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ABSTRACT

The liver undergoes profound metabolic adaptations during development, pregnancy, and
castration, yet the underlying cellular and transcriptional dynamics remain poorly understood.
Here, we performed single-nucleus RNA-seq on livers of Chenghua sows across
developmental (youth, D30; adulthood, Y1) and physiological (late-pregnancy at Y1, PY1,;
neonatal castration, CY1) states, integrated with spatial transcriptomics and targeted
metabolomics for validation. From youth to adulthood, hepatocytes shifted from proliferation
to enhanced fatty acid metabolism, evidenced by FASN"/LIPG* subtype (Heplll) and elevated
levels of these metabolites NADP", NADPH, and NAD™" in Y 1. Pseudo-time analysis revealed
a functional progression from cell cycle regulation to catabolic metabolism and immune
regulation. Pregnancy and castration induced distinct hepatocyte remodeling. PY1 hepatocytes
were enriched in lipid catabolism-associated subtypes (Hepl, ABHDS5*; Hep3, AIGI*, AR")
with ATF6/TCF7L2 activation promoting fatty acid oxidation, while CY1 hepatocytes were
characterized by ribosomal protein-enriched subtypes (Hep5, RPSA*, RPL10") and BACHI
with enhanced glycolysis and elevated NADP™, suggesting heightened fatty acid metabolism.
Beyond hepatocyte-intrinsic changes, pregnancy triggered a marked increase in cell-cell
communication, with PY1-specific ligand-receptor pairs (e.g., ANGPTL family, WNT
signaling) connecting hepatocytes to non-parenchymal cells, while immune cell subsets (T and
NK cells) exhibited state-dependent compositions. Spatial transcriptomics proved hepatocyte-
NK cell co-localization in specific niches. Cross-species analysis revealed both conserved liver
cell types and species-specific metabolic gene expression profiles across adult pigs, humans,
and mice. This work delineates the cellular and transcriptional dynamics of liver homeostasis,
supports the pig model for human hepatic research, and provides a valuable multi-omics
resource.

Keywords: Pig; Liver; SnRNA-seq; Pregnancy; Castration
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INTRODUCTION

The liver plays a vital role in systemic metabolism and energy homeostasis, regulating
glycolysis, fatty acid levels, and glucose balance in the body (Andrews et al., 2022; Hou et al.,
2021; Liang et al., 2022; Yang et al., 2025). It is also essential for protein synthesis, immune
responses, and detoxification (Andrews et al., 2022; Hou et al., 2021). Hepatocytes, as the main
parenchymal cells, are the primary executors of these diverse hepatic functions, serving as the
central hub of liver physiology.

The pig is an ideal model for studying liver biology due to its anatomical and metabolic
similarities to humans (Rao et al., 2023). Unlike rodents, the pig liver consists of six lobes,
including the right lateral, right medial, left lateral, left medial, quadrate, and caudate lobes,
with lobular organization similar to that of the human liver (Ekataksin & Wake, 1991). These
lobes are formed by repetitive units termed liver lobules, and during hepatocytes maturation,
lobules organize into zonation structures that perform distinct functions along the lobular axis
(Hildebrandt et al., 2021; Liang et al., 2022). Beyond its value as a biomedical model, the pig
is a major livestock species, and understanding its liver metabolism has direct implications for
animal production and health.

A critical period of liver functional maturation is postnatal development. In mice,
hepatocytes proliferate rapidly after birth and revert to a quiescent state during maturation
(Yang et al., 2017). The liver exhibits different transcriptional and metabolic profiles during
the transition from birth to adulthood (Li et al., 2009; Nakagaki et al., 2018). In pigs, a study
has revealed some specific transcription factors (TFs) involved in hepatocyte maturation and
circadian rhythm regulation (Rao et al., 2023). However, the specific transcriptional and
metabolic changes that occur during postnatal maturation in mammals remain poorly
characterized at single-cell resolution.

Beyond normal development, the liver also undergoes remarkable adaptations in response
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76  to physiological challenges. Pregnancy represents a state of heightened anabolic demand, with
77  increased liver volume and hepatocyte proliferation, followed by involution after weaning
78  (Barllett et al., 2021; Yang et al., 2025). Single-cell transcriptomic analysis in mice has
79  revealed that the liver undergoes metabolic adaptations during pregnancy, with a cyclical
80  hepatocyte trajectory governing these changes and reverting to the pre-pregnancy state after
81  weaning (Yang et al., 2025). In contrast, castration eliminates sex hormone signaling. A study
82 in rats has shown that neonatal castration feminizes sex-differentiated liver metabolism,
83  particularly cytochrome P450-mediated pathways (Blanck et al., 1986). While in mice,
84  castration alters hepatic fatty acid composition and abundance and increases the protein level
85  ofisocitrate dehydrogenase 2, a rate-limiting enzyme in the tricarboxylic acid cycle (Yao et al.,
86  2024). These two perturbations, pregnancy (anabolic challenge) and castration (hormonal
87  deprivation), provide complementary models to investigate liver metabolic plasticity across
88  species. However, the metabolic adaptation characteristics of the liver during pregnancy and
89  castration remain poorly characterized at the single-cell level in pigs, a species with greater
90  anatomical and metabolic similarity to humans.
91 The liver undergoes profound phenotypic and functional changes across different
92  developmental and physiological states, requiring intricate cellular crosstalk between
93  hepatocytes and non-parenchymal cells (NPCs). To investigate these processes at cellular
94  resolution, single-nucleus RNA sequencing (snRNA-seq) technology has the advantage of
95  capturing hepatocytes and has been successfully applied to construct liver development maps
96 and study hepatic cell heterogeneity (Andrews et al., 2022; Rao et al., 2023). It has also been
97 used to characterize mouse hepatocytes with different ploidy levels (Richter et al., 2021),
98 revealing functional crosstalk between liver zonation and ploidy, and to characterize the
99  hepatocyte adaptations during mouse pregnancy and postpartum (Yang et al., 2025).

100 Hepatocytes express different receptors, translocators, and enzymes along the lobular axis,
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101  and their spatial organization is critical for liver function (Liang et al., 2022). Spatial
102  transcriptome sequencing (stRNA-seq) provides an ideal platform to map gene expression in
103 its native tissue context. Previous studies have utilized this technology to map extensive spatial
104  gene expression patterns and delineate lobular zonation in mouse liver (Hildebrandt et al.,
105  2021), to systematically identify nine cell types and define their developmental pathways in
106  the human fetal liver (Hou et al., 2021), and to reveal distinct immune cell and fibroblast
107  profiles between primary and liver metastatic colorectal cancer (Wang et al., 2023). However,
108  spatial transcriptomic characterization of the pig liver under different physiological states,
109  particularly how hepatic cell types and their interactions are spatially organized, remains
110  lacking.

111 In this study, to investigate how liver cells dynamically remodel their transcriptional,
112 metabolic, and cellular interaction landscapes to adapt to maturation, pregnancy, and castration,
113 we performed snRNA-seq on livers of Chenghua sows, a fat-type Chinese native pig breed,
114  across developmental (youth, 30 days old, D30; adulthood, 1 year old, Y1) and physiological
115  (late-pregnancy at Y1, PY1; neonatal castration sampled at Y1, CY 1) states, complemented by
116  stRNA-seq and targeted energy metabolomics. Using this multi-omics approach, we
117  characterized the transcriptional and metabolic changes across different developmental and
118  physiological states at cellular and molecular levels, profiled the dynamics of hepatic cell
119  populations (primarily hepatocytes and immune cells) and their cell-cell communication
120  networks, proved the spatial organization of key hepatic cell types and interactions, and
121  uncovered the conservation of liver cellular behavior and species-specific metabolic gene
122 expression profiles across pig, human, and mice. This work provides a valuable resource for
123 our understanding of hepatic cell heterogeneity and offers insights into the dynamic balance of
124 liver energy metabolism and spatial organization.

125
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126 MATERIALS AND METHODS

127  Ethics approval and consent to participate

128  All experimental procedures were approved by the Animal Care and Ethics Committee of
129  Sichuan Agricultural University, China (permit No. 20240692). The study was conducted in
130  accordance with national guidelines and institutional policies for the care and the use of
131  experimental animals. Animal welfare standards were strictly maintained throughout all tissue
132 sampling procedures.

133

134 Animal sample collection and pretreatment

135  All pigs used in this study were obtained from the Chengdu Livestock and Poultry Genetic
136  Resources Protection Center (Chengdu, China). A total of 12 Chenghua sows were selected
137  from four groups, including youth (30 days old, D30), adulthood (1 year old, Y1), late-
138  pregnancy (1 year old, PY1), and castration (1 year old, CY1; castrated at 7 days of age), with
139  three biological replicates per group.

140 Blood was collected from the precaval vein before slaughter, and serum was separated by
141  centrifugation and stored at —80°C for ELISA. After humane slaughter, the right lateral lobes
142 of the liver were quickly collected and processed for different downstream applications
143 (Supplementary Figure S1). Tissue blocks (5 mm longx5 mm widex5 mm high) were excised
144  and fixed in 4% paraformaldehyde for H&E and Oil Red O staining (n=3 per group).
145  Approximately 100 mg of liver tissue was snap-frozen for ELISA (n=3 per group). For snRNA-
146  seq, tissue pieces (2 mm longx2 mm widex2 mm high) were washed with cold Dulbecco's
147  phosphate-buffered saline (DPBS) (Solarbio, China) and snap-frozen in liquid nitrogen (n=3
148  per group). For targeted energy metabolomics, approximately 50 mg of tissue was snap-frozen,;
149  six replicates per group were analyzed, three from individual pigs (same as snRNA-seq) and
150  three from pooling equal amounts of tissue from two animals within the same group. For
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151  stRNA-seq, tissue blocks (10 mm longx10 mm widex5 mm high) were frozen in optimal
152  cutting temperature (OCT) compound (Sakura, USA) with one replicate per group for Y1, PY1,
153 and CY1. All samples were stored at —80°C.

154

155  Single nucleus isolation and snRNA-seq

156  Nuclei were isolated from liquid nitrogen frozen liver tissue. The minced tissue was transferred
157  to a pre-cooled homogenizer containing homogenization buffer. The resulting mixture was
158  filtered through 40 um and 30 pum strainers into a 15 mL centrifuge tube and centrifuged at 500
159  xgfor 5 min at 4°C. The supernatant was discarded, and the pellet was resuspended in blocking
160  buffer and centrifuged again. The supernatant was discarded, and the precipitated nuclei were
161  resuspended in cell resuspension buffer. Nucleus activity and concentration were determined
162  using DAPI staining and a hemocytometer, respectively.

