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Abstract
Background  Congenital hepatic fibrosis (CHF) caused by mutations in the polycystic kidney and hepatic disease 1 
(PKHD1) gene is a rare genetic disorder with poorly understood pathogenesis. We hypothesized that integrating gut 
microbiome and metabolomic analyses could uncover distinct host-microbiome interactions in CHF mice compared 
to wild-type controls.

Methods  Pkhd1del3–4/del3–4 mice were generated using CRISPR/Cas9 technology. Fecal samples were collected from 
11 Pkhd1del3–4/del3–4 mice and 10 littermate wild-type controls. We conducted a combined study using 16 S rDNA 
sequencing for microbiome analysis and untargeted metabolomics. The gut microbiome and metabolome data were 
integrated using Data Integration Analysis for Biomarker discovery using Latent cOmponents (DIABLO), which helped 
identify key microbial and metabolic features associated with CHF.

Results  CHF mouse model was successfully established. Our analysis revealed that the genera Mucispirillum, 
Eisenbergiella, and Oscillibacter were core microbiota in CHF, exhibiting significantly higher abundance in 
Pkhd1del3–4/del3–4 mice and strong positive correlations among them. Network analysis demonstrated robust 
associations between the gut microbiome and metabolome. Multi-omics dimension reduction analysis demonstrated 
that both the microbiome and metabolome could effectively distinguish CHF mice from controls, with area under the 
curve of 0.883 and 0.982, respectively. A significant positive correlation was observed between the gut microbiome 
and metabolome, highlighting the intricate relationship between these two components.

Conclusion  This study identifies distinct metabolic and microbiome profiles in Pkhd1del3–4/del3–4 mice. Multi-omics 
analysis effectively differentiates CHF mice from controls and identified potential biomarkers. These findings indicate 
that gut microbiota and metabolites are integral to the pathogenesis of CHF, offering novel insights into the disease 
mechanism.
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Introduction
The polycystic kidney and hepatic disease 1 (PKHD1), 
located on human chromosome 6p12.2, is one of the larg-
est human genes identified to date [1]. This gene encodes 
a 4074-amino-acid protein known as fibrocystin (FPC). 
FPC is a single-pass transmembrane protein localized to 
primary cilia and basal bodies, characterized by a large 
extracellular domain, a transmembrane domain, and a 
relatively short cytoplasmic tail [2]. In the liver, FPC is 
primarily expressed in the primary cilia of bile duct epi-
thelial cells and is involved in bile duct differentiation and 
maturation [3].

Mutations in PKHD1 can lead to three distinct dis-
eases: autosomal recessive polycystic kidney disease, con-
genital hepatic fibrosis (CHF), and Caroli disease, with 
an estimated incidence ranging from 1 in 10,000 to 1 in 
40,000 [4–6]. CHF is a rare disease characterized by cys-
tic dilatation of bile ducts and marked periportal fibrosis 
[7]. CHF is a multisystem disorder frequently overlooked 
or misdiagnosed clinically, necessitating multiple diag-
nostic modalities for accurate confirmation [8]. Despite 
its rarity and differences from those of acquired hepatic 
fibrosis, the pathogenesis of CHF remains incompletely 
understood. Some studies suggest that FPC-deficient bile 
duct cells may contribute to the development of CHF by 
secreting chemokines, thereby recruiting macrophage 
and inducing fibrosis, a process that can be mitigated by 
macrophage depletion [3]. In recent years, genetically 
engineered mouse models and organoid models gener-
ated using various technologies have enabled the recapit-
ulation of CHF development, providing valuable tools for 
investigating its pathogenesis [9, 10].

The gut and liver share important anatomical and 
functional connections, and their interactions has been 
implicated in the pathogenesis of various liver diseases 
[11, 12]. In hepatic fibrosis, the delicate balance of the 
gut-liver axis is disrupted, leading to intestinal barrier 
dysfunction and alterations in the microbial commu-
nity, which in turn modulate liver immune function and 
contribute to disease progression [13, 14]. Notably, while 
previous studies have primarily focused on alterations in 
the gut microbiota in acquired hepatic fibrosis, few have 
explored the gut microbiota characteristics in CHF [15, 
16].

Multi-omics sequencing technologies have revolution-
ized new insights into biological research [17, 18]. The 
gut microbiome is known to interact with host genetics 
and environmental factors, influencing disease suscep-
tibility and progression [19]. By integrating gut micro-
biome and metabolomic data, and employing machine 
learning classifiers and network analysis, we can uncover 
the relationship between CHF development and the 
microbiome. This approach enables the identification 
of microbial and metabolic alterations associated with 

disease exposure, providing novel insights into the com-
plex progression of genetic diseases.

