoskeleton in  muscle  cells  and

cardiac muscle contraction (Figure 7A). Among them, we identified the insulin-
like  growth  factor  1  receptor  (IGF1R),  which  encodes  a  tyrosine  kinase  that
activates  the  IGF1-PI3K-AKT-mTOR  pathway,  a  central  regulator  of  cardiac
growth  in  mammals.14,53 IGF1R expression  is  upregulated  in  hypertrophied
hearts  in  mice  and  humans,53,54 and  similarly,  we  observed  elevated IGF1R
expression in cardiomyocytes of high-elevation sparrows. Based on its func-
tional role,  we selected IGF1R for functional validation to determine whether
its regulatory changes contribute to avian cardiac hypertrophy.

To elucidate the functional role of IGF1R in the avian heart, we established
a  primary  neonatal  chicken  cardiomyocyte  culture  model.  Cardiomyocytes
were  transduced  with  an  adenovirus-mediated  overexpression  of IGF1R
tagged with green fluorescent protein (AD-IGF1R-mNeonGreen), while control
cells  received  an  mNeonGreen-only  adenovirus  (AD-mNeonGreen). Evalua-
tion  at  72  hours  post-transduction  revealed  that IGF1R overexpression
induced a significant increase in cardiomyocyte surface area compared with
the  AD-mNeonGreen  control  (Wilcoxon  rank-sum  test, P <  2.2e-16; Figure
7B).  This  hypertrophic  morphology  was  accompanied  by  a  concomitant
upregulation of canonical molecular markers of cardiac hypertrophy. Specifi-
cally, quantitative  analysis  confirmed  elevated  mRNA  levels  of  atrial  natri-
uretic peptide (NPPA) and α-skeletal actin (ACTA1) in AD-IGF1R-treated cells
relative to controls (Figure 7C).

Transcriptomic profiling further delineated the signaling mechanism asso-
ciated  with  this  phenotypic  change. IGF1R overexpression induced  signifi-
cant  alterations  within  its  canonical  downstream  IGF1-PI3K-AKT-mTOR
signaling cascade (Figure 7D). Among 362 genes annotated to the PI3K-AKT
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signaling  pathway,  41  were  differentially  expressed  (absolute  fold-change  >
1.25,  FDR-adjusted P <  0.05).  The  transcriptional  response  of  this  pathway
appeared  highly  coordinated:  the  expression  levels  of  these  41  pathway-
related DEGs showed a significantly stronger correlation with IGF1R expres-
sion than a background set of all  expressed genes (median correlation: 0.91
vs. 0.51; Wilcoxon rank-sum test, P < 2.2e-16; Figure 7E). In particular, genes
associated  with  cell  growth,  survival,  and  hypertrophic  remodeling  (e.g.,
BDNF, BCL2, CDK6,  and MYC)  were  upregulated,  whereas  the  mTOR
suppressor PRKAA2 was  significantly  downregulated  (Figure  7D).  Although
transcriptomic  data  alone  cannot  establish  the  functional  contribution  of
every individual DEG, the overall expression pattern is consistent with a coor-
dinated  hypertrophy-associated  signaling  response  following IGF1R overex-

pression. Collectively, these results suggest that IGF1R upregulation is suffi-
cient  to  induce  hypertrophy-like  morphological  and  molecular  features  in
avian  cardiomyocytes  and  trigger  PI3K-AKT-mTOR-associated transcrip-
tional changes, broadly consistent with its known roles in mammals.53,54

 DISCUSSION
Understanding the convergent evolution of the avian and mammalian heart

requires a comparative analysis of their cellular and molecular compositions.
To  address  this,  we  generated  the  first  single-cell  transcriptomic  atlas  of  a
wild  bird  heart  across  neonatal  and  adult  stages  (Figure  1B),  extending
beyond previous embryonic studies in domestic chickens.46

Our analyses reveal that although the core repertoire of cardiac cell types is

L f

 