163 The Chromium Single Cell 3'Reagent Kit v3 (10x Genomics, USA) was used to construct
164  the snRNA-seq library according to the manufacturer's instructions. Raw sequencing reads
165  were filtered and demultiplexed using PISA (v1.1.0), and the reads were aligned to the Sus
166  scrofareference genome (Sscrofall.l)using STAR (v2.7.4a). Finally, PISA was used to obtain
167  the cell-gene UMI count matrix of each library.

168

169 SnRNA-seq data processing

170  Raw snRNA-seq data were processed using the R package Seurat (v5.1.0) (Hao et al., 2024).
171  Low-quality cells and genes were filtered out for downstream analysis. In brief, genes
172 expressed in fewer than three cells, cells with fewer than 200 or more than 6 000 genes, and
173 cells with more than 5% mitochondrial reads (percent.mt) were removed from the gene
174  expression matrix. Doublet cells were identified and removed using the R package
175  DoubletFinder (v2.0.4) with default parameters (Mcginnis et al., 2019). Cells were classified
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176  as 'Singlet', 'Doublet-Low Confidence', or 'Doublet-High Confidence' based on the optimized
177  pK parameter and pANN (proportion of artificial nearest neighbors) thresholds. To balance the
178  doublet removal sensitivity against the risk of discarding authentic cells, we retained singlets
179  and low-confidence doublets, while excluding only high-confidence doublets from subsequent
180  analyses. Multi-sample snRNA-seq datasets were initially merged using the merge function,
181 and batch effects were corrected using Harmony (v1.2.1) (Korsunsky et al., 2019). All
182  sequencing data were scaled and dimensionally reduced using the NorMalizeData
183  (scale.factor=10 000), FindVariableFeature (nfeatures=2 000), ScaleData and RunPCA
184  functions in Seurat. Cell clustering was performed using the FindClusters function, and
185  Uniform Manifold Approximation and Projection (UMAP) visualization was performed using
186  the RunUMAP function. The FindAllMarkers function was used to detect the marker genes for
187  each cluster, and the cell types were manually annotated based on the established marker genes
188  from previous publications (Aizarani et al., 2019; MacParland et al., 2018; Popescu et al., 2019;
189  Raoetal.,, 2023; Watson et al., 2025; Wesley et al., 2022) (Supplementary Table S1).

190

191  Identification of differentially expressed genes and enrichment analysis

192 After cell type annotation, differentially expressed genes (DEGs) were identified using the
193  FindAllMarkers and FindMarkers functions in Seurat (logfc.threshold>0.25, min.pct>0.1,
194  adjusted P<0.05). Pseudobulk data were also analyzed using DESeq2 for DEG identification
195  across conditions. Enrichment analysis of DEGs was performed using the enrichGO function
196  and enrichKEGG functions in the R package clusterProfiler (v4.10.1).

197

198  Hepatocyte development trajectory analysis

199  To construct the hepatocyte developmental trajectory, we applied the R package Monocle2
200  (v2.30.1) to hepatocytes from D30 and Y1. Using the DDRTree method, highly variable genes
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201  were identified with the FindVariableFeature function, and cells were clustered and ordered
202  using the reduceDimension function. The orderCells function was then used to infer the
203  pseudo-temporal transition process. The earliest state was manually specified as the starting
204  point through the root state parameter based on the identification results of hepatocyte
205  subtypes. DEGs along pseudo-time were identified using the DifferentialGeneTest function
206  and significantly changed genes were clustered into modules, followed by heatmap
207  visualization and functional enrichment analysis.

208

209  Transcription factor-target gene network analysis

210  Transcription factor (TF) regulation was analyzed using the Python package pySCENIC
211 (v0.12.1). Based on the snRNA-seq expression matrix and a TF factor annotation list, the
212 GRNBoost2 algorithm was used to infer co-expression modules, CisTarget was used to identify
213 direct target genes and enriched motifs, and AUCell was used to quantify regulator activity per
214 cell. The resulting TF regulatory activity matrix was imported into the Seurat object, and
215  hepatocyte subtype-specific regulons were identified based on regulon specificity scores.

216

217  Cell-cell communication analysis

218  Cell-cell communication networks were analyzed using CellChat (v1.6.1) with default
219  parameters for each snRNA-seq sample. The human ligand-receptor database was used,
220  conserved homologous genes between pigs and humans were selected. Significant ligand-
221  receptor interactions (P-value<0.05) between hepatocytes and NPCs were identified based on
222 co-expression patterns of cell-type-specific genes.

223

224 Single-cell Disease Relevance Score (scDRS) analysis

225  We performed scDRS analysis to evaluate associations between metabolic traits and liver cell
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226  types. Six metabolic traits were obtained from the IEU OpenGWAS database, including

227  cholesterol (ukb-d-30690 raw), high-density lipoprotein cholesterol (HDL; ukb-d-30760 raw),
228  glycated hemoglobin (HbAlc; ieu-b-103), homeostatic model assessment of insulin resistance

229 (HOMA-IR; ieu-b-118), triglyceride (ukb-d-30870 raw), and fasting glucose (ebi-a-

230  GCST90002232). SNPs were mapped to +100 kb of transcription start sites (hgl9), and

231  conserved homologous genes between pigs and humans were selected. scDRS (v1.0.2) was

232 used to calculate correlation scores (1 000 gene sets), and average standardized scores were

233 calculated per cell type per sample. P values were corrected using the Benjamini-Hochberg

234  false discovery rate (FDR) method, with FDR<0.05 considered statistically significant. Results

235  were visualized as heatmaps showing average standardized scores for each cell type-trait pair.

236

237  10x% Visium spatial transcriptomics

238  Spatial transcriptome sequencing was performed on Y1, PY1, and CY1 liver samples that had

239  been embedded in isopentane and stored at —80°C. Frozen sections (10 um thick) were prepared,
240  followed by tissue staining and imaging. Next, tissue permeabilization and cDNA synthesis

241  were carried out, followed by Visium spatial library preparation and sequencing. cDNA

242 libraries were constructed using the Visium Spatial Library Construction Kit (10x Genomics,

243 USA) according to the manufacturer’s instructions, and library concentrations were measured

244 using an Agilent 2100 (Agilent, USA).

245

246  Integrated analysis of snRNA-seq and stRNA-seq data

247  Cell2location is a Bayesian-based algorithm designed to resolve fine-scale cell type

248  distributions in spatial transcriptome data. Here, we generated high-precision cell abundance

249  estimation maps by integrating snRNA-seq and stRNA-seq data from Y1, PYI1, and CY1.

250  Using the cell types identified from snRNA-seq data as a reference, we ran cell2location (v0.1.3)
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251  in the Python environment (v3.9.19) to determine the cellular composition of each spot in the
252  stRNA-seq data. Model training was set to “max_epochs=30 000”. Additionally, using the
253  cell2location deconvolution outputs, the abundance of hepatocyte subtypes and the expression
254  of marker genes were visualized on H&E images using the sc.pl.spatial function in Scanpy for
255  spatial localization.

256

257  Spatial niche analysis

258  Spatial niches were identified based on the cell type proportion matrix derived from
259  cell2location deconvolution. Following the method of Kuppe et al. (2022), we converted the
260  estimated cell type proportions for each spatial transcriptomics spot and slice into isometric
261  log-ratios (ILRs) and clustered the spots into groups. Shared nearest neighbor graphs were
262  constructed using the BuildSNNGraph function from the R package scran (v1.30.2) with
263  varying neighbor counts, followed by Louvain clustering. Cellular abundance within each
264  niche was quantified as the median of proportion of each cell type across spots within the niche.
265

266  Constructing spatial map of cell dependencies

267  The R package mistyR (v1.10.0) was used to evaluate the importance of each major cell type's
268  abundance in explaining the abundance of other major cell types. Spatial cell type abundances
269  estimated by cell2location deconvolution for all slices were modeled in a multiview framework
270  that included three views: (1) the intrinsic view, measuring relationships between
271  deconvolution estimates within a single spot; (2) the juxta view, summing deconvolution
272  estimation of adjacent cells with a maximum distance of 5 spots; and (3) the para view,
273  applying weighted deconvolution estimation to farther neighbors with an effective radius of 15
274  spots.

275
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276  Spatial cell-cell interaction analysis

277  COMMOT (COMMunication analysis by Optimal Transport) is a method for inferring cell-
278  cell communication in spatial transcriptomics that accounts for competition between different
279  ligand-receptor pairs and spatial distance between cells (Cang et al., 2023). Here, we used
280 COMMOT (v0.0.3) in the Python environment (v3.8.15) to explore the abundance of specific
281  ligand-receptor interactions between hepatic cell types in space.

282

283  Cross-species comparison of pig, human, and mouse hepatocyte atlases

284  Published snRNA-seq data from healthy human and mouse livers were downloaded, including
285  adult human liver samples (GSM5616007) and adult mouse liver samples (GSM5764242,
286  GSMS5764243, GSM5764244) (Andrews et al., 2024; Guilliams et al., 2022). Pig liver samples
287  from the Y1 stage were selected for cross-species analysis. Homologous genes across species
288  were converted, and data processing was performed using Seurat (v5.1.0). Cells expressing
289  more than 200 genes were retained, and batch effects between species were corrected using
290  Harmony (v1.2.1; group.by.var="species") (Korsunsky et al., 2019). Cluster-specific genes and
291  hepatocyte-specific DEGs among the three species were identified using FindAllMarkers
292 (logfc.threshold=0.25, min.pct=0.25), and unique DEGs were visualized using Venn diagrams.
293 Gene Ontology (GO) enrichment analysis was performed on hepatocyte cluster-specific genes,
294 and selected terms were visualized using heatmaps and gene set scoring (AddModuleScore)
295  wviolin plots.

296

297  Targeted energy metabolomics by LC-MS

298  Targeted energy metabolomics was performed on frozen liver tissue, with six biological
299  replicates per group. Metabolites were separated using an Agilent 1290 Infinity LC ultra-high
300 performance liquid chromatography system coupled with an LC-MS detection method.
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301  Chromatographic separation was performed on an ACQUITY UPLC HSS T3 column (2.1x100
302  mm, 1.7 um, Waters, USA). Metabolites were kept in an autosampler at 4°C, and the column
303  temperature was maintained at 35°C. Mobile phase A consisted of 50 mM ammonium acetate
304  aqueous solution with 1.2% ammonium hydroxide, and mobile phase B consisted of 1%
305 acetylacetone in acetonitrile. The flow rate was 300 puL/min, and the injection volume was 2
306 uL. The mobile phase gradient was as follows: 0—1 min, 70% B; 1-10 min, 70% to 60% B,
307  10-12 min, 60% to 30% B; 12.1-15 min, 30% B; 15-15.5 min, 30% to 70% B; 15.1-22 min,
308 70% B.