Methods
Animal and experimental procedures
All animal experiments were approved by the Animal 
Care and Use Committee of Nanjing Medical Univer-
sity and adhered to the Animal Research: Reporting 
of In Vivo Experiments (ARRIVE) guidelines. Pkhd-
1del3–4/del3–4 mice were constructed by GemPharmatech 
on a C57BL/6J background. To generate Pkhd1del3–4/del3–4 
mice, CRISPR/Cas9 was employed to delete exons 3–4 
of PKHD1 gene. The genotype of the resultant mice was 
confirmed by polymerase chain reaction (PCR) analysis 
of tail DNA. In the genotyping PCR, primer set 1 ampli-
fies the 311-bp knockout allele, while primer set 2 ampli-
fies the 288-bp wild-type allele. Wild-type homozygotes 
exhibit a band only with primer set 2, knockout homozy-
gotes display a band only with primer set 1, and heterozy-
gotes present bands with both primer sets, indicating the 
presence of both alleles. (Primer: F1, ​G​C​A​A​T​G​C​C​T​G​G​T​
T​T​A​C​C​C​T​T​G, R1, ​A​A​C​T​G​G​A​A​A​G​G​G​G​C​A​T​A​A​C​G​G​
T; F2, ​C​A​A​A​C​G​C​A​A​T​A​T​C​T​T​A​C​A​T​T​G​C​C​C, R2, ​C​T​A​A​
G​C​A​G​A​G​C​A​A​A​G​A​C​T​G​T​T​T​G​G)

After successful mouse modeling, fresh fecal samples 
were collected in the morning and stored in sterile freez-
ing tubes. The samples were immediately frozen in liquid 
nitrogen and then kept at -80 °C until further analysis. All 
mice were fasted overnight and anesthetized with isoflu-
rane prior tissue sample collection.

Histologic evaluation
Mouse liver tissues were fixed in 4% paraformalde-
hyde, dehydrated, and embedded in paraffin wax. Sec-
tion  (4  μm) were cut and stained with hematoxylin and 
eosin (H&E) for histological examination. Additional 
sections were stained with a combination of potassium 
dichromate, acid fuchsin, and aniline blue to visualize 
collagen fibers, which appeared blue, while cytoplasm 
and nuclei stained red and black/blue, respectively.

Transmission electron microscopy
For transmission electron microscopy (TEM) observa-
tion of cilia in intrahepatic bile duct epithelial cells, liver 
tissues were immediately fixed in 2.5% glutaraldehyde 
overnight at 4  °C, followed by washing in phosphate-
buffered saline (PBS) and post-fixation with 1% osmium 
tetroxide for 2 h. Samples were dehydrated in graded eth-
anol and embedded in epoxy resin. Ultrathin Sects. (60–
80 nm) were stained with uranyl acetate and lead citrate, 
and observed under TEM. Ciliary ultrastructure were 
documented.
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DNA extraction and sequencing
Fecal microbial DNA was extracted utilizing the Fecal 
Genome DNA Extraction Kit (AU46111-96, BioTeke, 
China), following the manufacturer’s protocol. Subse-
quent quantification of the extracted DNA was per-
formed using a Qubit fluorometer (Invitrogen, USA). To 
amplify the total DNA, polymerase chain reaction (PCR) 
was employed with the universal primer pair 341 F/805R 
(341  F: 5′-CCT ACGGGNGGCWGCAG-3′; 805R: 
5′-GACTACHVGGG ​T​A​T​C​T​A​A​T​C​C-3′). The PCR 
cycling conditions consisted of an initial denaturation 
step at 98  °C for 30 s, followed by 32 cycles of denatur-
ation at 98  °C for 10  s, annealing at 54  °C for 30  s, and 
extension at 72  °C for 45  s. A final extension step was 
conducted at 72 °C for 10 min. The resultant PCR ampli-
cons were purified using AMPure XT Beads (Beckman 
Coulter Genomics, Danvers, MA, USA) and quantified 
using a Qubit fluorometer (Invitrogen, USA). The qual-
ity of the purified PCR products was assessed using an 
Agilent 2100 Bioanalyzer (Agilent, USA) and Illumina 
library quantitative kits (Kapa Biosciences, Woburn, MA, 
USA). Finally, the qualified PCR products were pooled 
and sequenced on an Illumina NovaSeq 6000 platform 
(PE250) at LC-Bio Technology Co., Ltd., Hangzhou, 
China.

