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ABSTRACT

The  kidney  is  essential  for  maintaining  fluid,  electrolyte,
and  metabolite  homeostasis,  and  for  regulating  blood
pressure.  The pig  serves as  a  valuable  biomedical  model
for  human  renal  physiology,  offering  insights  across
different physiological states. In this study, single-cell RNA
sequencing was used to profile  138 469 cells  from 12 pig
kidney  samples  collected  during  the  embryonic  (E),
fattening (F), and pregnancy (P) periods, identifying 29 cell
types.  Proximal  tubule  (PT)  cells  exhibited  elevated
expression  of  metabolism-related  transcription  factors
(TFs),  including  GPD1,  ACAA1,  and  AGMAT,  with
validation across multiple individuals, periods, and species.
Fluorescence  homologous  double-labeling  of  paraffin
sections  further  confirmed  the  expression  of ACAA1  and
AGMAT  in  PT  cells.  Comparative  analysis  of  pig  and
human kidneys revealed a high degree of similarity among
corresponding  cell  types.  Analysis  of  cell-type
heterogeneity  highlighted  the  diversity  of  thick  ascending
limb (TAL) cells, identifying a TAL subpopulation related to
immune function. Additionally, the functional heterogeneity
of  kidney-resident  macrophages  (KRM)  was  explored
across  different  anatomical  sites.  In  the  renal  medulla,
KRM  were  implicated  in  phagocytosis  and  leukocyte
activation,  whereas in  the renal  pelvis,  they functioned as
ligands,  recruiting  neutrophils  with  bactericidal  activity  to
the renal pelvis to combat urinary tract infections.
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INTRODUCTION

The  kidney  plays  a  vital  role  in  maintaining  fluid,  electrolyte,
and  metabolite  homeostasis  while  regulating  blood  pressure
(Alpern  et al.,  2012;  Guyton  &  Hall,  2005).  As  interest  in
kidney  health  grows,  investigating  renal  function  across  key

physiological  periods  is  essential  for  understanding  adaptive
mechanisms and potential pathological processes. During the
fattening  period,  the  kidney  undergoes  metabolic  and
physiological adjustments postnatally as it matures into a fully
functional  organ.  Pregnancy  induces  substantial  anatomical
and  physiological  modifications,  including  changes  in  kidney
size, glomerular filtration, and tubular function (Beers & Patel,
2020;  van  de  Velde  et al.,  2013).  Pregnancy-related  renal
disorders, such as acute kidney injury (AKI) and hypertensive
complications (such as preeclampsia),  pose significant health
risks (Cornelis et al., 2011; Jim & Garovic, 2017; Szczepanski
et al.,  2020).  In  individuals  with  pre-existing  chronic  kidney
disease (CKD), pregnancy-associated hemodynamic changes,
such as  increased blood volume,  impose additional  strain  on
renal function, exacerbating the risk of complications (Fischer,
2007).  However,  direct  investigation of  kidney function during
pregnancy  in  humans  is  limited  due  to  ethical  and  technical
constraints  in  obtaining  renal  tissue,  impeding  our
understanding of pregnancy-induced renal adaptations.
In  addition  to  murine  models,  which  are  widely  used  in

kidney disease research (Miao et al., 2024), pigs serve as an
alternative  biomedical  model  due  to  their  anatomical  and
physiological  similarities  to  humans  (Lunney  et al.,  2021).
Recent advances in single-cell RNA sequencing (scRNA-seq)
have enabled detailed characterization of cellular composition
and  functions  in  human  and  murine  kidneys,  highlighting  the
complexity  and  diversity  of  cellular  heterogeneity  and
regulatory dynamics at single-cell resolution (Lake et al., 2023;
Miao  et al.,  2021;  Muto  et al.,  2021;  Stewart  et al.,  2019).
Single-cell/single-nucleus  transcriptomic  studies  in  pig  are
also  expanding,  offering  novel  insights  into  renal  physiology
(Rao et al., 2023; Wang et al., 2022; Xiao et al., 2024b; Yang
et al.,  2023; Zhang  et al.,  2022).  Existing  scRNA-seq  studies
of  pig  kidneys  have  primarily  focused  on  cell  atlas
construction,  specific  cell  populations,  or  pathological
conditions (Cheung et al.,  2024; Liu et al.,  2023; Wang et al.,
2022; Zimmerman et al., 2019), but a comprehensive analysis
across  multiple  physiological  periods  and  anatomical  regions
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remains lacking.
This  study  employed  scRNA-seq  to  profile  138  469  cells

from 12 pig kidney samples spanning embryonic (E), fattening
(F),  and  pregnancy  (P)  periods,  identifying  29  distinct  cell
types.  Proximal  tubules  (PT)  exhibited  high  expression  of
metabolism-associated  transcription  factors  (TFs),  including
GPD1, ACAA1,  and AGMAT,  with  validation  across  multiple
individuals,  periods,  and  species.  Fluorescence  homologous
double-label  staining  of  paraffin  sections  further  confirmed
ACAA1  and  AGMAT  expression  in  PT  cells.  Comparative
analysis of pig and human kidneys showed a greater level of
similarity among corresponding cell types. Investigation of cell-
type  heterogeneity  emphasized  the  diversity  of  thick
ascending  limb  (TAL)  cells,  identifying  a  cluster  of  TAL  cells
related  to  immune  function.  Furthermore,  functional
heterogeneity  of  kidney-resident  macrophages  (KRM)  was
examined  across  different  anatomical  sites.  In  the  renal
medulla, KRM were implicated in phagocytosis and leukocyte
activation, whereas in the renal pelvis,  they acted as ligands,
recruiting  neutrophils  with  bactericidal  activation  to  the  renal
pelvis to combat urinary tract infections. 

MATERIALS AND METHODS
 

Ethical approval
The Animal Ethics Committee of Jiangxi Agricultural University
approved all experiments involving pigs (JXAULL-202150). 

Pig kidney tissue collection
Twelve kidney samples were obtained from nine healthy Large
White  pigs  across  three  physiological  periods:  three
individuals  during pregnancy (gestational  days 107,  110,  and
111), two during the fattening period (postnatal day 150), and
four  during  the  embryonic  period  (embryonic  days  107,  110,
and  111)  (Supplementary  Table  S1).  Within  30  min  post-
mortem, the renal cortex (RC), renal medulla (RM), and renal
pelvis (RP) were excised and immediately immersed in tissue
preservation solution for further processing. 

ScRNA-seq  tissue  isolation  and  cell  suspension
preparation
For embryonic and fattening-period pigs, mixed RC, RM, and
RP  samples  were  combined  in  a  2:2:1  weight  ratio.  In
contrast, for pregnancy-period pigs, each anatomical site was
processed  as  an  independent  sample.  Two  distinct  tissue
dissociation  protocols  were  applied  based  on  sample  type
(Supplementary Table S2). 