309 Mass spectrometry analysis was performed using a 5500 QTRAP mass spectrometer
310 (SCIEX, USA) in negative ion mode. The conditions were set as follows: source temperature
311 450°C, Ion Source Gasl (Gasl): 45, Ion Source Gas2 (Gas2): 45, Curtain Gas (CUR): 30,
312 IonSpray Voltage Floating (ISVF): —4 500 V. Multiple reaction monitoring (MRM) was used
313  to detect the target ion pairs. The MRM peak areas and retention times were extracted using
314  Multiquant 3.0.2 software.

315

316 H&E staining

317  Liver tissues were fixed in 4% paraformaldehyde (Servicebio, China) for 24 h, dehydrated
318  through an ethanol series, and embedded in paraffin. Paraffin sections were cut, and stained
319  with hematoxylin solution for 3—5 min, dehydrated with ethanol, and then stained with eosin
320  solution for 5 min. After clearing and sealing, the sections were observed under a microscope.
321

322 Oil Red O staining

323 Frozen liver sections were removed from the —20°C refrigerator, brought to room temperature,
324 fixed with tissue fixing solution (Servicebio, China) for 15 min, washed with tap water, and
325  air-dried. The slices were then immersed in Oil Red O solution (Servicebio, China) for 8-10
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326  min protected from light. The sections were removed, held for 3 s, and then immersed in two
327  changes of 60% isopropyl alcohol for differentiation (3 s and 5 s, respectively). The slides were
328  then washed in two changes of distilled water for 10 s each. Hematoxylin counterstaining was
329  performed, and slides were sealed with glycerin gelatin. Images were captured under a
330  microscope.

331

332  Enzyme-linked immunosorbent assay (ELISA)

333  ELISA kits (RuiXin Biotech, China) were used for determination. Serum concentrations of
334  progesterone (PROG), glucocorticoid receptors a (GR-a), and glucagon (GC) were quantified
335 according to the manufacturer's instructions. PROG was detected by competitive ELISA,
336  whereas GR-a and GC were detected by sandwich ELISA. Concentrations of free fatty acids
337 (FFAs) and triglycerides (TGs) in frozen pig liver tissues were also determined using a
338  microplate method. A four-parameter logistic (4-PL) curve was used for calibration. A standard
339  equation was generated based on the concentrations of standard samples and their
340  corresponding optical density (OD) values, and sample concentrations were then calculated
341  accordingly.

342

343 Statistical analysis

344  Statistical analysis was performed using R, Python, and GraphPad Prism 8.0. Specific details
345  are provided in the figure legends.

346

347 RESULTS

348  Establishing the liver cell atlas from youth to adulthood

349  To establish the baseline cellular landscape of liver development, we performed snRNA-seq
350  on the Chenghua sow livers at 30 days (D30, youth) and 1 year after birth (Y1, adulthood)
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351  (Figure 1A). H&E staining showed that the Y1 liver lobular structure was more complete and
352  clearer than at that D30 (Supplementary Figure S2). After quality control, normalization, and
353  batch effect correction, we retained 87 145 high-quality nuclei for downstream analysis (Figure
354  1B; Supplementary Figure S3A; Supplementary Table S2). Based on manually selected
355  canonical marker genes, we identified nine major cell types, including hepatocyte (Hep),
356  endothelial cell (EC), Kupffer cell (KC), T cell (TC), NK cell (NK), B cell (BC), dendritic cell
357 (DC), hepatic stellate cell (HSC), and cholangiocyte (Chol) (Supplementary Figure S3B;
358  Supplementary Table S3). The proportion of each cell type varied markedly between the two
359  time points (Figure 1C). Compared with D30, the proportion of Heps in Y1 showed a
360  significant decrease (Figure 1C), and the liver organ index of Y1 was also significantly lower
361  than that of D30 (Supplementary Figure S3C).

362 We then re-clustered 11 500 Heps and identified nine Hep subtypes (Hepl-HepIX) with

363  distinct functional marker genes (Figure 1D, E). Notably, the Heplll subtype was mainly
364  derived from Y1, whereas three other Hep subtypes (Hepl, Hep VI, and HepVIII) were mainly

365 derived from D30 (Figure 1E; Supplementary Figure S3D). Remarkably, HepVI exhibited

366  proliferative capacity, as evidenced by high expression of the proliferation marker genes
367 TOP24 and TPX2 (Figure 1E). HepVIIl specifically expressed DDIT3 (DNA Damage
368  Inducible Transcript 3) (Figure 1E), a key regulator of cellular stress response (Osman et al.,
369  2023). Hepl specifically expressed ASB4 (ankyrin repeat and SOCS box containing 4) and
370  LIPC (lipase C, hepatic type) (Figure 1E); LIPC is an enzyme involved in triglyceride and
371  phospholipid hydrolysis (Rufibach et al., 2006). Additionally, Hepll was characterized by high
372 expression of marker genes associated with protein synthesis activity, including RPL36, RPS20
373  and RPLPI (Figure 1E).

374 To explore the transcriptomic dynamics of Hep maturation, we performed pseudo-time

375  analysis using Monocle2 (Qiu et al., 2017) on Heps from D30 and Y1. The inferred trajectory
15
@ & E Zoological Research



376  consisted of three branch points and divided all Heps into seven states (Figure IF;
377  Supplementary Figure S4A, B), with pseudo-time ordering largely consistent with
378  chronological age (Figure 1G; Supplementary Figure S4C-E). Along this trajectory, we
379 identified five gene expression modules that revealed a progressive functional shift (Figure 1H;
380  Supplementary Table S4). Module 3 was associated with cell cycle regulation (e.g., CCAR2,
381 CCNBI, CCNF) and peptide/amide metabolic processes. Module 2 was enriched in catabolic
382  pathways, including the carboxylic acid catabolic process (e.g., ABAT, ACATI, ARGI) and
383  fatty acid degradation. Modules 4 and 5 transitioned into antigen processing and presentation
384  (e.g., SLA-1, SLA-2, SLA-3) and immune system regulation (e.g., CCL5, IRFI, KLRK]I),
385  respectively. Module 1, while not significantly enriched in GO terms, was associated with
386  insulin, glucagon, and FoxO signaling pathways.

387 Next, GO analysis of differentially expressed genes (DEGs) between Y1 and D30 revealed
388  that genes up-regulated in Y1 were enriched in pathways such as organic acid metabolic
389  process, oxoacid metabolic process, and carboxylic acid metabolic process, as well as in fatty
390  acid metabolism (Supplementary Figure S4F; Supplementary Table S5). Similar results were
391  obtained by pseudobulk analysis (Supplementary Figure S4G; Supplementary Table S6).
392  Interestingly, targeted energy metabolomics showed that among the significant differential
393  metabolites (DMs) between the two groups, NADP* (nicotinamide adenine dinucleotide
394  phosphate), NADPH (reduced nicotinamide adenine dinucleotide phosphate), and NAD*
395  (nicotinamide adenine dinucleotide), which are related to fatty acid metabolism (Chen et al.,
396  2024), were highly expressed in Y1 (Figure 11; Supplementary Table S7). Moreover, ELISA
397  results showed that free fatty acids (FFA) levels in the liver were much higher in Y1 than in
398 D30, while triglyceride levels were similar between the two groups (Supplementary Figure
399  S4H). These results indicate significant differences in fatty acid metabolism between the livers
400  of young and adult pigs, with adulthood characterized by enhanced fatty acid metabolic
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401  capacity.

402

403  Pregnancy and castration remodel the adult liver cell landscape

404  To dissect the cellular transcriptome profiles of the pig liver during pregnancy and after
405  castration, we isolated liver cell types from Chenghua sow livers at three adult stages, including
406  normal adulthood (Y1, 1 year after birth; serving as the control from the developmental study),
407  late pregnancy (PY1, 1 year after birth), and castrated adulthood (CY1, 1 year after birth,
408  castrated at 7 days of age). All isolated single nuclei were used for snRNA-seq on a 10x
409  Genomics platform (Figure 1A; Supplementary Table S2). H&E staining of liver tissue is
410  shown in Supplementary Figure S2. After quality control, normalization, clustering, and
411  dimension reduction, we retained a total of 125 120 high-quality single nuclei for Uniform
412  Manifold Approximation and Projection (UMAP) analysis after multi-sample integration
413  (Figure 2A; Supplementary Figure S5A). We identified ten major cell types based on manually
414  selected well-known markers, including Hep, EC, KC, TC, NK, BC, DC, HSC, Chol, and
415  proliferating cell (PC), which were not detected in the developing liver (Figure 2B;
416  Supplementary Table S3). The proportions of these cell types showed distinct variations across
417  different physiological stages (Figure 2C). Notably, CY1 contained almost no PCs, whereas
418  the proportion of Heps increased in both PY1 and CY1 compared to Y1.

419 Comparison between PY1 and Y1 revealed that, in Heps, genes up-regulated in PY1 were
420  significantly enriched in oxoacid, carboxylic acid, and organic acid metabolism processes.
421  Conversely, genes down-regulated in PY1 Heps were primarily associated with translation,
422 peptide metabolic process, and peptide biosynthetic process, which was highly consistent with
423  theup-regulated genes observed in other cell types from PY 1 (Figure 2D; Supplementary Table
424  S5). In CY1 compared to Y1, up-regulated genesin TC and NK cells were associated
425  with negative regulation of coagulation and hemostasis, wound healing, complement activation,
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426  and lipid transport capabilities, whereas down-regulated genes were involved in catabolic
427  activity of proteins and macromolecules (Supplementary Table S5). Interestingly, similar to
428  the up-regulated genes in PY1 Heps (PY1 vs. Y1), the down-regulated genes in CY1 Heps
429  (CY1 vs. Y1) were significantly enriched in acid metabolism processes and fatty acid catabolic
430  pathways (Figure 2E; Supplementary Table S5). Beyond differential gene expression, we
431  further performed association analysis between metabolic traits and hepatic cell types using
432  scDRS (Supplementary Figure S5B). Fasting glucose was enriched in Heps, with enhanced
433  expression during both PY1 and CY 1. HbAlc was significantly enriched in HSCs. Compared
434  to Y1, HOMA-IR and HDL traits enriched in PCs were significantly enhanced during PY1,
435  whereas triglyceride enrichment was significantly decreased. Furthermore, cholesterol
436  enrichment in NK cells was significantly reduced in CY'1 compared to Y1.