Data processing and 16 S rDNA sequencing analysis
To preprocess the raw sequencing data, cutadapt (v1.9) 
was employed to remove sequencing primers from the 
de-multiplexed reads. Subsequently, paired-end reads 
were merged using FLASH (v1.2.8) to generate contigu-
ous sequences. Quality control measures were imple-
mented to filter out low-quality reads, including those 
with quality scores below 20, short reads (< 100 bp), and 
reads containing more than 5% ambiguous bases (‘N’ 
records), using the sliding-window algorithm method in 
fqtrim (v0.94). This rigorous filtering process ensured the 
retention of high-quality clean tags. To further refine the 
dataset, chimeric sequences were identified and removed 
using Vsearch software (v2.3.4). Denoising and amplicon 
sequence variant (ASV) generation were performed using 
DADA2, a robust algorithm for resolving sequence varia-
tion. Taxonomic classification of the ASVs was achieved 
through sequence alignment using the Quantitative 
Insights Into Microbial Ecology 2 (QIIME2) plugin fea-
ture-classifier, with reference to the SILVA and NT-16 S 
databases.

Non-targeted metabolomics profiling
Sample preparation involved thawing the stool samples 
on ice, followed by metabolite extraction using an 80% 
methanol buffer. Chromatographic separations were 
performed on an UltiMate 3000 UPLC System (Thermo 
Fisher Scientific, Bremen, Germany), equipped with an 

ACQUITY UPLC T3 column (100 mm*2.1 mm, 1.8 μm, 
Waters, Milford, USA) for reversed-phase separation. 
The column oven was maintained at a constant temper-
ature of 40  °C. A binary solvent system was employed, 
consisting of solvent A (5mM ammonium acetate and 
5mM acetic acid) and solvent B (acetonitrile), with a 
flow rate of 0.3 ml/min. Metabolite detection was carried 
out using a high-resolution tandem mass spectrometer 
Q-Exactive (Thermo Scientific), operated in both positive 
and negative ion modes. The Q-Exactive was configured 
to collect precursor spectra (70–1050  m/z) at a resolu-
tion of 70,000, with an automatic gain control (AGC) 
target of 3e6 and a maximum inject time of 100 ms. Frag-
ment spectra were collected at a resolution of 17,500, 
with an AGC target of 1e5 and a maximum inject time 
of 80 ms, using a top 3 configuration in data-dependent 
acquisition mode. To ensure the stability of the LC-MS 
system throughout the acquisition process, a quality con-
trol sample (pool of all samples) was analyzed after every 
10 samples.

Analysis of non-targeted metabolomics profiling data
Mass spectrometry (MS) data preprocessing was con-
ducted using XCMS software, which involved a series 
of steps including peak detection, peak grouping, reten-
tion time alignment, and annotation of isotopes and 
adducts. To facilitate data analysis, LC-MS raw data files 
were converted to mzXML format and subsequently pro-
cessed using the XCMS, CAMERA, and metaX toolbox, 
all of which were implemented in the R software environ-
ment. Normalization of raw protein intensity values was 
performed using the “medium” method to ensure data 
consistency. Hierarchical clustering analysis was carried 
out using the pheatmap package to visualize patterns in 
the data. Partial least squares discriminant analysis was 
performed using the ropls package in R, which enabled 
the calculation of variable importance in projection (VIP) 
values for each variable.

Microbiome and metabolomics analysis
Differential abundance analysis was performed using 
the Wilcoxon test (*P* < 0.05) and Linear Discriminant 
Analysis Effect Size (LEfSe) with an LDA score threshold 
of ≥ 2.0. Alpha and beta diversity were assessed using the 
“vegan” and “ineq” packages in R, with Bray-Curtis dis-
tance used for beta diversity. Principal Coordinate Anal-
ysis (PCoA) was conducted using the “ade4” package to 
visualize microbial community composition differences. 
Random Forest models were constructed to identify dis-
criminatory features, with Mean Decrease Gini values 
calculated for each microbe and metabolite. Biomarkers 
were selected based on discriminative ability and non-
redundancy. Multiple 10-fold cross-validation was per-
formed to assess the robustness and generalizability of 
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the model [20]. Receiver Operating Characteristic (ROC) 
curves were generated using the “pRoC” package. The 
area under the ROC curve (AUC) was calculated to eval-
uate biomarker performance.

The Data Integration Analysis for Biomarker discov-
ery using Latent cOmponents (DIABLO) framework was 
applied to integrate microbiome and metabolomic data 
using the “mixOmics” R package (V6.16.3) [21]. Integra-
tion was achieved by identifying shared patterns between 
the datasets, and the results were validated through per-
mutation tests to assess robustness and significance. A 
chord diagram was used to visualize the correlations 
greater than 0.5 between microbiota and metabolites.