Reverse  transcription,  amplification,  and  library
construction
Single-cell  suspensions  (2×105  cells/mL)  in  phosphate-
buffered  saline  (PBS,  HyClone,  USA)  were  loaded  onto  a
microwell  chip  using  the  Singleron  Matrix®  Single  Cell
Processing  System  (China).  Barcoding  beads  were  collected
from  the  microwell  chip,  followed  by  reverse  transcription  of
mRNA captured by the beads to synthesize cDNA, which was
subsequently  subjected  to  PCR  amplification.  The  resulting
cDNA was fragmented and ligated with sequencing adapters.
The  scRNA-seq  libraries  were  constructed  using  the
GEXSCOPE®  Single  Cell  RNA  Library  Kit  (Singleron),
following  the  manufacturer’s  protocols  (Dura  et al.,  2019).
Individual  libraries  were  diluted  to  4  nmol/L,  pooled,  and
sequenced on the Illumina NovaSeq 6000 platform (USA) with
150 bp paired-end reads. 

Primary analysis of raw read data
Raw  sequencing  reads  were  processed  using  CeleScope
v.1.16.2 (https://github.com/singleron-RD/CeleScope) with the
Sscrofa 11.1 reference genome to generate gene expression
matrices. 

Quality control
Quality  control,  dimensionality  reduction,  and  clustering  were
performed using  Scanpy  v.1.9.2  (Wolf  et al.,  2018)  in  Python
v.3.10.8.  Expression  matrices  were  filtered  according  to  the
following  criteria:  (1)  cells  with  fewer  than  300  or  more  than
5  000  detected  genes  were  excluded;  (2)  cells  with  a  total
Unique  Molecular  Identifier  (UMI)  count  exceeding  30  000
were excluded; (3) cells with mitochondrial content exceeding
35% were excluded; (4) genes expressed in fewer than three
cells  were  excluded;  and (5)  potential  doublet  cells  predicted
by  Scrublet  v.0.2.3  (Wolock  et al.,  2019)  with  a  score>0.10
were excluded. 

Data merging, integration, and annotation
Filtered  gene  expression  matrices  were  merged,  and  data
normalization  was  performed  using  the  NormalizeData
function  in  the  Seurat  R  package  (Hao  et al.,  2021).  The
FindVariableFeatures  function  was  applied  to  select  the  top
2  000  highly  variable  genes  for  downstream  integration.
Experiment  batch  effect  correction  was  achieved  using  the
FindIntegrationAnchors  and  IntegrateData  functions.  The
integrated  dataset  was  then  scaled  with  the  ScaleData
function,  followed  by  principal  component  analysis  (PCA)
using  the  RunPCA  function.  Dimensionality  reduction  was
conducted  with  the  RunUMAP  function,  utilizing  the  top  30
principal  components  in  the  Uniform  Manifold  Approximation
and  Projection  (UMAP)  algorithm.  Cell  clustering  was
performed  with  the  FindNeighbors  function,  using  the  top  30
principal  components,  and  clusters  were  identified  by  setting
the  resolution  to  0.8  in  the  FindClusters  function.  Five  main
cell  types  were  annotated,  including  epithelial  cells  (EpC),
endothelial cells (EC), fibroblasts (Fib), immune cells (IM), and
smooth muscle cells (SMC).
Subtype  annotation  was  performed  for  EpC,  IM  and  EC,

with  EpC used as  a  representative  example.  EpCs were  first
extracted  from  the  filtered  dataset,  and  raw  count  matrices
were  normalized  and  log-transformed  using  the
scanpy.pp.normalize_total  and  scanpy.pp.log1p  functions  in
Python.  The  top  2  000  highly  variable  genes  were  selected
with  scanpy.pp.highly_variable,  followed  by  PCA  using
scanpy.tl.pca.  To  eliminate  experiment  batch  effects,  data
integration  was  performed  with  Harmony  (Korsunsky  et al.,
2019). Dimensionality reduction and clustering were executed
with  scanpy.tl.umap  and  scanpy.tl.louvain,  respectively.  Cell
clusters  were  annotated  based  on  canonical  marker  genes
curated  from  published  datasets,  including  PanglaoDB,  The
Human  Protein  Atlas,  and  existing  literature  (Balzer  et al.,
2022; El-Achkar et al., 2021; Franzén et al., 2019; Lake et al.,
2023; Uhlén et al., 2015). 

Validation of cell-type annotation
Cell  annotation  accuracy  was  validated  using  the
FindTransferAnchors  and  TransferData  functions  in  Seurat,
establishing  a  correspondence  between  pig  kidney  cells
(query dataset)  and reference datasets of  human and mouse
kidney  cells.  Prediction  scores  were  computed  for  each  cell
and  median-averaged  across  cell  types  (Reynolds  et al.,
2021).  Publicly  available  datasets  were  obtained  from  2023
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Human  Kidney  Nature  (https://cellxgene.cziscience.com/
collections/bcb61471-2a44-4d00-a0af-ff085512674c),  2019
Human  Kidney  Science  (https://explore.data.humancellatlas.
org/projects/abe1a013-af7a-45ed-8c26-f3793c24a1f4),  and
2021  Mouse  Kidney  Nature  Communications  (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE157079). 

Identification of cell type-specific TFs
Cell  type-specific  TFs  were  identified  based  on  gene
specificity  scores  (tau),  calculated  as  follows  (Suo  et al.,
2018):

tau =
∑i= ( − x̂i)

n − 

x̂i =
xi

max(xi) (1)

xi
i, n

where   represents the average normalized gene expression
of  a  given  cell  type    is  the  number  of  cell  types,  and  tau
represents the gene specificity score for the cell type with the
highest  gene  expression.  Cell  type-specific  TFs  were  filtered
using tau>0.8. 

Gene regulatory network inference using pySCENIC
Gene  regulatory  networks  were  inferred  using  pySCENIC
v.0.12.1  (Aibar  et al.,  2017;  Van  de  Sande  et al.,  2020).
Filtered raw read counts and a curated list of human TFs were
used  as  inputs  for  the  GRNBoost2  algorithm  to  identify  co-
expression modules.  Regulons,  defined as TF-centered gene
regulatory  units,  were  determined  by  identifying  direct  target
genes  while  excluding  others  based  on  motif  enrichment
analysis  around  transcription  start  sites,  using  cisTarget
databases. The Human TF list was obtained from (https://github.
com/aertslab/pySCENIC/blob/master/resources/hs_hgnc_tfs.t
xt), and the cisTarget database was downloaded from (https://
resources.aertslab.org/cistarget/).  Regulon  activity  was
quantified  using  AUCell,  which  calculates  the  area  under  the
recovery  curve,  while  the  regulon  specificity  score  (RSS)
(Cabili et al., 2011; Yanai et al., 2005) was used to identify cell
type-specific regulons. 