E

A

B C

D

* ***

0

0.5

1.0

0
1.0

1.2

1.4

NPPA ACTA1

Tr
an

sc
rip

ts
 p

er
 m

ill
io

n 
(×

10
³)AD-IGF1R-mNeonGreen

50μmα-
Ac

tin
in

 m
Ne

on
Gr

ee
n

***

0

0.5

1.0

1.5

2.0

Ce
ll 

su
rfa

ce
 a

re
a 

(×
10

³ 
µm

²)

BackgroundPI3K-Akt 

***

signaling pathway

0

0.5

1.0

Ab
so

lu
te

 P
ea

rs
on

 

TRIM55

VCL
ANKRD1

ACTN2

NEBL

TTN

TPM4 PRKAG2

CACNA2D1
ATP2A2

UQCRFS1

TRDN

ACTC1

HSPB1

MKNK2

HSPA8

IGF1R
JUN

VEGFA

NR4A1

RASA1

Cardiac muscle contractionCytoskeleton in muscle cells

MAPK signaling pathway
Hypertrophic cardiomyopathy

AD-mNeonGreen

50μm

2.39-2.39

Log2 fold change

Pearson correlation coefficient
1
0.5
-0.5
-1

Mean expression

0 115 >230
VEGFD

IGF1R

MYC

TNC

ITGA3

LAMA1BCL2

IL6

KITLG

COL9A2

SYK

VWF

FN1

CSF1R

NGFR

ITGA1

CDK6

IGF2

GHR

CHAD

Cell cycle progression

PGF

Protein synthesis

TNXB

Cell survival

LAMA5

PRKAA2

ITGA2

IL4R

MCL1

CREB3L1

LAMA4

BDNF

BCL2L11

HGF

FLT3
COL6A3

FGF9

COMP

TLR4

COL6A1

IL2RG

LAMC1

COL9A3

co
rr

el
at

io
n 

co
ef

fic
ie

nt

Figure 7.  Overexpression of IGF1R mediates cardiomyocyte hypertrophy (A) Cardiomyocyte-specific DEGs are significantly enriched for pathways related to cardiac hypertrophy.
IGF1R, a key hub gene selected for functional validation, is highlighted in red. The susceptibility genes involved in cardiac diseases of humans and mice are indicated in blue. (B)
Functional  validation  of IGF1R in  vitro.  Representative  images  and  quantification  show  that  adenovirus-mediated IGF1R overexpression  (AD-IGF1R-mNeonGreen)  increases
cardiomyocyte size compared to controls (AD-mNeonGreen). Scale bar,  50 µm. Data are median ± SEM; n = 3 biological replicates; Wilcoxon rank-sum test,  ***, P <0.001. (C)
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the 41 DEGs in the PI3K-Akt pathway shows significantly stronger correlation with IGF1R expression (median r = 0.91) than a background set of all expressed genes (median r =
0.51; Wilcoxon rank-sum test, P < 2.2 × 10-16).
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shared between neonatal and adult hearts, their relative abundances undergo
substantial remodeling. The proportion of cardiomyocytes decreases by half
in  adulthood,  whereas  endothelial  cells  expand  markedly  (Figure  2B  &
Table  S6).  This  shift  is  consistent  with  the  transition  from  early  postnatal
growth to lifelong maintenance:  the juvenile  heart  requires a  high density  of
proliferative  cardiomyocytes,  whereas  the  mature  heart  relies  on  a  robust
vascular network to support sustained metabolic demand and tissue home-
ostasis.28 More  broadly,  this  pattern  echoes  the  evolutionary  trajectory  of
endothermic  hearts,  where  increased  vascularization  has  accompanied  the
rise of  high-pressure,  high-output circulatory systems. At  the transcriptional
level,  cell types such as smooth muscle cells and monocytes exhibit greater
divergence  in  adults  (Figure  2C  & Table  S7),  suggesting  that  functional
specialization,  particularly  in  vascular  regulation  and  immune  surveillance,
intensifies  with  maturation,  possibly  reflecting  the  increased  physiological
demands and disease susceptibility of the adult heart.