Functional prediction using PICRUSt2
Functional profiling of the gut microbiota was performed 
using Phylogenetic Investigation of Communities by 
Reconstruction of Unobserved States 2 (PICRUSt2), 
with functional predictions based on 16  S ribosomal 
RNA gene sequencing data from the Kyoto Encyclope-
dia of Genes and Genomes (KEGG) Level 3 and Clus-
ters of Orthologous Groups (COG) databases [22]. ASV 
and their relative abundances were used as input to pre-
dict hierarchical gene families and pathway abundances, 
with correction for 16 S rRNA gene copy number QIIME 
2variations. Differential analysis was performed using the 
Wilcoxon rank-sum test, and the top 30 functions with 
p < 0.05 were visualized.

Statistical analysis
All statistical analyses were conducted using R version 
4.2.0. The Wilcoxon rank-sum test was used to assess dif-
ferences in species and metabolic pathways between the 
two groups. Spearman rank correlation was employed for 
correlation analysis. A p value < 0.05 was considered sta-
tistically significant.

Results
Establishment of the Pkhd1del3–4/del3–4 mouse model
The Pkhd1 gene exons 3–4 were deleted using CRISPR/
Cas9 technology to generate Pkhd1del3–4/del3–4 mice 
(Fig.  1A). Knockout of the Pkhd1 gene was confirmed 
by tail genotyping and RT-qPCR analysis of liver tissue 
(Fig. 1B, C). The FPC protein, encoded by PKHD1, local-
izes to the apical cilia of biliary epithelial cells. Defects 
in FPC result in ciliary structural abnormalities. To elu-
cidate ciliary alterations, we performed transmission 
electron microscopy (Fig. 1D). Wild-type mice exhibited 
well-defined, regularly arranged cilia. In contrast, knock-
out (KO) mice displayed significantly reduced numbers 
of short, disorganized cilia. Heterozygous mice, however, 
showed relatively normal ciliary morphology and abun-
dance. Ultrasonography revealed heterogeneous echotex-
ture and cystic lesions in the mouse liver (Fig.  1E). 

Histopathological examination demonstrated a progres-
sive increase in both the number and size of biliary cysts 
with age, accompanied by an elevated number of renal 
cysts. At 6 months of age, the mice exhibited pronounced 
hepatic fibrosis, as evidenced by liver pathology (Fig. 2). 
These findings confirm the successful establishment of 
the CHF mouse model. Therefore, 6-month-old mice 
was further selected for further study, and fecal samples 
were collected for 16 S rDNA gene sequencing and fecal 
metabolomic analysis.

Microbial composition and diversity in Pkhd1del3–4/del3–4 
mice
Following DADA2 denoising, non-redundant sequences 
were identified as amplicon sequence variants (ASVs) 
or feature sequences [23]. A total of 2651 ASVs were 
detected, with 948 ASVs were shared between wild-type 
and knockout mice, 611 ASVs were unique to WT mice 
and 1,092 were unique to the Pkhd1del3–4/del3–4 group 
(Fig. 3A). The rarefaction curves indicated that the rich-
ness of ASVs increased with the number of samples and 
eventually plateaued, suggesting that the sample size was 
sufficient (Fig. 3B).

We employed the Chao1 index, Shannon index, 
observed species (obs) index, and Simpson index to 
evaluated differences in microbial richness and diversity 
between the two groups (Fig. 3C-F). No significant differ-
ences were observed. PCoA was performed to visualize 
dissimilarities in gut microbial community composition 
by reducing dimensionality (Fig. 3G). Using Bray-Curtis 
distances to calculate inter-sample microbial dissimilari-
ties, PCoA revealed no significant differences along the 
first principal coordinate, but exhibited greater heteroge-
neity along the second principal coordinate (Fig. 3H, I).

Intestinal microbial differences in the Pkhd1del3–4/del3–4 
group
In this study, we focused on the alteration in gut micro-
biota at both phylum and genus levels. A Venn diagram 
revealed that 21 phyla were shared between the two 
groups, with Firmicutes being the most abundant phy-
lum (Fig.  4A, B). To compare the differences in micro-
bial composition at these taxonomic levels, we employed 
the Wilcoxon rank-sum test to analyze the significance 
of differences (Fig. 4C). We found significant differences 
in the abundance of Deferribacterota and Patescibacte-
ria between the groups. Specifically, Deferribacterota 
was significantly enriched in the Pkhd1del3–4/del3–4 group, 
while Patescibacteria was significantly reduced in this 
group.