Fluorescence  homologous  double-label  staining  of
paraffin sections
Paraffin-embedded  tissue  sections  were  subjected  to  a
sequential  staining  protocol  to  ensure  high  specificity  and
fluorescence  signal  integrity.  The  sections  were  first
deparaffinized by sequential immersion in three environmental
dewaxing  solutions  for  10  min  each,  followed  by  dehydration
in  absolute  ethanol  (three  successive  5  min  washes).
Rehydration  was  performed  by  washing  the  sections  in
distilled water. For antigen retrieval, sections were treated with
a  specific  antigen  retrieval  buffer  under  controlled  conditions
to prevent excessive evaporation and tissue drying. Following
retrieval,  the  slides  were  allowed  to  cool  naturally  and  were
washed  three  times  in  PBS  (pH  7.4)  using  a  decolorizing
shaker,  each  wash  lasting  5  min.  To  minimize  endogenous
peroxidase activity, tissue regions were circumscribed using a
hydrogen peroxide-sealed histochemical pen and incubated in
3%  hydrogen  peroxide  solution  at  room  temperature  for  25
min in the dark. The sections were then washed three times in
PBS  (pH  7.4)  for  5  min  per  wash.  Serum  blocking  was
performed  by  drying  the  PBS  and  adding  bovine  serum
albumin  (BSA).  For  primary  antibodies  derived  from  rabbits,
10%  goat  serum  was  used  for  blocking,  while  3%  BSA  was
applied  for  other  primary  antibodies.  The  blocking  step  was
carried  out  for  30  min  to  prevent  nonspecific  binding.

Following blocking, the first primary antibody was applied, and
the  sections  were  incubated  overnight  at  4°C in  a  humidified
chamber. After incubation, the slides were washed in PBS (pH
7.4)  and  incubated  with  a  horseradish  peroxidase  (HRP)-
conjugated  secondary  antibody  for  50  min  at  room
temperature. Excess antibody was removed by three washes
in PBS (pH 7.4), each lasting 5 min. Fluorescent labeling was
achieved using tyramide signal amplification (TSA). After slight
drying, TSA dye was applied to the tissue, and the slides were
incubated  at  room  temperature  for  10  min  in  the  dark.  The
reaction was terminated by washing the slides three times in
TBST,  with  each  wash  lasting  5  min.  To  enhance  antigen
retrieval  for  the  second  round  of  labeling,  sections  were
placed  in  an  antigen  retrieval  buffer  and  subjected  to
microwave  heating.  The  heating  cycle  included  8  min  at
medium power, followed by 7 min at medium-low power. The
same  antigen  retrieval  solution  was  used  as  in  the  initial
retrieval  step.  Following antigen retrieval,  the second primary
antibody  was  applied,  and  the  sections  were  incubated
overnight at 4°C in a humidified chamber. After incubation, the
slides were washed three times in PBS (pH 7.4),  followed by
the  application  of  a  fluorescent  secondary  antibody.  The
sections were incubated at room temperature for 50 min in the
dark,  then  washed  three  times  in  PBS  (pH  7.4),  with  each
wash  lasting  5  min.  Nuclei  were  counterstained  with  4’,6-
diamidino-2-phenylindole  (DAPI)  by  applying the dye solution
to  the  sections  and  incubating  them at  room temperature  for
10  min  in  the  dark.  To  reduce  background  autofluorescence,
the  sections  were  washed  three  times  in  PBS  (pH  7.4)  and
incubated  with  an  autofluorescence  quenching  solution  for  5
min,  followed  by  a  10  min  rinse  in  distilled  water.  If
fluorescence  signal  preservation  was  required  for  specific
tissue  structures,  this  quenching  step  was  omitted.  The
sections  were  mounted  using  an  anti-fading  fluorescence
mounting  medium  to  ensure  long-term  fluorescence  signal
stability.  Imaging  was  performed  with  the  following  excitation
and emission wavelengths: DAPI (330–380 nm / 420 nm), 488
nm channel (465–495 nm / 515–555 nm), CY3 (510–560 nm /
590 nm), and CY5 (608–648 nm / 672–712 nm). 

Cross-species integration analysis
Publicly  available  human  kidney  scRNA-seq  data  (2023
Human  Kidney  Nature)  were  obtained  from  https://cellxgene.
cziscience.com/collections/bcb61471-2a44-4d00-a0af-
ff085512674c.  Healthy  adult  human  kidney  cells  were
extracted from this dataset and integrated with pig kidney cells
from  the  fattening  (F)  and  pregnancy  (P)  periods.
Normalization  was  performed  using  the  NormalizeData
function,  and  the  top  2  000  variable  genes  were  identified
using the FindVariableFeatures function. Data integration was
conducted  using  the  FindIntegrationAnchors  and
IntegrateData  functions,  followed  by  scaling  with  the
ScaleData  function  and  dimensionality  reduction  via  PCA
using  the  RunPCA  function.  Integrated  datasets  were
visualized using UMAP plots, with cell types from human and
pig samples distinguished by color. Cell types represented by
fewer  than  30  cells  were  excluded,  and  the  remaining  cell
populations  were  reclassified  based  on  cross-species
annotation. 

Cross-species cell type similarity analysis
Cell  type  similarity  across  species  was  quantified  using
MetaNeighbor (Crow et al.,  2018), allowing for the systematic
assessment of conserved cellular identity between human and
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pig kidney cells. 

Disease module identification using the OMIM database
Disease  association  analysis  was  performed  based  on  a
previously  established  statistical  approach  (Eraslan  et al.,
2022).  A  total  of  229  disease-topic  models  were  constructed
using clinical feature similarity data from the Online Mendelian
Inheritance in Man (OMIM) database (Amberger et al., 2019). 

Heterogeneity of TAL cells
TAL cells were extracted from the filtered dataset, and the raw
count  matrix  was  normalized  and  log-transformed  using  the
scanpy.pp.normalize_total  and  scanpy.pp.log1p  functions  in
Python.  The  top  2  000  highly  variable  genes  were  selected
using  scanpy.pp.highly_variable,  and  PCA  was  performed
using  the  scanpy.tl.pca  function.  Experiment  batch  effect
correction  was  applied  using  Harmony  to  ensure  data
integration.  Dimensionality  reduction  was  performed  using
scanpy.tl.umap,  and  clustering  was  performed  using
scanpy.tl.louvain at a resolution of 0.5. 

TAL pseudo-cell construction
To  enhance  resolution  in  TAL  subtype  analyses,  pseudo-cell
populations  were  generated  by  randomly  aggregating  raw
read counts from groups of 50 TAL cells within each subtype. 

Weighted gene co-expression network analysis (WGCNA)
Pseudo-cell datasets for each TAL subtype were merged, and
gene  filtering  was  conducted  using  OGFSC in  R  (Hao  et al.,
2019).  Co-expression  network  analysis  was  performed  using
the  WGCNA  package  in  R  (Langfelder  &  Horvath,  2008)  to
identify gene modules associated with TAL cell function. 