437 Given that Heps are the major functional cell type (Yang et al., 2023), we extracted 16 973
438  Heps from the snRNA-seq data of Y1, PY1, and CY1 and re-clustered them into ten Hep
439  subtypes (Hepl-Hep10) with distinct functional marker genes (Figure 3A, B). Interestingly,
440  we found that Hepl and Hep3 primarily originated from PY1 (Figure 3B; Supplementary
441  Figure S5C). Hepl specifically expressed ABHDS (abhydrolase domain-containing protein 5)
442  (Figure 3B), which is involved in the positive regulation of lipid catabolism and triglyceride
443  catabolism, serving as a key regulator of lipid and energy homeostasis (Badin et al., 2012; Lass
444  etal., 2006; Schratter et al., 2022). Hep3 highly expressed A/G1 (Androgen Induced 1) (Figure
445  3B), which is involved in the long-chain fatty acid catabolic process, and also highly expressed
446  androgen receptor (4R) (Figure 3B). ELISA results confirmed that progesterone (PROG) and
447  glucocorticoid receptor a (GR-a)) were significantly expressed in PY1 (Supplementary Figure

448  S5D). Another Hep subtype, Hep7 (corresponding to Hep Il identified in the developing liver),

449  was primarily derived from Y1 and absent in CY'1, and showed high expression levels of FASN

450  (fatty acid synthase) and LIPG (endothelial lipase) (Figure 3B; Supplementary Figure S5C).
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451  Moreover, HepS5, primarily derived from CY1, specifically expressed ribosomal proteins such
452  as ribosomal protein SA (RPSA) and ribosomal protein L10 (RPLI0) (Figure 3B;
453  Supplementary Figure S5C). GO enrichment analysis indicated that DEGs in Hep5 were
454  predominantly enriched in translation, peptide metabolic process, and amide metabolic process
455  (Supplementary Figure SSE). These GO terms were similarly enriched in the DEGs of Hepl
456  and Hep3 (Supplementary Figure S5F, G). These results reveal the functional heterogeneity of
457  Heps under different physiological conditions.

458 We identified two immune-like Hep subtypes, Hep6 (corresponding to HepVI from the
459  developing liver) and Hep8 (corresponding to Hep V from the developing liver), both of which

460  co-expressed immune cell marker genes. Notably, Hep6 specifically expressed CD244 (Figure
461  3B), a cell surface protein typically expressed by NK cells and T cells (Sun et al., 2021).

462  Additionally, we identified a growth-type Hep subtype, Hep10 (corresponding to HepIX from

463  the developing liver), which showed high expression of hepatocyte growth factor (HGF) and
464  specific expression of pleiotrophin (PTN) (Figure 3B). PTN belongs to the heparin-binding
465  growth factor subfamily (Xu et al., 2014). Furthermore, we found that Hep2 specifically
466  expressed the glucagon receptor (GCGR) (Figure 3B), and ELISA results showed that glucagon
467  (GC) expression was significantly increased in PY1 (Figure 3C). Hep4 specifically expressed
468  estrogen sulfotransferase (SULTIEI) (Figure 3B), which regulates estrogen homeostasis
469  inactivation (Xu et al., 2018), and pyruvate dehydrogenase kinase 4 (PDK4) (Figure 3B), a key
470  enzyme regulating energy metabolism (Ma et al., 2023). Importantly, we also identified a
471  distinct Hep subtype (Hep9) that highly expressed the proto-oncogene KIT (Figure 3B), a
472  receptor tyrosine kinase that regulates cell proliferation, survival, and migration (Sheikh et al.,

473 2022). Hep9 (corresponding to HepIV from the developing liver) also exhibited high

474  expression of KDR (kinase insert domain receptor, also known as vascular endothelial growth

475  factor receptor 2) (Figure 3B). GO analysis revealed that DEGs of Hep9 were primarily
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476  enriched in developmental processes and cell migration (Figure 3D), suggesting that Hep9 may
477  represent an intermediate-type subpopulation.

478

479  Analysis of hepatocyte-specific transcription factor activity and metabolic function
480  characteristics

481  To investigate key regulatory mechanisms in Heps under different physiological states, we
482  performed single-cell regulatory network inference and clustering analysis using pySCENIC
483  (Van de Sande et al., 2020). Based on the activity matrix of each transcription factor (TF) and
484  its downstream targets (regulons) in Heps, we evaluated TF specificity using RSS and
485  identified 17 Hep-specific TFs (Supplementary Figure S6A). The TFs RUNX3 and BCL11B
486  were identified in Hep6. RUNX3 is a key regulator of tissue-resident memory CD8" T cells
487  differentiation and homeostasis (Milner et al., 2017). BCL11B serves as a master regulator of
488 T cell lineage specification, and its inactivation reprograms T cells into NK-like cells (Li et al.,
489  2025). Although BCLI11B is typically associated with T cell differentiation, its expression in
490  Hep6, together with CD244 (Figure 3B), supports the classification of this subtype as immune-
491  like Heps, suggesting that some Hep subtypes may share transcriptional programs with immune
492  lineages. The TF IRF5 was identified in Hep8, playing a key role in modulating immune
493  response (Yu et al., 2025). These results further support the classification of Hep6 and Hep8
494  as immune-like Heps.

495 In addition, we identified TFs specifically activated in each Hep subtype (Figure 3E;
496  Supplementary Table S8), including known TFs such as the circadian rhythm regulator CLOCK,
497  which affects hepatic metabolic homeostasis; HNF4A and HNF1A4, which regulate Hep
498  differentiation and liver metabolism; and the important regulators of hepatic tumorigenesis
499  FOS, JUN and JUNB. Furthermore, ONECUTI (hepatocyte nuclear factor 6, HNF6), which
500 regulates cell cycle and glucose metabolism (Prajapati et al., 2024), was primarily identified in
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501  Hep4 and Hep7 (Figure 3F). ATF6 was identified as a Hep1-specific TF (Figure 3F), and it is
502  known to promote liver fatty acid oxidation by interacting with PPARa (Chen et al., 2016).
503  TCF7L2 was enriched in Hep3 (Figure 3F), and it is a key transcriptional effector of the
504  WNT/B-catenin signaling pathway, which regulates de novo lipogenesis and fatty acid
505  desaturation in adipocytes (Bagchi et al., 2020; Chen et al., 2018). BACHI was specifically
506  expressed in Hep5 (Figure 3F) and is known to regulate insulin signaling and glucose
507  homeostasis in mouse liver (Jin et al., 2023). GATA6 was enriched in Hep7 (Figure 3F) and
508 playsarole in various stages of liver development, including hepatoblast differentiation (Zhang
509 & He, 2018). These results reveal the specific roles of these TFs in Heps under different
510  physiological conditions.

511 Given that Heps are the major metabolic hub of the human body and perform human-specific
512 functions (Kaffe et al., 2023), and in light of the specific TFs identified in Hep subtypes, we
513  explored the metabolic function of Heps under different physiological states (Supplementary
514  Table S7). We observed five significant DMs between PY 1 and Y1, all with higher expression
515  levels in Y1 (Supplementary Figure S6B). Among these, phosphoenolpyruvate (PEP) and 3-
516  phosphoglycerate (3PG), which are involved in glycolysis (Chen et al., 2019; Wu et al., 2023),
517  showed significant differences between the two groups (Figure 3G). Interestingly, DM analysis
518 of CY1 vs. Y1 revealed that PEP and 3PG exhibited significantly higher expression in CY1
519  (Supplementary Figure S6C-E). Dihydroxyacetone phosphate (DHAP), also involved in
520  glycolysis (Sobanski et al., 2023), showed elevated expression in CY1 (Supplementary Figure
521  S6F). This indicates that, compared with Y1, glycolytic ability is decreased in PY1 but
522 enhanced in CY1. In addition, fumaric acid (FA), alpha-ketoglutaric acid (KGA), and
523  oxaloacetic acid (OAA), which are intermediates of the tricarboxylic acid (TCA) cycle (Guo
524  etal., 2013; Kuang et al., 2018; Song et al., 2013), were highly expressed in Y 1 (Supplementary
525  Figure S6G-I). NADP*, which is involved in the fatty acid anabolism (Katsyuba et al., 2020),
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526  was significantly highly expressed in CY1 (Supplementary Figure S6J), suggesting that CY'1
527  has stronger fatty acid metabolism than Y1.

528

529  Immune cell heterogeneity and state-dependent dynamics

530  The liver is a central immune organ harboring diverse immune cell populations that maintain
531 immune responses and tolerance (Parlar et al., 2023; Seki & Brenner, 2008). Among these,
532  TCs mediate adaptive immunity, while NK cells belong to the innate immune system (Parlar
533  etal., 2023). We discovered that TC and NK contents at the Y1 stage were significantly higher
534  than at the D30 stage (Figure 1C), consistent with previous reports (Rao et al., 2023). TC and
535 NK contents in CY1 were markedly lower than in Y1. In contrast, TC content in PY1 was
536  slightly higher than in Y1, whereas NK content in PY1 was lower than in Y1 (Figure 2C).
537  These results indicate that TCs and NKs in the liver exhibit heterogeneity under different
538  physiological states. Therefore, we re-isolated TCs and NKs and annotated them separately.
539 A total of 14 519 TCs from Y1, PY 1, and CY 1 were re-clustered into six subtypes, including
540  four CD8" T cell subtypes, one CD4" T cell subtype, and one gamma delta (yd) T cell subtype
541  (Figure 4A; Supplementary Figure S7A; Supplementary Table S9). GZMH*CX3CR1"CD8 T
542 cells highly expressed ZEB2 and KLRGI (Figure 4B), both involved in effector T cell
543  differentiation, with ZEB?2 playing a role in TC cytotoxic function (Giles et al., 2022; Herndler-
544  Brandstetter et al., 2018; Omilusik et al., 2015). This subtype belonged to differentiated TCs
545  expressing the cytotoxic molecule GZMH. CCL5" CDS8 T cells were identified as regulatory
546  TCs expressing chemokines. GO analysis revealed that this subtype exhibited characteristics
547  of lymphocyte chemotaxis regulation (Supplementary Figure S7B). ITGAM" CD8 T cells
548  highly expressed ITGAM (integrin subunit alpha M) and SYK (spleen associated tyrosine kinase)
549  (Figure 4B), which was involved in immune cell activation (Supplementary Figure S7B).
550  Mucosa-associated invariant T cell (MAITs) and yd TCs belong to the atypical T cell family.
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551 GO analysis indicated that MAITs were involved in antigen processing and presentation
552 (Supplementary Figure S7B). Naive CD4* T cells specifically expressed CCR7 and LEFI
553  (Figure 4B). All these TC subtypes exhibited significantly lower abundance in CY1 compared
554  to Y1 and PY1 (Figure 4C; Supplementary Table S10), suggesting that TCs may not be the
555  primary immune effector cells in CY 1. Additionally, proliferating CD8 T cells were identified
556  from 10 974 TCs of D30 and Y1, were associated with cell cycle process and were mainly
557  derived from D30 (Supplementary Figure S7B-E), indicating their important role in the
558  proliferation of young pig liver cells. CCL5" CD8 T cells were primarily distributed in Y1
559  (Supplementary Figure S7E), indicating that during liver development, TC function shifts
560  toward lymphocyte chemotaxis.