We next compared the differences at the genus level 
(Fig.  4D). A bar chart depicted the composition of the 
top 30 genera across both groups (Fig.  4E). Compara-
tive analysis identified significant differences in 18 genera 
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between the two groups, with 13 genera showing marked 
enrichment in the Pkhd1del3–4/del3–4 group (Fig.  4F). 
Among these, Mucispirillum, Eisenbergiella, and Oscilli-
bacter were the most abundant. In contrast, the genera 
that were significantly reduced in the Pkhd1del3–4/del3–4 
group included Parvibacter, Streptococcus, and Candi-
datus_Saccharimonas. The results of the LefSe analy-
sis were corroborated these observations, highlighting 

notable shifts in gut microbiota composition in CHF 
mice (Fig. 4G, H).

To further elucidate microbial community dynamics, 
we conducted a Spearman correlation analysis on the 
top 30 genera (Fig.  5A, B). The results showed signifi-
cant positive correlations among Mucispirillum, Eisen-
bergiella, and Oscillibacter, of which were significantly 
enriched in the Pkhd1del3–4/del3–4 group.

Fig. 1  Genetic and phenotypic analysis of Pkhd1del3–4/del3–4 mice. (A) Schematic representation of the Pkhd1 gene structure in wild-type and knockout 
alleles. The KO allele illustrates the CRISPR/Cas9-mediated deletion of exons 3–4 in the coding region. (B) Pkhd1del3–4/del3–4 mice were confirmed by PCR 
analysis of tail DNA. (C) RT-qPCR analysis of Pkhd1 mRNA relative abundance. (D) Electron microscopy images of intrahepatic cholangiocytes from WT, KO, 
and heterozygous mice. (E) Ultrasound imaging of the liver from KO mice. ***P < 0.0001
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Functional prediction of intestinal microbiota in 
Pkhd1del3–4/del3–4 Mice
The 16 S rDNA sequencing data of gut microbiota were 
analyzed via PICRUSt2 for functional prediction based 
on the KEGG and Clusters of Orthologous Group (COG) 
database. The top 11 KEGG pathways with the most sig-
nificant differences in the prediction results were shown. 
Among these, three pathways were downregulated in the 
Pkhd1del3–4/del3–4 group: ethylbenzene degradation, cap-
rolactam degradation, and butyrate metabolism. In con-
trast, the pathways upregulated in the Pkhd1del3–4/del3–4 
group were primarily associated with disease develop-
ment, including colorectal cancer, influenza A, Parkin-
son’s disease, and small cell lung cancer (Fig. 5C). Notable 
variations were observed in functions related to DNA 
metabolism and FHIP-associated peptidases between the 
groups (Fig. 5D).

Metabolomic characteristics of Pkhd1del3–4/del3–4 mice
Untargeted metabolomic analysis was performed 
using MS. Group-wise Partial Least Squares Discrimi-
nant Analysis was conducted to visualize the separa-
tion trend between the groups (Fig.  6A, B). The results 
showed a clear separation between the WT and Pkhd-
1del3–4/del3–4 groups. The volcano plot displayed the dif-
ferential metabolites (Fig. 6C). A total of 145 differential 
metabolites were identified, with 99 metabolites signifi-
cantly upregulated in the Pkhd1del3–4/del3–4 group, indi-
cating an active metabolic state in these mice. Gene set 

enrichment analysis (GSEA) revealed significant differ-
ences in multiple metabolic pathways, signal transduc-
tion pathways, and disease-related pathways (Fig.  6D). 
The upregulated genes in the Pkhd1del3–4/del3–4 group 
were primarily enriched in taurine and hypotaurine 
metabolism, biosynthesis of cofactors, and pantothenate 
and coa biosynthesis. Notably, given that the disease 
originates from bile duct cells, there was an enhancement 
in the bile acid metabolism pathway.

Integration of multi-omics and development of diagnostic 
models
The dimensionality reduction analysis revealed distinct 
clustering patterns between the study groups (Fig. 7A, B). 
Analysis using DIABLO demonstrated a strong correla-
tion coefficient (r = 0.93) between microbial and meta-
bolic profiles, indicating potential biological interactions 
between these two omics layers (Fig. 7C). The key correla-
tions between them are illustrated in the figure (Fig. 7D). 
Significant features were identified using the Block Rank 
algorithm (Fig.  7E). Among the microbiome features, 
several bacterial taxa emerged as primary contributors, 
including Desulfovibrionaceae unclassified, Oscillospira-
ceae unclassified, and Lactobacillaceae unclassified. The 
metabolomic analysis identified key metabolites, with 
oxoproline, 3-hydroxy-4-imino-2,5-pyrrolidinedione, 
and piccolinic acid showing the strongest associations.