Pathway enrichment analysis
Functional  enrichment  analysis  was  conducted  using  the
ClueGO  plugin  (Bindea  et al.,  2009)  in  Cytoscape.  The
Benjamini-Hochberg  method  was  employed  for  multiple
testing  correction,  with  a  threshold  of  adjusted  P<0.05  to
define significantly enriched pathways. 

Variations  in  cell  type  proportions  across  anatomical
sites in the P period
For  the  P  period,  a  cell  type  was  retained  for  analysis  if  it
constituted  at  least  20%  of  the  total  kidney  cells  across  all
three physiological periods. If below 20%, it was still  included
if  its  average  cell  count  per  sample  exceeded  75  cells.
Enrichment  of  cell  types  within  specific  anatomical  sites,
including  the  RC,  RM,  and  RP,  was  assessed  using  the
Speckle package in R (Phipson et al., 2022). A false discovery
rate  (FDR)  threshold  of  0.05  was  applied  to  filter  out  non-
significant cell type enrichments. 

Cell-cell communication analysis
Intercellular communication networks within the RC, RM, and
RP were inferred using CellChat v.1.6.1 in R (Jin et al., 2021).
Cell  types  with  fewer  than  30  cells  per  anatomical  site  were
excluded.  Significant  ligand-receptor  interactions  (P<0.05)
between  cell  populations  were  retained  for  downstream
analyses. 

Stereo-seq data
RM  samples  were  embedded  in  Tissue-Teck  OCT  within  30
min post-resection after removing excess fluid. Samples were
flash-frozen in dry ice and subsequently stored at −80°C until
further processing. Cryosections (10 µm thick) were prepared
using a Leica CM1950 cryostat and immediately mounted onto
Stereo-seq chips.  Spatial  transcriptomic data were generated

following  the  STOmics  Gene  Expression  Set-S1  protocol
(https://www.stomics.tech/),  an  optimized  version  of  the
original  procedure  (Chen  et al.,  2022).  Briefly,  10  µm  tissue
sections were adhered to Stereo-seq chips and incubated for
3 min at 37°C on a slide warmer. Sections were then fixed in
−20°C methanol  for  30 min,  followed by staining with  nucleic
acid dye (Thermo Fisher, Q10212, USA) and imaging using a
Nikon  Eclipse  Ti-7  microscope  (Japan).  Following  tissue
permeabilization  for  18  min,  cDNA  synthesis  and  purification
were  performed  directly  on  the  Stereo-seq  chips.  Indexed
cDNA  libraries  were  then  constructed  according  to  the
manufacturer’s  protocols  and  sequenced  on  an  MGI
DNBSEQ-Tx sequencer (50 bp for read 1, 100 bp for read 2).
Post-sequencing,  raw  in  situ  spatial  transcriptomic  data
underwent  quality  control  and  unsupervised  clustering,  as
described  previously  (Chen  et al.,  2022).  Expression  profile
matrices  were  generated  using  SAW,  an  analysis  pipeline
available  on  GitHub  (https://github.com/BGIResearch/SAW).
Briefly,  invalid  CID  sequences  (tolerating  a  single-base
mismatch)  and low-quality  UMI sequences (quality  score<10)
were  filtered.  Reads  were  then  aligned  to  the  Sscrofa  11.1
reference genome using STAR, and expression matrices were
generated.  Cell  clustering  and  annotation  were  performed
using Scanpy v.1.10.2. 

RESULTS
 

Single-cell atlas of the pig kidney
To depict the pig kidney cellular landscape, a comprehensive
single-cell  transcriptomic  map  was  derived  from  12  kidney
samples  collected  from  nine  individuals  (five  males  and  four
females)  across  three  physiological  periods:  E  (embryonic
days 107, 110, and 111), F period (postnatal day 150), and P
(pregnancy  days  107,  110,  and  111).  At  the  P  period,  the
kidney  was  further  subdivided  into  three  anatomical  sites,
including  the  RC,  RM,  and  RP  (Figure  1A;  Supplementary
Table  S1).  Following  stringent  quality  control,  138  469  high-
quality  single  cells  were  retained,  with  a  median  of  828
detected  genes  per  cell.  To  correct  for  experiment  batch
effects,  data  integration  was  performed  using  the
FindIntegrationAnchors and IntegrateData functions in Seurat,
ensuring  effective  cross-sample  alignment.  UMAP
visualization  confirmed  successful  batch  correction
(Supplementary  Figure  S1A,  B).  Graph-based  Louvain
clustering (Levine et al.,  2015) identified five major cell  types,
including epithelial cells (EpC), endothelial cells (EC), immune
cells  (IM),  fibroblasts  (Fib),  and  smooth  muscle  cells  (SMC),
using CellID in R (Cortal et al., 2021). Subtype annotation was
conducted  for  the  EpC,  EC,  and  IM  populations  based  on
canonical  marker  genes  retrieved  from  public  databases
(Franzén  et al.,  2019;  Uhlén  et al.,  2015)  and  published
literature  (Balzer  et al.,  2022;  El-Achkar  et al.,  2021;  Lake
et al.,  2023)  (Figure  1B,  C).  A  total  of  29  distinct  cell  types
were identified, including renal tubule cells (PT, DTL, TAL, PC,
and  IC),  endothelial  subpopulations  (ECGC,  ECDVR,  and
ECPTC),  and immune cells  (T,  NKT,  B,  Plasma,  PDC,  KRM,
and Neu), in addition to Fib and SMC (Figure 1B). These cell
types were detected across all samples, spanning both sexes
and  all  periods  (Figure  1D).  To  validate  the  accuracy  of  cell
annotation, reference datasets were downloaded (Lake et al.,
2023; Miao et al., 2021; Stewart et al., 2019). Comparison with
these  references  demonstrated  higher  prediction  scores  for
corresponding  kidney  cell  types,  as  assessed  using  the
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Figure 1  ScRNA-seq identification of kidney cells across multiple periods and anatomical sites

A:  Schematic  representation  of  experimental  design.  B:  UMAP  visualization  of  138  469  cells  from  12  samples  collected  from  nine  individuals,
annotated  into  29  distinct  cell  types,  including  nephron  progenitors  (NPC),  proximal  tubule  (PT),  descending  thin  limb  (DTL),  descending  thin
limb/ascending thin limb (DTL/ATL), thick ascending limb (TAL), thick ascending limb (macula densa) (TAL_MD), descending thin limb/ascending
thin  limb/connecting  tubule  (DTL/ATL/CNT),  descending  thin  limb/ascending  thin  limb/thick  ascending  limb/collecting  duct  principal  cells
(DTL/ATL/TAL/CDPC),  distal  tubule  (DT),  connecting  tubule  (CNT),  principal  cells  (PC),  intercalated  cells  (IC),  podocytes  (POD),  urothelial  cells
(UC), lymphatic endothelial cells (LEC), vascular endothelial cells (VEC), glomerular endothelial cells (ECGC), descending vasa recta of endothelial
cells  (ECDVR),  peritubular  capillaries  of  endothelial  cells  (ECPTC),  T  cells  (T),  natural  killer  T  cells  (NKT),  B  cells  (B),  Plasma,  plasmacytoid
dendritic  cells  (PDC),  kidney  residual  macrophages  (KRM),  macrophages  (Mac),  neutrophils  (Neu),  fibroblasts  (Fib),  and  smooth  muscle  cells
(SMC). C: Heatmap of manually selected marker genes for the 29 identified cell types. D: Bar plot summarizing, from left to right, cell count, sex
contribution, sample contribution, anatomical site contribution, and period contribution in each cell type.
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FindIntegrationAnchors  and  TransferData  functions  in  Seurat
(Supplementary Figure S2A–D). 