561 We re-extracted 9 883 NKs from Y1, PY1, and CY1 and re-clustered them into four distinct
562  subpopulations, including liver-resident NK cells (LrNK), CD226* NK, HP* NK, and
563  WNT5B" NK (Figure 4D; Supplementary Figure S8A). LrNK belonged to NKT-like cells
564  (Andrews et al., 2024) and specifically expressed key characteristic genes such as EOMES,
565 CMCI and KLRFI (Figure 4E). GO analysis similarly indicated that this subtype is associated
566  with T cell activation and differentiation (Supplementary Figure S§B). CD226" NK cells were
567  the least abundant of the four NK subtypes (Figure 4F), and their specific function remains
568 unclear. HP* NK cells were the most abundant subtype in CY'1 (Figure 4F), highly expressing
569  the fibrinogen genes FGA, FGB, and FGG (Figure 4E), which are synthesized and secreted by
570  Heps and participate in coagulation and hemostasis (Simurda et al., 2020). WNT5B* NK cells
571  were mainly derived from Y1 and highly expressed WNT5B (Figure 4E). The WNT signaling
572  pathway is closely related to NK cell development and activation (Valencia et al., 2010; Zhang
573 et al., 2009). This subtype also highly expressed STATI and STAT2, members of the signal
574  transducer and activator of transcription (STAT) family (Figure 4E). The JAK/STAT pathway
575  isinvolved in cellular proliferation, differentiation, organ development, immune homeostasis,
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576  and autoimmune diseases (Hu et al., 2021). Similarly, four NK subtypes were identified from
577 8 674 NKs from D30 and Y1 (Supplementary Figure S8C, D). In addition to LrNK, HP* NK
578 and WNT5B* NK, we also identified a conventional NK (cNK) subset with high expression of
579  GNLY and FCGR3A (Supplementary Figure S8E). GO analysis showed that this subtype was
580  associated with immune response activation and regulation of cell surface receptor signaling
581  pathways (Supplementary Figure S8B). Notably, cNKs were not only the least abundant of the
582  four subtypes but also the only subtype with higher abundance in D30 than in YI
583  (Supplementary Figure S8F, G). These results indicate that the immunological specificity
584  mediated by liver NKs during different growth stages.

585

586  Dynamic cell-cell communication networks under different states

587  We employed CellChat analysis to explore cell-to-cell communication between Heps and
588  NPCs in different developmental (D30 and Y1) and physiological (Y1, PY1, and CY1) states.
589  The number and strength of interactions among adult liver cells decrease during development
590  (Supplementary Figure S9A). However, liver cell-cell interactions increase significantly during
591  pregnancy (Figure 5A). Similarly, interactions between Heps and NPCs exhibited comparable
592  patterns (Supplementary Figure S9B, C). Notably, during the PY1 stage, Heps showed
593  significantly stronger outgoing interaction strengths compared to other states (Supplementary
594  Figure S9D, E). Differential analysis of interactions between hepatic cell types at different
595  states revealed that the number and strength of interactions between Heps and other cell types
596  increased during PY1 relative to Y1 (Figure 5B), suggesting altered Hep communication
597  patterns in the pregnancy liver.

598 We performed ligand-receptor analysis for D30, Y1, PY1, and CY1 and predicted numerous
599  ligand-receptor pairs between Heps and other NPCs at each state. D30 has more interaction
600  pairs than Y1, and PY1 had more interaction pairs than Y1 and CY1 (Supplementary Table
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601  S11). When Heps served as signal receivers, the WNTS5B-FZDS5 pair was expressed between
602  NK cells and Heps during PY'1 but not in D30, Y1, or CY1 (Figure 5C; Supplementary Figure
603  S9F). WNT5B is a non-canonical WNT ligand that often functions as an antagonist of
604  canonical WNT signaling (Suthon et al., 2021). When Heps served as signal senders, an
605 identical ligand-receptor pair, C3-(ITGAM+ITGB2), was expressed between Heps and NK
606  cells during both D30 and PY1 (Figure 5D; Supplementary Figure S9G). C3 (complement
607  component 3), mainly synthesized by Heps, promotes lipophagy to facilitate VLDL secretion,
608  thus playing an essential role in balancing triglyceride levels in the liver (Li et al., 2021).
609  Notably, PLG-PARD3 and F2-PARD2 were significantly expressed between Heps and HSCs,
610 as well as between Heps and Chols (Supplementary Figure S9G). When Heps served as
611  receptors, PLG-PARD3 was expressed only at the CY1 state between HSCs and Heps.

612 Further, we identified several ligand-receptor pairs that exist only between Heps and specific
613  NPCs and are expressed exclusively during PY1 (Figure 5C, D). When Heps served as signal
614  receivers, we observed ANGPTLI1-(ITGA1+ITGBI1) between BCs and Heps, ANGPT2-
615 (ITGAS+ITGBI) between PCs and Heps, and ANGPTL4- (ITGAS+ITGB1) between ECs and
616  Heps. The ANGPTL family plays roles in lipid metabolism, glucose metabolism, energy
617  metabolism, and angiogenesis (Yang et al., 2022). We also observed interactions between ECs
618  and Heps involving WNTIB-(FZD5+LRP6), WNTIB-(FZD5+LRP5), WNT2-(FZD5+LRP6),
619 and WNT2-(FZD5+LRPS). Interactions between HSCs and Heps included BMPS5-
620 (BMPR1A+BMPR2), BMP5-(BMPR1A+ACVR2A), BMP5-(ACVR1+BMPR?2), and BMP5-
621  (ACVRI+ACVR2A). BMP5 has been shown to be a novel player in the complex regulation of
622  hepcidin and systemic iron homeostasis (Nai, 2023). The TGFA-EGFR interaction between
623  Chols and Heps plays a role in regulating cell proliferation and differentiation, and epidermal
624  growth factor receptor (EGFR) signaling in Heps is essential for liver regeneration (Gonzalez-
625 Sanchez et al.,, 2024; Han & Li, 2019). Furthermore, SPP1-(ITGAV+ITGBS), SPPI1-
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626 (ITGAV-HITGB1), SPP1-(ITGA9+ITGB1), and SPP1-(ITGA5+ITGB1) were also expressed
627  between Chols and Heps. SPP1 is highly expressed in hepatocellular carcinoma tissues (Liu et
628 al.,, 2022). Moreover, when Heps served as signal senders, two ligand-receptor pairs,
629 RARRES2-CMKLR1 and HC-C5ARI1, were detected between Hep and KCs. RARRES2-
630 CMKLRI regulates adipogenesis and metabolic homeostasis in adipocytes (Goralski et al.,
631  2007), while C5AR1 is associated with insulin secretion (Atanes et al., 2018). These results
632  reveal highly active cell-to-cell communication during PY1, as well as complex interactions
633  between Heps and other NPCs, that together maintain liver function and homeostasis.

634

635  Spatial organization of liver cells and their interactions

636  To comprehensively analyze the spatial distribution of liver cells under different physiological
637  states, we collected liver tissues from the Y1, PY1, and CY1 and performed spatial
638  transcriptomics sequencing via the 10x Genomics Visium platform (Figure 1A; Supplementary
639  Table S12). The spatial distribution of liver cells was visualized by H&E staining and unique
640  molecular identifiers (UMIs) for each sample (Supplementary Figure S10A). Since each spatial
641  point contains multiple cells, to determine the cellular composition of each spot, we applied
642  the cell2location deconvolution algorithm to map the cell types defined by snRNA-seq onto
643  spatial tissue sections (Figure 6A; Supplementary Figure S10B, C). In addition, marker genes
644  for Hep subtypes were also mapped (Supplementary Figure S10D).

645 We then identified seven distinct cellular niches based on the cell2location deconvolution
646  results for each spot (Figure 6B; Supplementary Figure S11A), Spatial niche 3 contained the
647  most abundant cell types, including HSC, Chol, TC, BC, and DC. PCs were mainly located in
648  spatial niche 6. Interestingly, spatial niche 7 contained a large number of Heps and NKs,
649  suggesting a co-localized relationship and potential communication between them. Therefore,
650  we used MISTy analysis to predict spatial co-localization relationships between hepatic cells
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651  (Supplementary Table S13). Heps were identified as an important predictor of NK abundance
652  (Figure 6C; Supplementary Figure S11B), and NKs were scarce in regions with a high
653  proportion of Heps and vice versa (Supplementary Figure S11C), suggesting spatially
654  dependency between these two cell types.

655 Given this spatial co-localization, we further explored the interactions between Hep subtypes
656 and NK cell subsets. Compared with NK cells, Hep subtypes exhibited more active signal-
657  secreting cells (Supplementary Figure S12A, B). Analysis of incoming and outgoing
658 communication patterns revealed that HeplV and NK cells shared similar signal-receiving
659  patterns, whereas Hep8 and NK cell subsets showed similar signal-output patterns
660  (Supplementary Figure S12C, D). Further analysis of Hep-NK interactions identified specific
661  upregulation of the ligand-receptor pairs FN1-CD44 and FN1-(ITGA4+ITGB1) between all
662  Hep and NK subtypes (Supplementary Figure S12E, F). FN1, a member of the glycoprotein
663  family, enhances insulin sensitivity via the hepatocyte receptor a5B1 integrin and the
664  downstream IKKa/B-JNK1-BECNI signaling pathway (Kuramoto et al., 2023; Li et al., 2019).
665  Additionally, the ligand-receptor pair PDGFD-PDGFRB was also specifically upregulated
666  between all NK and Hep subtypes (Supplementary Figure S12G, H). PDGFD is a potent
667  angiogenic factor that can induce cell transformation and promote tumor growth (Li et al.,
668  2003).

669 Using COMMOT, we explored the signal flow and abundance of specific ligand-receptor
670 interactions in the spatial transcriptomics data. Only ligand-receptor pairs expressed in at least
671 5% of spots were retained, yielding 63, 41, and 31 ligand-receptor pairs for Y1, PY1,and CY1,
672  respectively (Supplementary Table S14). The network diagram revealed complex
673  communication between various hepatic cell types, with F2-PARD3 and PLG-PARD3 co-
674  expressed in all three stages (Figure 6D; Supplementary Figure S13A, B). F2 encodes
675  coagulation factor Ila, and PLG encodes plasminogen; both are serine proteases (Celkan, 2017,
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676  Rao et al., 2023; Sato et al., 2016). PARD3 is involved in coagulation, and abnormalities in
677  coagulation and fibrinolysis are closely associated with liver disease (Rao et al., 2023). In
678 addition, Y1 exhibited specific ligand receptor pairs, WNT2-(FZD5+LRP6) and WNT?2-
679  (FZD5+LRPS5). The combination of WNT with FZD5 receptor and LRP5/LRP6 can activate
680  the canonical WNT signaling pathway, which regulates liver metabolism, development, and
681  regeneration (Apte, 2018; Clerbaux et al., 2016) (Supplementary Figure S13C). These ligand-
682  receptor pairs have been reported at the single-cell level in the liver (Rao et al., 2023), and here
683  we elaborate on them from a spatial perspective. These findings underscore the importance of
684  these molecules in the spatial organization and communication of the liver.