To evaluate the diagnostic efficacy of the gut microbi-
ome for CHF, a random forest model was performed to 

Fig. 2  Histopathological analysis of liver and kidney in Pkhd1del3–4/del3–4 mice and WT mice. HE staining, zoomed HE images, and Masson’s trichrome stain-
ing of liver and HE staining of kidney sections from WT and Pkhd1del3–4/del3–4 mice at 1, 3, and 6 months (m) of age are shown. With increasing age, the 
number and size of hepatic cysts in Pkhd1del3–4/del3–4groups progressively enlarged, accompanied by aggravated periductal fibrosis
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identify discriminative features. In this study, we used 
the Mean Decrease Gini method to evaluate feature 
importance and selected the top three genera and the top 
four metabolites as input features for the classifier (gen-
era: Eubacterium ruminantium group, Parvibacter, and 

GCA-900066575; metabolites: 1-Naphthalenecarboxylic 
acid, Nonaethylene Glycol, Arg Leu Glu, and Liriode-
nine). The Mean Decrease Gini values for these genera 
and metabolites were significantly higher than those of 
the other variables, indicating their greater contribution 

Fig. 3  Analysis of microbial community composition and diversity. (A) Venn diagram illustrating the number of unique and shared ASV between two 
groups. (B) Alpha diversity rarefaction curves based on Chao1 index, with each line representing an individual sample. (C-F) Box plots comparing alpha 
diversity indices (Chao1, Shannon, Observed species, and Simpson) between WT and Pkhd1del3–4/del3–4groups. P-values were determined by the Wilcoxon 
rank-sum test. (G) PCoA plot based on Bray-Curtis dissimilarity. The first and second principal coordinates (PCoA1 and PCoA2) explain 29.64% and 19.8% 
of the variance, respectively. (H-I) Boxplots of Bray-Curtis distances to centroids along A1 and A2 components, respectively. Statistical significance was 
assessed using the Wilcoxon rank-sum test, with p-values shown above the plots. WT group is shown in blue, and KO group is shown in pink
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Fig. 4  Comparative analysis of microbial communities. (A) Venn diagram showing shared and unique phyla between WT and Pkhd1del3–4/del3–4groups. (B) 
Stacked bar plot of phyla, illustrating relative abundance differences. (C) Bar graph highlighting significant differences in Firmicutes and Bacteroidetes ratios 
between groups. (D) Venn diagram depicting genus distribution in WT and Pkhd1del3–4/del3–4 group. (E) Stacked bar plot of the top 30 genera, showing 
relative abundance variations. (F) Bar graph indicating significant differences in specific genera. (G) Cladogram representing phylogenetic relationships, 
with significant clades marked. (H) The differential abundance of gut microbiota taxa between the KO and WT groups, analyzed using LDA. Taxa enriched 
in the Pkhd1del3–4/del3–4 group are represented in pink, while those enriched in the WT group are shown in blue
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Fig. 5  Microbiome correlation analysis and functional prediction. (A) Spearman correlation heatmap of the top 30 genera. The color intensity and size 
of the circles represent the strength and direction of correlations (red: positive; blue: negative). (B) Co-occurrence network of genera, with nodes colored 
by phylum and sized according to degree. Edge width reflects correlation strength, and edge color indicates positive (yellow) or negative (gray) correla-
tions. (C) Differentially abundant microbial taxa between groups at the genus level, visualized using linear discriminant analysis (LDA). Bars represent the 
mean proportions and differences between groups. (D) Functional prediction of microbial communities based on KEGG and COG database. *p < 0.05, 
**p < 0.01, ***p < 0.001
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to the model’s performance (Fig. 8A, B). The metabolite-
based model exhibited superior diagnostic performance 
compared to the microbiome-based model, although 
both demonstrated robust discriminative capability 
(microbiome: AUC = 0.883, 95% CI: 0.862–0.905; metab-
olome: AUC = 0.982, 95% CI: 0.975–0.988) (Fig. 8C, D).

Discussion
Congenital hepatic fibrosis (CHF) is an autosomal reces-
sive disease commonly characterized by mutations 
in the PKHD1 gene, which leads to polycystic kidney 
and liver disease and contribute to the progression of 
hepatic fibrosis. Due to its rarity, the gut metabolomic 
and microbiome in CHF has not been extensively stud-
ied. The mouse Pkhd1 gene contains the human T36M 
mutation, one of the most common mutation sites, and 

shares 91% homology with the human gene [24]. Pkhd-
1del3–4/del3–4 mice, generated using the CRISPR/Cas9 
system, display a spectrum of phenotypes mirroring key 
aspects of the human disease. Notably, these mice spon-
taneously develop hepatic fibrosis during growth, estab-
lishing them as a valuable model for investigating CHF 
pathogenesis and disease phenotype [25, 26].