Cell type-specific TFs and regulatory landscape of the pig
kidney
TFs  play  a  crucial  role  in  regulating  gene  expression,
orchestrating  cell  cycle  progression  and  determining  cell  fate
(Latchman,  1997; Young,  2011).  At  a  tau  threshold  of  >0.80,
298  TFs  exhibited  cell  type-specific  expression  (Figure  2A),
including SIX2  and UNCX  in  NPC, FOXA1  in  UC, GATA3  in
PC, FOXI1  in  IC, TCF7  in  T,  and REL  in  Mac.  Several  well-
characterized  TFs  were  enriched  in  PT  cells,  including
HNF4A, a key regulator of PT maturation from PT progenitors.
Loss  of  HNF4A  has  been  shown  to  lead  to  developmental
arrest  of  PT  progenitors  (Marable  et al.,  2020).  Additionally,
previously  unreported  PT-specific  TFs  were  identified.  For
example, A1CF  (tau=0.93),  characterized  as  an  antagonistic
factor  of  kidney  fibrosis  via  epithelial-mesenchymal  transition
(EMT)  inhibition  (Huang  et al.,  2016),  was  specifically
expressed  in  PT.  PT  cells  also  exhibited  high  expression  of
metabolism-associated TFs, such as GPD1 (tau=0.84), which
contributes  to  NADH  production  for  ATP  synthesis,  AGMAT
(tau=0.95),  which  participates  in  the  urea  cycle  and  amino
group metabolism, and ACAA1 (tau=0.85), which plays a role
in lipid metabolism (Wanders et al., 2001; Wang et al., 2021b)
(Figure  2B).  These  TF  expression  patterns  were  consistently
detected  across  all  three  physiological  periods  and  multiple
individuals in pigs (Supplementary Figure S3A). Fluorescence
homologous  double-label  staining  of  paraffin-embedded
sections further confirmed ACAA1 and AGMAT expression in
PT  cells  (Figure  2C).  The  expression  patterns  of  these  TFs
were  further  examined  in  other  species,  including  humans
(Tabula Sapiens Consortium et al., 2022), Macaca fascicularis
(Han  et al.,  2022), Mus  musculus  (Tabula  Muris  Consortium
et al., 2018), using single-cell or single-nucleus RNA-seq data.
Results  showed that GPD1 was highly  expressed in  PT cells
across  all  four  species,  while AGMAT was  conserved across
three  species  and  ACAA1  was  detected  in  two  species
(Supplementary Figure S3B–D).
To  further  investigate  TF-driven  regulatory  networks  and

cellular  states,  Single-cell  Regulatory  Network  Inference  and
Clustering (SCENIC) (Aibar et al.,  2017; Van de Sande et al.,
2020)  was  applied  to  infer  TF  regulon  activity.  SCENIC
analysis  revealed  strong  enrichment  in  UNCX  and  HOXC10
regulon activity in NPC, HNF4A, HNF4G, MAF, and NR1H4 in
PT,  ESRRB in  TAL  (a  segment  of  loop  of  Henle),  GATA3  in
PC, FOXI1 in IC, WT1 in POD and FOXA1 in UC (Figure 2D,
E; Supplementary Figure S3E).  ESRRB is an orphan nuclear
receptor  essential  for  early  development  and  pluripotency
(Festuccia  et al.,  2018;  Muto  et al.,  2021),  with  reported
enrichment  in  TAL  cells  at  the  chromatin  accessibility  level
(Muto et al.,  2021). FOXI1,  a TF specifically  expressed in IC,
is critical for IC differentiation (Blomqvist et al., 2004). GATA3
has been shown to  transactivate AQP2,  a  known PC marker
(Uchida et al.,  1997).  In the present study, ELF5,  a predicted
GATA3 target  gene,  was highly  expressed in  PCs (tau=0.95)
(Supplementary  Table  S3).  Previous  studies  have
demonstrated that ELF5 activates PC-specific gene promoters
and  maintains  AQP2  expression  levels  during  kidney
development (Grassmeyer et al., 2017). 

Human-pig cross-species comparison of kidney cell types
Single-cell  transcriptomics  enables  direct  comparisons  of
cellular  composition  and  transcriptomic  dynamics  across