These  compositional  and  transcriptional  changes  are  accompanied  by
stage-specific metabolic signatures. Neonatal cardiomyocytes show elevated
mitochondrial RNA, likely reflecting the high energetic demand of rapid post-
natal growth, while adult immune cells display increased mitochondrial RNA
content corresponding to their greater abundance (Figure S7). This observa-
tion  aligns  with  a  fundamental  principle  of  vertebrate  cardiac  development:
energy metabolism shifts from glycolysis in the immature heart  to oxidative
phosphorylation in the adult, a transition that also supports the higher oxygen
requirements of  endothermic species.  Collectively,  our  findings demonstrate
that  avian  cardiac  maturation  is  driven  not  by  the  emergence  of  novel  cell
types,  but  by  dynamic  shifts  in  cellular  abundance  and  transcriptional
programs.

Our  cross-species  comparison  reveals  that  the  endothermic  vertebrates’
hearts  are  constructed  from  a  conserved  set  of  cellular  building  blocks,  yet
exhibit  dynamic,  cell-type-specific  patterns  of  transcriptional  regulation
across lineages  and  life  stages.  Cardiomyocytes  emerge  as  the  most  tran-
scriptionally conserved cell type across all species and developmental stages
(Figure  3E).  This  high  degree  of  conservation  reflects  stringent  functional
constraints  on  the  heart’s  electrophysiological,  contractile  and  secretory
processes.28 In  contrast,  non-myocyte  populations,  such  as  fibroblasts  and
endothelial  cells,  display  greater  plasticity  and  heterogeneity  across  species
and  developmental  stages  (Figure  3E). This  divergence  likely  reflects  adap-
tive  tuning  of  supportive  roles:  fibroblasts  modulate  extracellular  matrix
remodeling  in  response  to  species-specific  mechanical  demands,  while
endothelial cells adjust angiogenic and immune functions to match metabolic
needs.

We identified a set of conserved genes stably expressed across the major
cardiac cell types in birds, mice, and humans (Figure 4A). These genes func-
tion as essential, multifunctional regulators of core cardiac processes, includ-
ing structural maintenance and cellular signaling. Intriguingly, this conserva-
tion  extends  to  the  molecular  basis  of  cardiac  disease.  In  adult  hearts,  the
expression  patterns  of  genes  linked  to  human  cardiac  pathologies  are
conserved among tree sparrows, mice and humans (Figure 5), indicating that
fundamental pathways  of  cardiac  dysfunction  are  shared  across  endother-
mic  vertebrates.  Given  the  established  utility  of  mice  as  models  for  human
cardiac disease, the strong correlation observed between tree sparrows and
humans,  comparable  to  that  between  mice  and  humans,  may  suggest  that
avian models could offer valuable insights into cardiac disease mechanisms.
Although this correlation was somewhat diminished in neonatal hearts, likely
reflecting  developmental  plasticity,  the  overall  pattern  highlights  a  cross-
species  conserved  molecular  blueprint.  Collectively,  our  findings  tentatively
suggest  that  the  hearts  of  endothermic  vertebrates  are  constructed  and
maintained  by  a  conserved  genetic  program,  and  that  disruptions  to  this
program may lead to similar pathological remodeling across even evolution-
arily divergent species.

Comparative  analysis  of  high- and  low-elevation  tree  sparrows  revealed
that  cardiac  adaptation  to  chronic  hypoxia  is  life-stage  specific.  Adults  and
neonates  exhibit  largely  non-overlapping  sets  of  differentially  expressed
genes (DEGs), with distinct functional enrichments: adult DEGs were associ-
ated with cardiac muscle development,  whereas neonatal  DEGs were linked
to energy metabolism (Figures 6B & C).  This divergence reflects fundamen-
tally  different  physiological  demands:  neonates  prioritize  energy  production

under  low  oxygen,  while  adults  remodel  cardiac  structure  to  optimize
contractile efficiency and oxygen diffusion. Notably, 26–39% of adult adapta-
tion-related  DEGs  corresponded  to  known  cardiac  disease  susceptibility
genes  in  humans  and  mice,  a  statistically  significant  enrichment  beyond
random  chance  (Figures  6D  & S14).  This  similarity  suggests  that  the  core
molecular pathways regulating the heart’s response to environmental stress,
such as hypoxia, may be evolutionarily conserved and that these same path-
ways, when dysregulated, could also contribute to common cardiac diseases.