Gut microbiota and metabolites have been linked 
to numerous hepatic disorders, yet their alterations in 
PKHD1 mutation-driven CHF remain uncharacterized 
[27, 28]. To provide a comprehensive characterization 
of the multi-omics landscape in PKHD1 mutant mice, 
we employed advanced machine learning classification 
models to integrate both metabolomic and microbiome 
datasets. Given CHF’s complexity, involving genetic 
mutations and hepatic phenotypic changes, an integrative 

Fig. 6  Non-targeted metabolomics profile of gut microbiota. (A) PLS-DA score plot showing separation of WT and Pkhd1del3–4/del3–4 groups. (B) Permuta-
tion test. (C) A volcano plot was generated for all metabolites from differential expression analysis, with log2(FC) on the x-axis and -log10(p-value) on the 
y-axis. Red points represent significantly upregulated metabolites, blue points indicate significantly downregulated metabolites, and gray points cor-
respond to metabolites with no significant differential expression. (D) Top 30 significantly enriched pathways from GSEA analysis, highlighting up- and 
down-regulated pathways
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Fig. 7  Multi-omics integration of microbiome and metabolome profiles. (A) DIABLO dimension reduction showing variance distribution of microbiome 
and metabolome blocks in WT and Pkhd1del3–4/del3–4. (B) Sample separation based on multi-omics DIABLO features. (C) Multi-omics DIABLO integration 
demonstrating significant correlations between gut microbiome and metabolome. (D) Circular plot demonstrating correlations (cutoff ≥ 0.5) between 
microbiome and metabolome features. (F) Bar plots of top contributing variables to component 1 for microbiome and metabolome, separated by WT 
and Pkhd1del3–4/del3–4 groups
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multi-omics approach offers a more precise identification 
of microbial dysbiosis [29]. Using the DIABLO machine 
learning method, we found a significant positive cor-
relation between the gut microbiome and metabolome, 
indicating the stability of the multi-omics approach [30]. 
The independent analysis of the two omics demonstrated 
strong discriminative power, effectively distinguishing 
Pkhd1del3–4/del3–4 mice from WT with high classifica-
tion accuracy. Notably, metabolomic data outperformed 
microbiome data in discriminating disease states, sug-
gesting that metabolic alterations may play a more piv-
otal role in pathogenesis. These findings highlight the 
complex interplay between gut microbiota and host 

metabolism, underscoring the potential of metabolomics 
as robust biomarkers for CHF.

Recent studies have highlighted the critical role of the 
gut microbiota in liver disease development through the 
gut-liver axis, with gut dysbiosis and liver disease mutu-
ally reinforcing each other [31]. To further elucidate this 
relationship, we employed a multi-omics approach to 
identify characteristic microbes and metabolites in CHF 
mouse. While no significant differences were observed in 
overall alpha and beta diversity, we did find notable com-
positional differences at the genus level. Specifically, the 
genera Mucispirillum, Eisenbergiella, and Oscillibacter 
not only showed significant differences but also dis-
played significant positive correlations with each other, 

Fig. 8  ROC curves of microbiome and metabolome classifier. (A, B) Top 20 variables based on the Mean Decrease Gini for microbiome and metabolites, 
respectively. The top three microbiota and top four metabolites with the highest Mean Decrease Gini values were selected for constructing the diagnostic 
model. (C) ROC of gut microbiome, achieving an AUC of 0.883 (95% CI: 0.862–0.905). (D) ROC curve for metabolome, achieving an AUC of 0.982 (95% CI: 
0.975–0.988)
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suggesting that these three genera may be core micro-
biota associated with the progression of CHF. These 
findings indicate that even in the absence of significant 
diversity changes, shifts in microbial composition can 
still play an important role in the CHF development 
and progression. Among these, the high expression of 
Mucispirillum in the Pkhd1del3–4/del3–4 group is particu-
larly noteworthy. Mucispirillum, a Gram-negative bacil-
lus belonging to the phylum Deferribacteres, has been 
implicated in changes in liver disease. Previous stud-
ies have demonstrated that high-fat diets can increase 
the abundance of Mucispirillum in the gut microbiota 
of mice [32], with one study noting a gradual rise in 
Mucispirillum levels over 14 months of high-fat feed-
ing, coinciding with liver fibrosis development [27]. The 
concurrent increase of Mucispirillum and liver fibrosis 
may be due to its colonization in the intestinal mucus 
layer, where its pathogenic traits trigger gut inflamma-
tion through type VI secretion system and putative effec-
tor proteins [33]. Its proliferation could compromise the 
gut barrier, allowing inflammatory factors and bacterial 
products to translocate to the liver via the portal vein, 
thereby exacerbating liver disease progression [34]. This 
potential change warrants further investigation.