685

686  Cross-species analysis of liver cells from pigs, humans, and mice

687  To assess the conservation and species specificity of liver cell types, we integrated single-
688  nucleus sequencing data from adult pig, human, and mouse livers. After quality control,
689  normalization, and integration, 29 cell clusters were annotated as 10 major liver cell types:
690 Hep, TC, EC, KC, NK, BC, HSC, DC, PC, and Chol (Figure 7A, B; Supplementary Figure
691  S14A), with their specific expression genes shown in Supplementary Figure S14B. The
692  expression patterns of classic marker genes for these 10 cell types were highly consistent across
693  the three species (Figure 7C), indicating a conserved cellular architecture of the liver.
694  Quantitative analysis revealed species-specific differences in cell type proportions. Compared
695  with pigs, the proportion of Heps was higher in both humans and mice (Supplementary Figure
696  S14C).

697 Given the central role of Heps in liver function, we extracted Heps from the 29 clusters for
698  further cross-species analysis. Eight Hep clusters (clusters 0, 7, 11, 13, 14, 16, 26, and 27)
699  exhibited distinct distribution patterns across the three species (Figure 7B; Supplementary
700  Figure S14A). Cross-species comparison of species-specific and conserved gene sets revealed
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701  that a substantial number of overlapping genes were shared among all three species, while Hep
702  gene expression patterns displayed clear species-specific differences (Supplementary Figure
703  S14D). GO enrichment analysis revealed functional divergence among Hep clusters. Cluster
704 11 (predominantly pig Heps) was significantly enriched in fatty acid oxidation and fatty acid
705  beta-oxidation pathways. Cluster 13 (predominantly mouse Heps) was significantly enriched
706  in the TCA cycle pathway. Cluster O (shared across pig, human, and mouse) was enriched in
707  fatty acid metabolic process and fatty acid catabolic process pathways (Supplementary Figure
708  S14E; Supplementary Table S15).

709 We next performed gene set module clustering for fatty acid metabolism and TCA cycle
710  pathways (Figure 7D). Gene set scoring revealed that clusters 7, 11, and 16 showed high
711  expression of genes related to fatty acid biosynthetic process (Figure 7E). Clusters 11, 13, and
712 14 exhibited high expression of genes related to fatty acid catabolic process (Figure 7F).
713 Clusters 13, 14, and 27 showed high expression of genes related to the TCA cycle (Figure 7G).
714 Together, these cross-species analyses demonstrate that while the major liver cell types and
715  their marker gene expression patterns are highly conserved across pigs, humans, and mice, Hep
716  subtypes exhibit species-specific transcriptional profiles and functional specializations.

717

718  DISCUSSION

719  In this study, we constructed a single-nuclear transcriptomic atlas of the pig liver across
720  developmental (D30 and Y1) and physiological (Y1, PY1, and CY1) states, with particular
721  attention to the heterogeneity of hepatocytes and immune cells and their metabolic adaptations.
722 By integrating spatial transcriptomics, we further revealed the spatial organization and
723 intercellular communication networks within the liver. Together, these multi-omics data
724  provide a comprehensive resource for understanding liver development, physiological
725  plasticity, and the spatial regulation of hepatic function.
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726 Hepatocytes exhibit a high degree of heterogeneity during postnatal development, as
727  revealed by single-cell transcriptomic studies in both mice (Liang et al., 2022) and pigs (Rao
728 et al., 2023). Hepatocytes showed distinct subtype-specific gene expression patterns during
729  development, with the Hepl subtype predominating in the young liver, whereas the HepllII
730  subtype, characterized by high expression of FASN and LIPG, predominated in the adult
731  liver. Immune-like hepatocytes, growth-type hepatocytes, and intermediate-type hepatocytes
732 were also identified here. Studies have shown that adult pigs require more stable energy
733  homeostasis, and there are differences in energy demand and growth status between young and
734  adult pigs, resulting in differences in fatty acid synthesis (Kusakabe et al., 2000; Rao et al.,
735  2023). Here, we found that the genes up-regulated by Y1 were enriched in the fatty acid
736  metabolism pathway, and differential metabolites highly expressed in Y1 were involved in
737  fatty acid anabolism and oxidation. At the same time, free fatty acid levels in adult pig liver
738  were much higher than those in young pigs. These results further illustrate the differences in
739  fatty acid metabolism characteristics between adult and young pigs. The absence of a distinct
740  PC cluster in the developing liver, in contrast to the gestational liver, likely reflects biological
741  differences. Proliferation during normal growth is distributed across multiple cell types,
742 particularly a subset of Hep (HepVI) expressing TOP2A and TPX2, whereas the PCs observed
743 in gestation represent a transient, state-specific population. Nevertheless, technical factors such
744  as differential capture efficiency of PCs cannot be entirely excluded. Subsequently, trajectory
745  analysis of hepatocyte development showed that multiple catabolism- and protein-related
746  metabolic pathways were enriched during hepatocyte maturation, and immune system
747  regulation processes were enriched at the later end of the development trajectory, with the
748  immune characteristics of hepatocytes gradually emerging. It should be noted that this pseudo-
749  time analysis was based on two discrete time points (D30 and Y1). The inferred ordering
750  represents a transcriptional continuum rather than a proven developmental trajectory, and the
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751  intermediate states identified require validation with additional time points. Of note, all liver
752  samples were collected from the right lateral lobe only, and given the potential functional
753 heterogeneity across the six lobes of the pig liver, our findings may not fully represent the
754  transcriptional and metabolic characteristics of other lobes. This finding warrants further
755  investigation.

756 Pregnancy and castration affect the metabolic adaptation characteristics of the liver, and
757  hepatocytes proliferate and enter a higher anabolic state during pregnancy (Goddard et al., 2017,
758  Yao et al., 2024). We identified that hepatocytes, primarily derived from Y1, highly express
759  FASN and the triglyceride lipase gene family member LIPG. The hepatocyte population of PY'1
760  was involved in lipid catabolism and long-chain fatty acid catabolism, while CY1 specifically
761  expressed ribosomal proteins. In addition, we identified other hepatocyte subtypes, including
762  immune-like hepatocytes (Hep6 and Hep8), a growth-type hepatocyte (Hepl0), and an
763  intermediate-type hepatocyte (Hep9). Previous studies have shown that the liver during
764  pregnancy exhibits the characteristics of a “pregnancy clock”, coordinated by hepatocyte
765  proliferation and metabolism (Kusakabe et al., 2000). Here, we captured 17 hepatocyte-specific
766  TFs and identified TFs specifically activated in each hepatocyte subtype. The hepatocyte
767  population-specific expression in PY1 involved the TF ATF6, which interacts with PPARa
768  to promote liver fatty acid oxidation, and TCF7L2, a key effector of the WNT/B-catenin
769  signaling pathway (Bagchi et al., 2020; Chen et al., 2018; Chen et al., 2016). Hepatocytes of
770  CY1 express the TF BACHI1, which regulates insulin signaling and glucose homeostasis (Jin
771 et al., 2023). Hepatocytes of Y1 specifically express GATA6, involved in hepatocyte
772  differentiation, and ONECUT 1, which regulates cell cycle and glucose metabolism ( Prajapati
773 et al., 2024; Zhang & He, 2018). These TFs, specifically expressed at different physiological
774  stages, help us better understand the functional changes of hepatocytes. Furthermore, we found
775  differences in the expression of energy metabolites in the liver under different physiological
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776  conditions. In particular, the metabolites NADP* and NAD™, which are involved in fatty acid
777  synthesis and oxidation, were significantly elevated in CY 1, suggesting that the CY1 stage has
778  heightened fatty acid metabolism. These results further illustrate the metabolic adaptation
779  characteristics of the liver under different physiological states. However, as this study was
780  conducted exclusively on Chenghua pigs, generalization of these findings to other pig breeds
781  (e.g., Large White or Landrace) remains to be determined.

782 The liver is an immune tolerance organ (Zhao et al., 2020). A study in pigs has found that
783  from D30 onward, the liver immune system is dominated by lymphoid cells (Rao et al., 2023).
784  Based on the identification of immune-like hepatic cell subsets and the enrichment of immune
785  function characteristics at the later stage of the hepatocyte development trajectory, and the
786  spatial dependence between hepatocytes and NK cells, we analyzed the subsets of two immune
787  cell types (TC and NK). Here, we identified proliferative T cells mainly from D30 and
788  regulatory TCs mainly derived from Y1 expressing chemokines, indicating a specific shift in
789  liver TC function during development. At the same time, the low abundance of five TC subsets
790 in CY1 under different physiological conditions suggests that other cell types may exert
791  immune functions in CY 1, though further exploration is needed. Studies have shown that liver-
792  resident immune cells determine immune characteristics (Zhao et al., 2020). We found that
793  LrNKs are highly expressed in adulthood, especially during the PY1 period, and specifically
794  express EOMES, CMCI and KLRF genes, consistent with previous reports (Zhao et al., 2020).
795  In general, these immune cell subsets collectively characterize the immune dynamics of the
796  liver.

797 Beyond hepatocyte-centered interactions, we also characterized the broader cell-cell
798  communication networks. We found that the number and strength of interactions among adult
799  liver cells decreased during liver development but increased significantly during pregnancy.
800  This observation aligns with the notion that liver regeneration and adaptation require intricate
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801  coordination between parenchymal and NPCs cells (Bhatia et al., 1999). Additionally, several
802  ligand-receptor pairs between hepatocytes and NPCs, including ANGPTL1-(ITGAI+ITGB1),
803  ANGPT2-(ITGAS5S+ITGBI1), and ANGPTL4-(ITGAS+ITGB1), were expressed only at the
804  PY1 stage and regulate lipid metabolism, glucose metabolism, and energy metabolism in the
805  liver. Notably, the ANGPTL family has been shown to mediate cell-cell communication and
806  play critical roles in modulating triglyceride metabolism and related metabolic diseases (Yang
807 et al., 2025). Other ligand-receptor pairs identified in our study, such as TGFA-EGFR, are
808  related to cell proliferation, differentiation, and liver regeneration. The epidermal growth factor
809  receptor (EGFR) and its ligand transforming growth factor-alpha (TGF-a) play critical roles in
810  organ development, tissue homeostasis, and regeneration (Tito et al., 2025). During gestation,
811 enhanced EGFR signaling may contribute to the increased hepatocyte proliferation and
812  anabolic state observed in the maternal liver. These results further demonstrate the complexity
813  of liver function and the requirement for cooperation between hepatocytes and various NPCs,
814  consistent with previous reports that liver cell crosstalk is essential for maintaining tissue
815  homeostasis and orchestrating adaptive responses (Kostallari et al., 2025).