species.  To assess the conservation of  kidney cell  types,  pig
kidney  scRNA-seq  data  were  integrated  with  human  kidney
data  (Lake  et al.,  2023).  The  integrated  dataset  comprised
124 952 cells,  including 20 490 human cells  and 104 462 pig
cells  (Supplementary  Table  S4).  UMAP  visualization
demonstrated  that  most  cell  types  were  represented  in  both
species,  with  corresponding  human  and  pig  cell  types
clustering  closely  together  (Figure  3A,  B;  Supplementary
Figure  S4A,  B).  The  similarity  of  cell  types  between  species
was  quantified  using  the  mean  area  under  the  receiver
operating  characteristic  curve  (AUROC)  score  obtained  from
MetaNeighbor  (Crow  et al.,  2018).  A  heatmap  comparing
human  and  pig  kidney  cell  types  showed  that  renal  tubule
epithelial  cells  (PT  and  TAL),  immune  cells  (T  cells,  B  cells,
pDC, and Mac), endothelial cells (LEC and ECPTC), and SMC
were  highly  conserved  across  species  (AUROC>0.9)
(Figure  3C).  The  findings  are  consistent  with  previous  cross-
species  comparative  analyses  of  vertebrate  kidney  cell  types
(Geirsdottir  et al.,  2019; Qu et al.,  2022; Wang et al.,  2021a).
To further  investigate cell  type differences under pathological
conditions,  the  cell  type  composition  of  pig  kidneys  was
compared with those of  normal and diseased human kidneys
(Abedini et al.,  2024). Analysis revealed a lower proportion of
PT  cells  and  a  higher  proportion  of  T  cells  in  two  CKD
subtypes—diabetic  kidney  disease  and  hypertensive  kidney
disease—compared to normal human kidneys. In contrast, the
cell  type  composition  of  normal  pig  kidneys  more  closely
resembled  that  of  normal  human  kidneys  (Figure  3D).  To
explore  the  relationship  between  cell  types  and  kidney
disease,  the  expression  of  CKD-associated  genes  identified
by genome-wide association studies  (GWAS) was examined.
These  genes  were  predominantly  expressed  in  PT  cells
(Supplementary Figure S4C), consistent with previous findings
(Park et al., 2018). A broader investigation into the association
between  human  diseases  and  specific  cell  types  in  the  pig
kidney  identified  36  disease  topics  associated  with  distinct
kidney  cell  populations  (Supplementary  Table  S5).  Results
showed  that  many  disease  topics  mapped  to  their  expected
cell populations (Figure 3E). Inflammatory and immune-related
diseases (topics 49, 205, 132, 216, and 199) were associated
with  B  cells,  T  cells,  and  macrophages.  Vascular  and
lymphatic  diseases  (topics  56,  74,  and  124)  mapped  to
various endothelial cells, including VEC, LEC, and ECGC. For
renal  tubule  epithelial  cells,  most  disease  topics  are  mapped
to the F and P periods, coinciding with functional maturation of
the  kidney.  Topics  143  and  157,  which  involve  impaired  uric
acid  reabsorption,  elevated  blood  ammonia  levels,  and
amino  acid  transport  deficiencies,  were  associated  with  PT
cells  during  the  F  and  P  periods.  Topic  99,  linked  to
abnormal  serum  aldosterone  levels  mapped  to  CNT  cells
during  pregnancy.  Topic  116,  associated  with
pseudohypoaldosteronism,  a  rare  salt-wasting  disorder  of
infancy, was mapped to multiple epithelial subtypes, including
PT, IC, PC, TAL, and CNT cells during the embryonic period.
These findings highlight the high conservation of major kidney
cell  types  between  pigs  and  humans,  reinforcing  the
biomedical relevance of the pig kidney as a model for human
renal physiology and disease research. 

Functional  heterogeneity  of  TAL  cells  across  multiple
periods
TAL cells play a pivotal anatomical and functional role in renal
physiology  and  electrolyte  balance  regulation  (Balzer  et al.,
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Figure 2  Cell type-specific TFs and regulatory landscape of the pig kidney

A: Heatmap showing expression of  all  cell-specific  TFs. B:  Heatmap showing TF expression of HNF4A, HNF1A, NR1H4, HNF4G, A1CF, GPD1,
AGMAT, and ACAA1 in all identified cell types. C: Fluorescence homologous double-label staining of paraffin sections of the renal cortex (RC) from
Large  White  pigs  during  the  pregnancy  period  with:  Up:  AGMAT  (green),  CUBN  (red),  and  DAPI  (blue)  antibodies.  Scale  bars:  20  μm.  Down:
ACAA1 (green),  LRP2 (red),  and DAPI (blue) antibodies.  Scale bars:  10 μm. D: Dot plot  showing RSS and Z values of  renal  epithelial  cell  type-
specific regulons. E: UMAP depiction of selected regulon activity.
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Figure 3  Human-pig cross-species comparison of kidney cell types

A:  UMAP visualization  of  124  952 cells,  including 20  490 human and 104  462 pig  kidney cells,  colored by  species.  B:  Bar  plot  showing species
contribution to each annotated cell  type. C: Heatmap showing AUROC scores between humans and pigs. AUROC scores were calculated using
MetaNeighbor  to  assess cross-species cell  type similarity.  D:  Bar  plot  showing cell  type composition in  pig  kidneys,  normal  human kidneys,  and
diseased human kidneys. E: Dot plot showing the –log10 (P-adjust) and log2 (OR) values for each cell type across 36 representative OMIM disease
topics. Horizontal axis denotes period-cell type associations (1 refers to E period; 2 refers to F period; 3 refers to P period), while the vertical axis
denotes disease topics.
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2022).  To  dissect  the  functional  heterogeneity  of  TAL  cells,
7  174  TAL  cells  were  subjected  to  reclustering  using  the
Harmony  algorithm,  identifying  seven  distinct  TAL  subtypes
(Figure  4A;  Supplementary  Figure  S5A,  B).  These  subtypes
featured high expression levels of TAL marker genes, such as
SLC12A1 and UMOD, confirming their identity (Figure 4D). To
further  characterize  the  functional  properties  of  these  TAL
subtypes,  pseudo-cell  populations  were  generated  by
aggregating  50  TAL  cells  per  subtype,  followed  by  WGCNA
(Langfelder  &  Horvath,  2008).  Functional  predictions  were
made based on pathway enrichment analysis of gene modules
within  each  TAL  cluster  (Figure  4C;  Supplementary  Figure
S5C).  Several  TAL  subtypes  exhibited  multiperiod
contributions,  including  TAL5,  TAL3,  and  TAL0  (Figure  4B).
TAL5  and  TAL3,  present  across  all  three  periods,  were
enriched  in  the  yellow  module,  which  was  associated  with
monovalent  inorganic  cation  homeostasis  (Figure  4C).  TAL0,
primarily  originating  from  the  F  and  P  periods,  exhibited
enrichment  in  the  green  module,  which  was  associated  with
cellular  amino  acid  metabolism,  fatty  acid  response,  and
glycerolipid  catabolism  (Figure  4C).  Notably,  TAL0  showed
high expression of PON1, a regulator of fatty acid metabolism,
and  APOC3,  which  plays  a  role  in  triglyceride  homeostasis
(Figure  4D).  Distinct  period-dependent  heterogeneity  was
observed  among  TAL  subtypes.  TAL1,  TAL4,  and  TAL6,
primarily derived from the E period (Figure 4B), were enriched
in  the  blue  and  pink  modules,  both  involved  in  branching
epithelium  morphogenesis,  kidney  epithelium  development,
and nephron formation (Figure 4C). TAL1 and TAL6 exhibited
high expression of S-shaped body nephron markers, including
PAPPA2, IRX1, and IRX2 (Lindström et al., 2021) (Figure 4D).
Notably,  TAL6,  corresponding  to  the  macula  densa  subtype,
displayed high expression of genes regulating blood pressure,
including PTG2, NOS1, and AGTR1 (Figure 4D) (Harris et al.,
1998; Zhang et al.,  2015, 2021). This cluster was enriched in
the  red  module,  associated  with  nitric  oxide  metabolism  and
vasoconstriction  regulation  (Figure  4C).  The  TAL2  subtype,
primarily  derived  from  the  P  period,  was  enriched  in  the
turquoise  module,  mainly  associated  with  inflammatory
response,  innate  immune  response,  and  Toll-like  receptor  4
signaling  (Figure  4C).  TAL2  exhibited  high  expression  of
antigen  presentation  genes,  including SLA-DRA, SLA-DRB1,
and  SLA-DQB1,  indicating  a  role  in  immune  activation
(Figure  4D).  In  addition,  TAL2  exhibited  high  expression  of
TLR2  and  TLR4,  which  mediate  innate  immune  defense
against  pathogens  (Vallés  et al.,  2014),  as  well  as  C1QA,
C1QB,  and  C1QC,  which  are  involved  in  complement
activation and inflammation (Janeway, 2001) (Figure 4D). This
implies that  TAL2 may function as an immune accessory cell
type during pregnancy,  contributing to pathogen defense and
immune regulation.  Notably,  TAL2 exhibited greater  similarity
to human TAL cells in disease states, including CKD and AKI,
compared to healthy conditions (Supplementary Figure S5D).
This  suggests  that  dysregulated  immune  activation  in  TAL2
during pregnancy may contribute to persistent renal injury. 