Notably, our functional analysis of the gut microbiota 
revealed a significant decrease in the butyrate metabo-
lism pathway in the Pkhd1del3–4/del3–4 group compared to 
WT group. Additionally, the butyrate-producing genus 
Eubacterium was significantly reduced in the Pkhd-
1del3–4/del3–4 group. Butyrate, a key short-chain fatty acid, 
is primarily produced by butyrate-producing bacteria 
through the fermentation of dietary fiber [35]. Butyrate 
is a primary energy source for intestinal epithelial cells, 
promoting their proliferation and repair [36, 37], while 
enhancing the expression of mucin to maintain the integ-
rity of the gut barrier [38]. Additionally, butyrate directly 
attenuates hepatic stellate cell activation and improves 
liver fibrosis progression [39]. Impaired butyrate metab-
olism weakens the gut barrier, enabling harmful sub-
stances like lipopolysaccharide to enter the bloodstream 
and reach the liver, triggering inflammation and dam-
age and accelerating the progression of hepatic fibrosis 
[40]. Therefore, we hypothesize that the development of 
fibrosis in CHF mice may be associated with decrease in 
butyrate levels.

Metabolomic profiling revealed that most of the dif-
ferential metabolites in the Pkhd1del3–4/del3–4 group were 
upregulated. Further GSEA enrichment analysis sug-
gested that the upregulated metabolic pathways were 
associated with nucleotide and amino acid metabo-
lism, indicating an active metabolic state in the Pkhd-
1del3–4/del3–4 group [41]. Our metabolomic analysis 
revealed alterations in several differential metabolites in 
the Pkhd1del3–4/del3–4 group, including the upregulation 

of Nonaethylene Glycol and 2-Chlorophenol, and the 
downregulation of N-Acelyhistamine and 3,4-dihy-
droxyphenylpropanoate. These findings warrant further 
investigation to elucidate their potential roles in the 
development of fibrosis in CHF mice.

CHF mice exhibited both genetic mutations and 
hepatic fibrosis. While prior omics research on hepatic 
fibrosis has largely centered on acquired forms, it is criti-
cal to recognize that host genetics also shape gut micro-
biota composition through metabolic alterations [42, 43]. 
In the case of the CHF mice analyzed here, the observed 
omics changes likely reflect a combined influence of 
genetic mutations and hepatic fibrosis. Translating these 
findings back to the human context, it is important to 
note that CHF is not solely caused by PKHD1 gene muta-
tions, and the specific loci and types of mutations can 
vary [44, 45]. Such genetic variations can significantly 
impact gut microbiota composition, warranting an 
assessment of their heritability. This could facilitate the 
identification of microbial species most associated with 
different types of CHF and help identify the core of the 
genetic spectrum [46, 47]. Therefore, larger cohorts may 
be required to differentiate the heritable and fibrosis-
related components of the gut microbiota in CHF. Prac-
tically, large-scale sequencing of diverse loci combined 
with multi-omics integration may offer deeper insights 
into gut microbiota interactions. This comprehensive 
approach has the potential to enhance the generalizabil-
ity of diagnostic models and provide a foundation for 
targeted microbial therapies in genetic mutation-related 
diseases [48, 49].

Our study elucidates distinct alterations in gut micro-
biota composition and metabolic profiles in CHF mice 
model, highlighting specific host-microbiome interac-
tions implicated in CHF pathogenesis. While the mouse 
model provides valuable insights, we acknowledge spe-
cies differences. However, the dysbiosis observed, linked 
to intestinal inflammation and liver disease progression, 
mirrors findings in human studies, suggesting that gut 
microbiota disturbances may also play a role in human 
CHF. Multi-omics approaches hold promise for CHF 
diagnosis and screening, and could aid in identifying 
microbial signatures that serve as non-invasive biomark-
ers for early detection. Furthermore, therapeutic strate-
gies targeting the gut microbiota, such as microbiome 
modulation or specific antibiotics, warrant exploration 
in human trials. Further investigation is needed to fully 
delineate the clinical implications of these observations.
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