Examination  of  cardiomyocyte-specific  DEGs  in  high-elevation tree  spar-
rows  identified  significant  enrichment  for  hypertrophic  pathways,  including
the key gene IGF1R. To validate its functional role, we overexpressed IGF1R in
a chicken cardiomyocyte model, which induced cellular hypertrophy, support-
ing  a  contributory  role  of IGF1R in avian  cardiomyocyte  hypertrophy.  Tran-
scriptomic profiling revealed that IGF1R overexpression induces the expres-
sion of a core set of genes within the canonical IGF1-PI3K-AKT-mTOR path-
way, mirroring the pathway enrichment observed in high-elevation bird hearts
(Figure 7D).15 These results are consistent with the possibility that the IGF1R-
associated signaling cascade, a central driver of physiological cardiac hyper-
trophy,  is  conserved  between  birds  and  mammals,14,53 and  they  suggest  a
potentially shared molecular toolkit for cardiac growth.

Several limitations in the present study should be recognized regarding the
cross-life-stage and cross-species analyses. First, neonatal and adult single-
cell  data were generated using different  technical  platforms (scRNA-seq vs.
snRNA-seq),  which  may  introduce  bias  when  comparing  developmental
stages.  To  minimize  these  platform-specific  effects,  we  integrated  datasets
using  Seurat  integration,24 a  method  designed  to  align  shared  biological
signals while reducing technical variation. Nevertheless, we acknowledge that
neonate-adult comparisons remain subject to inherent technical and biological
biases. Second, the neonatal and adult categories represent coarse approxi-
mations;  precise  developmental  equivalence  across  such  phylogenetically
distant species is unattainable due to vast differences in absolute age, growth
rates, and developmental milestones. Consequently, observed transcriptional
differences must be interpreted with caution, as they may reflect a combina-
tion of true developmental differences, evolutionary divergence, technical arti-
facts arising from modality-specific biases, and residual stage-mismatch. An
additional limitation is the absence of in vivo experiments. Our in vitro overex-
pression experiments show that  enhanced IGF1R expression is  sufficient  to
induce  hypertrophy  and  PI3K-AKT  activation  in  avian  cardiomyocytes,  but
they do not demonstrate that IGF1R signaling is necessary for cardiac hyper-
trophy in vivo. Therefore, IGF1R should be considered a plausible contributor,
not  yet  a  required  mediator,  of  the  adaptive  phenotype  in  high-altitude  tree
sparrows.

 CONCLUSION
This study provides the first single-cell heart atlas of a wild bird across two

life  stages.  It  suggests  a  potentially  conserved  cellular  and  molecular
blueprint shared between birds and mammals, which may be associated with
both  adaptive  and  pathological  remodeling.  This  convergence  points  to  a
shared  regulatory  logic  in  the  hearts  of  endothermic  animals  and  hints  that
birds  could  serve  as  a  useful  model  for  certain  aspects  of  cardiac  biology.
Future  studies  might  build  on  this  atlas  to  explore  how  conserved  genetic
programs are integrated into species-specific  gene regulatory networks and
to  investigate  the  translational  potential  of  adaptive  mechanisms,  such  as
high-elevation  cardiac  hypertrophy.  Such  studies  could  also  offer  new
perspectives  on  hypoxia-mediated  cardiovascular  diseases  in  humans,
particularly given that birds are highly tolerant of hypoxia to support flight at
high elevation.55,56
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