816 Combining spatial transcriptomic data with single-cell transcriptomic data helps to
817  understand the biological characteristics of tissues from a new perspective. Spatial
818  transcriptomics provides spatial information that complements single-cell transcriptome data
819  (Andersson et al., 2020; Hildebrandt et al., 2021). Here, we deconvolved the 10 liver cells
820  identified by snRNA-seq into coordinates and found co-localization and interdependence of
821  hepatocytes and NK cells within specific spatial niche. This may indicate potential
822  communication between immune-like hepatocytes and NK cells. In addition, we identified
823  three co-expressed spatial receptor pairs (F2-PARD3 and PLG-PARD3) across different
824  physiological states, as well as Y1-specific spatial receptor pairs WNT2-(FZD5+LRP6),
825  WNT2-(FZD5+LRPS), suggesting that complex spatial communication between liver cells
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826  regulates liver function. However, the specific cell-cell interaction processes in space require
827  further investigation.

828 Our cross-species analysis revealed that while the major liver cell types are highly conserved
829  across pigs, humans, and mice, supporting the pig as a relevant model for human liver biology
830 given its anatomical and metabolic similarities to humans (Ekataksin & Wake, 1991),
831  hepatocyte subtypes exhibited pronounced species-specific functional specialization.
832  Specifically, we found that pig-enriched hepatocyte clusters were significantly enriched in fatty
833  acid oxidation and beta-oxidation pathways, whereas mouse-enriched clusters were biased
834  toward the TCA cycle. These differences were independently validated by gene set scoring.
835  This metabolic divergence is consistent with previous comparative studies showing that pig
836  hepatocytes exhibit lower rates of ketogenesis and beta-oxidation than rodent hepatocytes, with
837  acetate serving as a major end-product of fatty acid metabolism (Adams et al., 1997). Moreover,
838 it has been demonstrated that functional PPARa exists in pig liver and mediates the
839  transcriptional response to fasting and fatty acid challenge (Cheon et al., 2005), which may
840  underpin the enhanced fatty acid oxidation capacity observed in pig hepatocytes in our study.
841 In contrast, the higher basal metabolic rate of mice likely drives their greater reliance on TCA
842  cycle-mediated ATP generation. From a translational perspective, the closer alignment of pig
843  hepatocyte metabolism with human fatty acid metabolism supports the pig as a superior model
844  for studying human metabolic diseases such as metabolic dysfunction-associated steatotic liver
845  disease (Hvid et al., 2024). Nevertheless, potential batch effects from publicly available
846  datasets and species-specific differences in ages, diet, housing conditions, and physiological
847  demands should be considered when interpreting these findings.

848 In summary, this study delineates the cellular and transcriptional dynamics of the pig liver
849  across development, pregnancy, and castration, revealing hepatocyte heterogeneity, immune
850  cell plasticity, and spatial organization. These findings provide a foundational resource for
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851  understanding liver metabolism and intercellular communication in physiological and
852  translational contexts.

853

854 DATA AVAILABILITY

855  All sequencing data generated in this study have been deposited in the NCBI Sequence Read
856  Archive under BioProject accession number PRINA1419143. The snRNA-seq and stRNA-seq
857  datasets are also available in the GEO database under accession numbers GSE326429 and
858  GSE330889, respectively.

859

860 CODE AVAILABILITY

861  No custom code was generated in this study. All bioinformatic analyses were performed using
862  publicly available software packages and tools as detailed in the Methods section.

863

864 SUPPLEMENTARY DATA

865  Supplementary Figure

866  Supplementary Figure S1 Liver tissue samples of Chenghua sows from D30, Y1, PY1,
867 and CY1. D30, 30 days after birth; Y1, 1 year after birth; PY1, 1 year after birth for the late-
868  pregnancy; CY1, 1 year after birth following neonatal castration.

869  Supplementary Figure S2 H&E and Oil Red O staining of liver tissues from D30, Y1,
870  PY1, and CY1. Scale bars: 10x and 40x magnification.

871  Supplementary Figure S3 Identification of liver cells and hepatocytes in young and adult
872  pigs. A: UMAP visualization of hepatic cell types in young and adult pigs by group. B: Dot
873  plot displaying the expression of manually selected marker genes for liver cell types. C: Liver
874  organ index for young and adult pigs. The liver organ index (%) was calculated as (liver
875  weight/body weight) x100. n=3. ***: P<(0.001. D: UMAP visualization of hepatocyte subtypes
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876 by group (D30 and Y1).

877  Supplementary Figure S4 Additional plots associated with the hepatocyte developmental
878  trajectory and functional enrichment. A, C: Hepatocyte developmental trajectory visualized
879 by Monocle2, colored by state (A) and by group (C). B: Pseudotime trajectory analysis
880  identifying divergent differentiation branches for hepatocyte subtypes. D, E: Density
881  distribution of hepatocytes along pseudotime by group (D) and subtype (E). F: GO BP
882  enrichment analysis of up-regulated hepatocyte DEGs in Y1 compared to D30. GO BP, Gene
883  Ontology Biological Process; DEGs, differentially expressed genes. G: Heatmap of
884  hepatocytes differential genes from pseudobulk analysis of Y1 and D30. Gene expression
885 levels were normalized using Z-score. Red and blue indicate up-regulation and down-
886  regulation relative to the mean, respectively; white indicates expression near the mean. Color
887  intensity corresponds to the magnitude of Z-score deviation. H: Concentration of free fatty
888 acids (FFAs) (umol/g) and triglycerides (TGs) (ug/g) in liver tissue. Mean+SD. n=3. ns:
889  P>0.05; ***: P<(0.001.

890  Supplementary Figure S5 Identification of liver cells and hepatocytes under different
891  physiological states and functional analysis of hepatocyte subtypes. A: UMAP visualization
892  of hepatic cells divided by Y1, PY1, and CY1 groups. B: Heatmap of scDRS association
893  analysis between hepatic cell types and metabolic traits. Color intensity represents the strength
894  of association, with red indicating positive associations and blue indicating negative
895  associations. C: UMAP visualization of hepatocyte subtypes divided by Y1, PY1, and CY1
896  groups. D: Serum concentration of progesterone (PROG) (ng/mL) and glucocorticoid receptors
897  a(GR-a) (ng/mL). Mean+SD. n=3. **: P<0.01. E-G: GO enrichment terms for DEGs in Hep5
898  (E), Hepl (F), and Hep3 (G).

899  Supplementary Figure S6 Additional plots associated with the capture of 17 hepatocyte-
900 specific TFs and DMs expression under different physiological states. A: Dot plot
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901 displaying 17 hepatocyte-specific TFs for hepatocyte subtypes. B: Five significantly DMs in
902 PY1vs. Yl.C: DMs in CY1 vs. Y1. D-F, H-J: Expression trends of phosphoenolpyruvate
903  (PEP; D), 3-phosphoglycerate (3PG; E), dihydroxyacetone phosphate (DHAP; F), alpha-
904  ketoglutaric acid (KGA; H), oxaloacetic acid (OAA; I), and nicotinamide adenine dinucleotide
905  phosphate (NADP*; J) in CY1 and Y1. Mean+SD. n=6. *: P<0.05; **: P<0.01; ***: P<0.001.
906  G: Expression trend of fumaric acid (FA) in PY1 vs. Y1. Mean£SD. n=6. *: P<0.05. TFs,
907 transcription factors; DMs, differential metabolites.

908  Supplementary Figure S7 Identification of T cell subtypes and GO enrichment analysis.
909  A: UMAP visualization of T cells divided by Y1, PY1, and CY1 groups. B: Functional GO
910  enrichment terms for T cell subtypes. C: UMAP visualization of six T cell subtypes identified
911  inyoung and adult pigs. D: UMAP visualization of T cell subtypes in young and adult pigs by
912  group. E: Proportion of group compositions for each T cell subtype.

913  Supplementary Figure S8 Identification of NK cell subtypes and GO enrichment analysis.
914  A: UMAP visualization of NK cells divided by Y1, PY1, and CY1 groups. B: Functional GO
915  enrichment terms for NK cell subtypes. C: UMAP visualization of four NK cell subtypes
916 identified in young and adult pigs. D: UMAP visualization of NK cell subtypes in young and
917  adult pigs by group. E: Abundance bubble plot showing marker genes for NK cell subtypes in
918  young and adult pigs. Bubble size indicates expression percentage, and bubble color indicates
919  average expression level. F: Proportions of four NK cell subtypes in young and adult pigs. G:
920  Proportions of group compositions for each NK cell subtype.

921  Supplementary Figure S9 Additional plots associated with intercellular communication
922  between hepatocytes and NPCs. A: Bar plot showing differences in number and strength of
923  all liver cells interactions in young and adult pigs. B: Circle plots showing the number of
924  interactions among cell types in D30 and Y1 livers. C: Circle plots showing the number of
925  interactions among cell types in Y1, PY1, and CY1 livers. D, E: Dot plots showing incoming
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926  and outgoing interaction strengths among cell types in young vs. adult pigs (D) and three
927  physiological states (E). F, G: Dot plots showing ligand-receptor interactions between
928  hepatocytes and NPCs as signal targets (F) and signal sources (G) in D30 and Y1. Arrows
929  indicate the ligand-receptor pairs described in the text. Dot color indicates communication
930  probability, and dot size reflects P-value.

931  Supplementary Figure S10 Additional plots associated with the spatial distribution of
932  hepatic cells and cell type abundance in liver tissue sections. A: Spatial distribution of
933  hepaticcellsin Y1, PY1, and CY1. B, C: Spatial distribution maps showing cell type abundance
934 in liver tissue sections from PY1 (B) and CY1 (C) using the cell2location framework. D:
935  Spatial visualization of marker gene expression across Hep subtypes ina Y1 liver tissue section.
936  Supplementary Figure S11 Additional plots associated with spatial co-localization
937  relationships. A: Spatial distribution of seven distinct cellular niches in Y1, PY1, and CY1.
938  B: Spatial co-localization relationships between hepatic cells in PY1 and CY1 identified by
939  MISTy analysis. C: Co-localization characteristics of hepatocytes and NK cells in spatial
940  regions.