Cell-cell interactions at the RC, RM, and RP sites
To  investigate  cell  type  enrichment  across  renal  anatomical
regions  during  pregnancy,  the  Speckle  R  package  (Phipson
et al.,  2022)  was  used  to  assess  significant  spatial
distributions.  Results  showed  that  PT  cells  were  significantly
enriched  in  the  RC,  whereas  DTL/ATL  and  TAL  cells  were
enriched  in  the  RM  and  LEC,  Fib,  and  SMC  were  highly

represented  in  the  RP  (Figure  5A,  B;  Supplementary  Table
S6).  Intercellular  communication  in  the  RC  was  analyzed
using  CellChat,  revealing  that  IC,  VEC,  ECGC,  and  ECPTC
exhibited  a  higher  frequency  of  interactions  (Figure  5C).
Notably,  IC  engaged  in  signaling  with  EC,  including  ECGC,
ECPTC,  and  VEC,  via  the  ADM-CALCRL  ligand-receptor
(Figure  5D).  Adrenomedullin  (ADM)  has  been  implicated  in
tubular diuresis and natriuresis, suggesting a functional role in
fluid  and  electrolyte  regulation  (Nishikimi,  2007).  KRM  cells
displayed  distinct  functional  properties  in  different  anatomical
sites. In the RM, KRM cells primarily acted as signal receivers,
whereas  in  the  RP,  they  served  as  dominant  signal  senders
(Figure  5E,  G),  indicating  site-specific  functional
heterogeneity. Pathway enrichment analysis using the top 300
differentially  expressed  genes  between  RM-KRM  and  RP-
KRM revealed distinct  biological  roles.  In  the RM, KRM were
enriched  in  phagocytosis,  myeloid  leukocyte-mediated
immunity,  leukocyte  activation,  and  antigen  presentation  via
major  histocompatibility  (MHC)  class  II  molecules,  consistent
with  their  role  in  immune  surveillance  (Figure  5I).  Prior
research  suggests  that  medullary  KRM  encapsulate  renal
tubules to eliminate intratubular debris, ensuring unobstructed
tubular  flow  (He  et al.,  2024).  Cellular  crosstalk  analysis
identified an interaction between TAL and KRM cells mediated
by  the  GAS6-MERTK  and  GAS6-AXL  ligand-receptor  pairs
(Figure  5F). MERTK and AXL are  essential  for  apoptotic  cell
clearance,  and GAS6  enhances  efferocytosis  (Wanke  et al.,
2021).  Stereo-seq  analysis  validated  the  colocalized
expression of GAS6, MERTK, and AXL in the closely adjacent
TAL  and  KRM  cells,  further  supporting  this  functional
interaction  (Figure  5J;  Supplementary  Figure  S6A–G).  In
contrast,  KRM  in  the  RP  were  functionally  enriched  in
neutrophil  migration,  responses  to  bacterial  molecules,  and
leukocyte migration pathways (Figure 5I). These macrophages
mediated  the  innate  immune  response  by  secreting
chemokines such as CCL5, CCL8, and CCL14, which bind to
CCR1  to  recruit  neutrophils  (Figure  5H).  Neutrophils,  in  turn,
exhibit  phagocytic  and  bactericidal  activity,  facilitating
pathogen clearance in RP infections (Armbruster et al.,  2018;
Lacerda Mariano & Ingersoll, 2018). 

DISCUSSION

The  kidney  plays  a  critical  role  in  filtering  blood,  regulating
electrolytes,  and  maintaining  systemic  homeostasis.  It
comprises  a  complex  array  of  diverse  cell  types,  each
contributing  to  its  physiological  functions.  In  this  study,  a
comprehensive  single-cell  transcriptomic  atlas  of  the  pig
kidney  was  constructed,  incorporating  data  from  three
anatomical  sites  and  three  periods.  Our  findings  provide
valuable insights into renal physiology and offer a comparative
framework for human kidney research.
The PT is the primary site of glomerular filtrate processing,

facilitating  the  reabsorption  of  nutrients,  electrolytes,  and
water,  while  also performing glutamine hydrolysis  to maintain
acid-base  balance  and  fatty  acid  oxidation  for  energy
(Curthoys & Moe, 2014). PT cells exhibited high expression of
metabolism-associated  TFs  including  GPD1,  ACAA1,  and
AGMAT,  which  was  validated  across  multiple  individuals,
periods,  and  species.  Given  the  substantial  energy  demands
required  to  maintain  osmotic  gradients  and  active  transport
functions,  PT  cells  rely  on  both  glucose  and  fatty  acid
metabolism  for  sustained  ATP  production.  GPD1,  a
cytoplasmic  enzyme,  catalyzes  the  conversion  of
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Figure 4  Heterogeneity of TAL cells

A:  UMAP visualization  of  TAL  cells,  colored  according  to  seven  TAL  subtypes.  B:  Up:  Bar  plot  showing  the  contribution  of  each  period  to  TAL
subtypes.  Down:  Bar  plot  showing  the  distribution  of  TAL  subtypes  across  anatomical  sites.  C:  Left:  Heatmap  showing  the  correlation  and
significance of WGCNA modules associated with TAL subtypes. Right: Bar plot showing the pathways enriched in each identified WGCNA module.
D: Dot plot showing representative gene expression profiles for each TAL subtype.
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Figure 5  Cell-cell interactions across RC, RM, and RP anatomical sites