941  Supplementary Figure S12 Cell-cell communication between hepatocyte subtypes and
942  NK cell subsets. A: Circle plots showing the number and weight of interactions between
943 hepatocyte and NK subtypes. B: Circle plots showing the number and weight of interactions
944  between hepatocyte subtypes and NK subsets in young and adult pigs. C: River plots
945  illustrating the communication patterns of hepatocyte subtypes and NK subsets across different
946  physiological states, with incoming (left) and outgoing (right) signaling patterns. D: River plots
947  illustrating the communication patterns of hepatocyte and NK subtypes in D30 and Y1, with
948  incoming (left) and outgoing (right) signaling patterns. E, G: Dot plots showing ligand-receptor
949  interactions between hepatocyte and NK subtypes as signal targets (E) and signal sources (G)
950 across different physiological states. Arrows indicate the ligand-receptor pairs described in the
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951  text. Dot color represents communication probability, and dot size reflects P-value. F, H: Dot
952  plots showing ligand-receptor interactions between hepatocyte and NK subtypes as signal
953  targets (F) and signal sources (H) in D30 and Y1. Arrows indicate the ligand-receptor pairs
954  described in the text. Dot color represents communication probability, and dot size reflects P-
955  value.

956  Supplementary Figure S13 Additional plots associated with specific ligand-receptor

957 interactions in the liver. A-C: Signaling flow and abundance of specific ligand-receptor

958 interactions in spatial transcriptomics data of PY1 (A), CY1 (B), and Y1 (C) explored using
959 COMMOT.

960 Supplementary Figure S14 Additional plots associated with hepatocytes from pigs,
961  humans, and mice. A: UMAP visualization of hepatic cell types across three species groups.
962  B: Heatmap of specifically expressed genes in 29 cell clusters. C: Proportions of ten hepatic
963  cell types across pigs, humans, and mice. D: Overlaps of specifically expressed genes in
964  hepatocytes among the three species. E: GO _BP enrichment pathways of eight hepatocyte
965  clusters. GO_BP, Gene Ontology Biological Process.

966  Supplementary Table

967  Supplementary Table S1 Marker genes for hepatic cell types, related to Figure 2B and
968  Supplementary Figure S3B.

969  Supplementary Table S2 Cell Ranger quality metrics, related to Figures 1 and 2.

970  Supplementary Table S3 Cell numbers and proportions of hepatic cell types and hepatocyte
971  subtypes captured by 10x Genomics, related to Figures 1B, 1D, 2A, and 3A.

972  Supplementary Table S4 Differential genes in five modules clustered by pseudo-temporal
973  expression patterns in hepatocytes, and GO and KEGG enriched pathways, related to Figure
974 1H.

975  Supplementary Table S5 GO BP enriched pathways for hepatic cell types, related to Figures
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976 1,2D, and 2E.
977  Supplementary Table S6 Differential gene clustering and GO _BP pathway enrichment from
978  pseudobulk analysis of Y1 vs. D30, related to Supplementary Figure S4G.
979  Supplementary Table S7 Differential metabolites in liver tissue under different physiological
980 and developmental states, related to Figures 11 and 3G, and Supplementary Figures S6B—J.
981  Supplementary Table S8 Hepatocyte subtypes-specific regulons (126 regulons), related to
982  Figure 3E.
983  Supplementary Table S9 Marker genes for liver immune cell populations, related to Figures
984  4A and 4D, and Supplementary Figures S7C and S8C.
985  Supplementary Table S10 Cell numbers and proportions of liver immune cell populations,
986  related to Figures 4C and 4F, and Supplementary Figures S7E, S8F, and S8G.
987  Supplementary Table S11 Ligand-receptor interactions between hepatic cell types under
988  different states, related to Figures 5C and 5D, and Supplementary Figures SOF and S9G.
989  Supplementary Table S12 Sample spatial transcriptomics sequencing data summary, related
990 to Figure 6A.
991  Supplementary Table S13 Spatial co-localization relationships between hepatocytes and
992 NPCsinY1,PY1,and CY1, related to Figure 6C, and Supplementary Figures S11B and S11C.
993  Supplementary Table S14 Specific ligand-receptor interactions for spatial transcriptomics
994  data, related to Figure 6D, and Supplementary Figure S13.
995  Supplementary Table S15 GO_BP enrichment pathways of eight hepatocyte clusters from
996  humans, pigs, and mice, related to Supplementary Figure S14E.
997
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Figure 1 snRNA-seq reveals distinct transcriptomic landscapes of liver cells during
postnatal development from youth to adulthood in pigs

A: Summary diagram of experimental design. B: UMAP visualization of nine liver cell types.
Hepatocyte (Hep), Endothelial cell (EC), Kupffer cell (KC), T cell (TC), NK cell (NK), B cell
(BC), Dendritic cell (DC), Hepatic stellate cell (HSC), and Cholangiocyte (Chol). The same
applies to cell abbreviations hereafter. C: Proportions of the nine cell types in the developing

liver of young (D30) and adult (Y1) pigs. D: UMAP visualization of nine hepatocyte subtypes.

51

© & &R Zoological Research




1259

1260

1261

1262

1263

1264

1265

1266

1267

1268

E: Bar chart showing the time point composition of each hepatocyte subtype (left) and dot plot
displaying selected genes for each subtype (right). Dot size represents the proportion of cells
expressing the gene in each cell type, and color scale represents the average expression level.
F, G: Plot of the hepatocyte development trajectory of subtypes (F) and pseudotime (G) by
Monocle2. H: Heatmap displaying expression trends of differential genes along inferred
pseudotime. Genes were clustered into five modules based on pseudotime trajectories.
Functional enrichment analyses were performed for each module (right). I: Expression trends
of nicotinamide adenine dinucleotide phosphate (NADP™), reduced nicotinamide adenine
dinucleotide phosphate (NADPH), and nicotinamide adenine dinucleotide (NAD™) in D30 and

Y1. Data are shown as mean£SD. n=6. *: P<0.05; **: P<0.01.
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1270  Figure 2 snRNA-seq reveals transcriptomic remodeling of the pig liver under pregnancy
1271  and castration

1272 A: UMAP visualization of ten liver cell types. Hepatocyte (Hep), Endothelial cell (EC),
1273 Kupfter cell (KC), T cell (TC), NK cell (NK), B cell (BC), Dendritic cell (DC), Hepatic stellate
1274  cell (HSC), Cholangiocyte (Chol), and Proliferating cell (PC). B: Dot plot showing expression
1275  of manually selected marker genes for the ten liver cell types. Dot size represents the proportion
1276  of cells expressing the gene in each cell type, and color scale represents the average expression
1277  level. C: Proportions of the ten cell types across different physiological states. D, E: GO BP
1278  enrichment analysis of up-regulated and down-regulated hepatocyte DEGs (differentially
1279  expressed genes) in PY1 (D) and CY1 (E) compared to Y1. The vertical axis shows
1280  significantly enriched GO BP (Gene Ontology Biological Process) terms, and the horizontal

1281  axis shows —log;o(P.adjust). Red indicates up-regulated terms, and blue indicates down-
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Figure 3 SnRNA-seq identifies distinct transcriptome profiles in hepatocytes across
different physiological states in pigs

A: UMAP visualization of ten hepatocyte (Hep) subtypes. B: Bar chart showing time point
composition of each hepatocyte subtype (left) and dot plot displaying selected genes for each
subtype (right). Dot size represents the proportion of cells expressing the gene in each cell type,
and color scale represents the average expression level. C: Serum concentration of glucagon
(GCO) (pg/mL). Mean+SD. n=3. ns: P>0.05; **: P<(0.01. D: Top ten GO_BP terms for Hep9.
GO_BP, Gene Ontology Biological Process. E: Heatmap showing expression of TF-encoding
genes specifically activated in each hepatocyte subtype. F: Dot plot showing the main subtype-
specific  transcription factors G: Expression trends of

(TFs) in hepatocytes.

phosphoenolpyruvate (PEP) and 3-phosphoglycerate (3PG) in PY1 vs. Y1. Mean£SD. n=6. *:
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Figure 4 Dynamic changes of liver immune cells at the single-cell level

A: UMAP visualization of six T cell subtypes identified under different physiological states.
B: Abundance bubble plot showing marker genes for T cell subtypes. Bubble size represents
the percentage of cells expressing the gene, and bubble color represents the average expression
level. C: Proportion of each T cell subtype across the three physiological states. D: UMAP
visualization of four NK cell subtypes identified under different physiological states. E:
Abundance bubble plot showing marker genes for NK cell subtypes. Bubble size represents the
percentage of cells expressing the gene, and bubble color represents the average expression

level. F: Proportion of the four NK cell subtypes across the three physiological states.
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Figure 5 Dynamic cell-cell communication networks under different physiological states

A: Bar plot showing differences in the number and strength of all hepatic cell interactions under

different physiological conditions. B: Heatmaps comparing differential interaction counts and

strengths between the PY1 and Y1 stages. Hepatocyte (Hep), Endothelial cell (EC), Kupffer

cell (KC), T cell (TC), NK cell (NK), B cell (BC), Dendritic cell (DC), Hepatic stellate cell

(HSC), Cholangiocyte (Chol), and Proliferating cell (PC). C, D: Dot plots showing ligand-

receptor interactions between hepatocytes and non-parenchymal cells as signal targets (C) and

signal sources (D). Arrows indicate the ligand-receptor pairs described in the text. Dot color

indicates communication probability, and dot size reflects P-value.
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Figure 6 Spatial transcriptomic analysis of liver cells across physiological states

A: Spatial distribution map showing cell type abundance in liver tissue sections from Y1 using

the cell2location framework. Hepatocyte (Hep), Endothelial cell (EC), Kupffer cell (KC), T

cell (TC), NK cell (NK), B cell (BC), Dendritic cell (DC), Hepatic stellate cell (HSC),

Cholangiocyte (Chol), and Proliferating cell (PC). B: Scaled median cell type compositions

within each spatial niche. C: Spatial co-localization relationships between hepatic cells in Y1

identified by MISTy analysis. D: Signaling flow and abundance of specific ligand-receptor

interactions in liver spatial transcriptomics data of Y1 explored using COMMOT.
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Figure 7 Cross-species analysis of hepatocytes from pigs, humans, and mice

A: UMAP visualization of integrated snRNA-seq data from pigs, humans, and mice.
Hepatocyte (Hep), Endothelial cell (EC), Kupffer cell (KC), T cell (TC), NK cell (NK), B cell
(BC), Dendritic cell (DC), Hepatic stellate cell (HSC), Cholangiocyte (Chol), and Proliferating
cell (PC). B: UMAP visualization of hepatic cell types from pigs, humans, and mice, stratified
by cluster. C: Bubble plot showing cross-species comparison of classical marker gene
expression for hepatic cell types across all three species. D: Clustered heatmap of target

functional gene sets in eight hepatocyte clusters. Gene expression levels were normalized using
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row-scaled Z-score. Red indicates high expression above the mean, blue indicates low
expression below the mean, and white or light colors indicate expression near the mean. The
colored bars on the left denote gene modules: blue for fatty acid biosynthetic process, red for
fatty acid catabolic process, and green for tricarboxylic acid cycle. E-G: Gene set scores for
fatty acid biosynthetic process (E), fatty acid catabolic process (F), and tricarboxylic acid cycle

(G) in pigs, humans, and mice.
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