A: Bar plot showing the distribution of anatomical site compositions for each cell type. B: Scatter plot showing proportional distribution of cell types
across the RC,  RM, and RP.  C,  E,  G:  Scatter  plot  visualizing cell-cell  interactions:  Left  (C),  within  the RC;  Middle (E),  within  the RM; Right  (G),
within the RP. D, F, H: Dot plot showing significant ligand-receptor interactions: Left  (D), IC with ECGC, ECPTC, and VEC; Middle (F),  TAL with
KRM;  Right  (H),  KRM,  Mac,  and  NKT  with  Neu.  I:  Bar  plot  showing  enriched  pathways  in  KRM  cells  at  RM  and  RP,  based  on  the  top  300
differentially expressed genes (DEGs). J: Spatial distribution of annotated kidney cell types and expression of GAS6, MERTK, and AXL in TAL and
KRM cells within selected regions.
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dihydroxyacetone phosphate  (DHAP) to  glycerol-3-phosphate
(G-3-P)  while  oxidizing  NADH  to  NAD+  (Zhou  et al.,  2023).
The  produced  G-3-P  is  transported  to  the  mitochondria  to
participate in oxidative phosphorylation and ATP synthesis via
the  electron  transport  chain.  Acetyl  coenzyme  A
acyltransferase-1  (ACAA1),  a  peroxisomal  acyltransferase,
plays a key role in fatty acid metabolism (Xiao et al.,  2024a),
further  contributing  to  ATP  production.  The  coordinated
expression  of  GPD1  and  ACAA1  in  PT  cells,  particularly
during the F and P periods, underscores the interdependence
of  glucose and fatty  acid  metabolism in  energy  homeostasis.
These  results  suggest  that GPD1  and ACAA1 may  serve  as
fundamental  and  evolutionarily  conserved  regulators  of
metabolic  function  in  PT  cells,  providing  a  reference  for
studies  on  PT cell  metabolism and its  implications  for  kidney
function in both health and disease.
TAL cells assume a pivotal anatomical and functional role in

renal  physiology  and  electrolyte  regulation  (Balzer  et al.,
2022).  To  explore  their  functional  heterogeneity,  single-cell
transcriptomic  analysis  identified  seven  TAL  subtypes,  each
exhibiting  distinct  molecular  signatures  across  multiple
periods.  During  the  E  period,  TAL1  and  TAL4  were  primarily
associated  with  branching  epithelium  morphogenesis  and
epithelium  development.  TAL1  and  TAL6  exhibited  high
expression of loop of Henle S-shaped body nephron markers,
including  SLC12A1  and  PAPPA2.  Notably,  IRX1  and  IRX2,
transcriptional regulators predominantly expressed in the loop
of Henle and macula densa (Lindström et al., 2021), were also
detected in these clusters. The co-expression of PAPPA2 with
IRX1  and  IRX2  suggests  that  TAL1  represents  a  progenitor-
like  population  with  the  potential  to  differentiate  into  multiple
distal  nephron  cell  types,  consistent  with  previous  findings
(Lindström  et al.,  2021).  A  distinct  TAL2  subtype,  primarily
identified  in  adult  pregnant  sows,  was  validated  across  two
independent  RM  samples  and  exhibited  high  expression  of
MHC class II molecules, including SLA-DRA, SLA-DRB1, and
SLA-DQB1.  These  molecules  are  essential  for  antigen
processing  and  presentation,  facilitating  T  cell  activation
through inducible surface expression of MHC class II antigens,
adhesion  molecules,  and  costimulatory  cytokines  (Rubin-
Kelley & Jevnikar, 1991; Wuthrich et al., 1990). Beyond its role
in  adaptive  immunity,  TAL2  exhibited  high  expression  of
genes  associated  with  innate  immunity,  including  Toll-like
receptors  (TLR2  and  TLR4)  and  complement  system
components  (C1QA,  C1QB,  and  C1QC).  TLR4  has  been
implicated  in  renal  ischemia-reperfusion  injury  by  promoting
inflammation and apoptosis (Kim et al., 2005; Wu et al., 2007).
Conversely,  Tamm-Horsfall  protein  (THP),  encoded  by
UMOD, may stabilize the outer medulla during renal injury by
reducing  inflammation,  potentially  through  its  influence  on
TLR4 (El-Achkar et al., 2008). C1q, a crucial component of the
classical  complement  pathway,  is  directly  involved  in  the
clearance of apoptotic cells, damaged cellular structures, and
microbial pathogens. The up-regulation of C1q in TAL2 during
pregnancy  suggests  a  potential  immune  accessory  role  in
renal  defense,  particularly  in  pathogen elimination,  while also
contributing to immune-mediated renal injury.
Cell  type  distribution  across  renal  anatomical  regions

revealed distinct enrichment patterns in the RC, RM, and RP.
PT cells were significantly enriched in the RC, while DTL/ATL
and  TAL  cells  were  enriched  in  the  RM  and  LEC,  Fib,  and
SMC  cells  were  highly  represented  in  the  RP.  To  further
investigate  functional  differences  among  these  anatomical

sites,  cell-cell  interactions  were  analyzed,  focusing  on  the
KRM cell type (C1QA, C1QC, CD81, and MS4A7) (Yao et al.,
2022;  Zimmerman  et al.,  2019).  KRM  is  in  situ  self-renewed
and characterized by their phagocytic activities, expression of
pattern  recognition  receptors  (PRRs)  and  immunological
regulation  capacity,  thus,  maintaining  kidney  homeostasis.
The  current  researches  mainly  focus  on  the  heterogeneity  of
KRM  at  various  development  stages  or  under  various
physiological  conditions  (Epelman  et al.,  2014;  Hoeffel  et al.,
2015;  Lau  et al.,  2018;  Lever  et al.,  2019; Wen  et al.,  2021;
Yang et al.,  2019; Yao et al.,  2022; Zimmerman et al.,  2020),
where  there  are  few  studies  on  different  anatomical  sites.  In
the  RM,  KRM exhibited  enrichment  in  phagocytosis,  myeloid
leukocyte-mediated  immunity,  leukocyte  activation,  and
antigen  presentation  via  MHC  class  II  molecules.  These
findings  align  with  previous  observations  indicating  that  KRM
encapsulate  renal  tubules  in  the  medullary  region,  facilitating
the  elimination  of  intratubular  debris  to  maintain  an
unobstructed  tubular  system  (He  et al.,  2024).  Cellular
crosstalk  analysis  identified  a  ligand-receptor  interaction
between TAL cells and KRM, mediated by GAS6-MERTK and
GAS6-AXL  signaling.  MERTK  and  AXL  are  essential  for
apoptotic  cell  clearance,  while GAS6 enhances efferocytosis,
thereby  promoting  tissue  homeostasis  (Wanke  et al.,  2021).
The  expression  of GAS6, MERTK,  and AXL  in  adjacent  TAL
and KRM cells was further validated utilizing Stereo-seq data,
reinforcing  their  functional  interplay.  While  KRM  in  RP
enriched  in  neutrophil  migration,  response  to  molecule  of
bacterial  origin,  leukocyte  migration.  KRM  could  mediate
innate  immune  response  by  secreting  the  chemokines  like
CCL5, CCL8,  and CCL14  bind  the  receptor CCR1  to  recruit
the  neutrophils  which  has  the  ability  of  phagocytosis  and
bactericidal  activity  to  the  site  of  the  infection  of  the  RP
(Armbruster et al., 2018; Lacerda Mariano & Ingersoll, 2018). 
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