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Abstract
Background  To explore the pathogenesis of different subtypes of gallstones in high-altitude populations from a 
molecular perspective.

Methods  We collected bile samples from 20 cholesterol gallstone disease (CGD) patients and 20 pigment gallstone 
disease (PGD) patients. Proteomics analysis was performed by LC/MS DIA, while metabolomics analysis was 
performed by UPLC- Q-TOF/MS.

Results  We identified 154 up-regulated and 196 down-regulated differentially expressed proteins, which 
were significantly enriched in neurodegenerative diseases, energy metabolism, amino acid metabolism etc. In 
metabolomics analysis, 20 up-regulated and 63 down-regulated differentially expressed metabolites were identified, 
and they were significantly enriched in vitamin B6 metabolism. Three pathways of integrated proteomics and 
metabolomics were significantly enriched: porphyrin and chlorophyll metabolism, riboflavin metabolism and 
aminoacyl-tRNA biosynthesis. Remarkably, 7 differentially expressed proteins and metabolites showed excellent 
predictive performance and were selected as potential biomarkers.

Conclusion  The findings of our metabolomics and proteomics analyses help to elucidate the underlying 
mechanisms of gallstone formation in high-altitude populations.
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Introduction
Gallstones, also known as cholelithiasis, are a common 
digestive tract disorder. While the prevalence of chole-
lithiasis in the United States is remarkably high at 20%, 
Qinghai Province in western China exhibits a prevalence 
rate similar to that of developed countries, approximately 
15–20% [1, 2]. Due to the high-cholesterol diet preva-
lent in high-altitude regions, the incidence of gallstones 
is significantly higher than in flatland areas [3]. A major 
characteristic of gallstones is that not all patients expe-
rience symptoms. Sometimes, the stones may migrate 
near the opening of the bile duct and obstruct bile flow, 
potentially leading to gallbladder tension and typical bili-
ary colic [4, 5]. Regarding the physical examination, most 
patients with chronic cholecystitis or gallstones may have 
no positive signs, while a few patients may exhibit ten-
derness or pain upon palpation in the right upper abdo-
men [6].

Currently, laparoscopic cholecystectomy is the stan-
dard treatment method [7]. However, laparoscopic 
cholecystectomy-associated complications such as post-
operative bile duct injury, incisional hernia, and abdomi-
nal pain cannot be overlooked within clinical practice 
[8, 9]. Furthermore, drug treatment often leads to high 
recurrence rates by merely addressing symptoms rather 
than tackling the root cause, consequently causing physi-
cal and psychological distress for patients [10–12]. Ultra-
sonography is the most common imaging modality for 
diagnosing gallstones, but imaging methods can only 
identify patients who have already been affected [4, 13]. 
Therefore, identifying potential gallstone disease patients 
from a molecular perspective and intervening early can 
help reduce the incidence rate in the region.

Bile is a unique and vital aqueous secretion of the liver 
that is formed by the hepatocyte and modified down-
stream by absorptive and secretory properties of the bile 
duct epithelium [14]. When gallstones are formed, the 
bile reflects the changes in the pathogenesis of the body. 
Excessive liver cholesterol secretion will cause choles-
terol supersaturation in gallbladder bile, which may lead 
to acute and chronic cholecystitis and common bile duct 
stones [15, 16]. Previous studies reported that osteopon-
tin (OPN) in bile may participate in the formation of 
cholesterol gallstones by regulating the metabolism of 
cholesterol and bile acids, altering bile composition [17]. 
Although molecular diagnostic techniques can predict 
the risk of gallstones in patients, their clinical application 
remains unclear.

With the rapid development of chromatographic 
technology, liquid chromatography-mass spectrom-
etry (LC-MS) data-independent acquisition (DIA) have 
become the mainstream methods for the separation and 
detection of proteomics [18, 19], which have the char-
acteristics of high sensitivity, good specificity and a low 

detection limit. Our research intends to combine pro-
teomics and metabolomics of bile to find possible bio-
markers and construct a prediction model to provide a 
theoretical basis for early risk identification and predic-
tion of cholelithiasis.

Method
Ethics statement
This study was conducted in accordance with the Decla-
ration of Helsinki. All patients provided written informed 
consent. This study was approved by the Ethics Commit-
tee of the Qinghai Provincial Traffic Hospital, Qinghai, 
China ([2022] no. 727).

Subjects
Twenty patients with cholesterol-type cholelithiasis in 
Qinghai Provincial Traffic Hospital from June to Novem-
ber 2023 were screened as the case group, and 20 patients 
with bile pigment-type gallstones were included as the 
control group; their bile specimens and basic information 
were collected. The inclusion and exclusion criteria for 
cholelithiasis patients were as follows. Inclusion criteria: 
cholelithiasis diagnosed by abdominal imaging exami-
nation, abdominal pain of varying degrees at admission 
with or without fever and jaundice etc., informed about 
the study and signed the consent form, good cognitive 
function and ability to express themselves. Exclusion 
criteria: combined hepatic and renal insufficiency, the 
presence of biliary or pancreatic tumours, patients with 
psychiatric diseases, people with communication disor-
ders and poor cognitive expression and people with car-
diopulmonary dysfunction. The basic characteristics of 
the two groups were comparable. Two original bile sam-
ples were combined into one test sample for LC-MS DIA 
proteomics analysis, considering the influence of gender 
and age.

Overall design
This study included 20 cholesterol gallstone disease 
(CGD) patients and 20 pigment gallstone disease (PGD) 
patients aged 24 to 71 years. Their bile samples were 
collected and stored, and a quantitative analysis was 
then performed by LC-MS and UPLC-Q-TOF/MS. The 
pathogenesis of cholelithiasis was subsequently studied 
through multi-omics with a visual analysis. The details 
are shown in Fig. 1.

Bile sample collection
Bile samples from total 40 patients in two groups were 
collected after surgical section. During the surgical prog-
ress, a portion from the total 10–20 mL of bile was aspi-
rated into a 10 mL test tube under sterile conditions and 
stored in a refrigerator at − 80 ℃.
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Proteomic analysis by LC/MS DIA
Proteomic analysis was performed on 20 pairs of com-
bined bile samples. The LC-MS data-independent 
acquisition (DIA) method was used for the untargeted 
proteome. The proteomics analysis was conducted by 
Shanghai Shisuan Biotechnology Co., Ltd. The experi-
mental protocol on sample pre-processing, DIA data 
collection and database retrieval is provided in the Sup-
plementary material.

Proteomic data analysis
Partial least squares discriminant analysis (PLS-DA) 
was applied for the discrimination among CGD and 
PGD patients of differentially expressed proteins (DEP). 
Screening of DEPs was to select samples for comparison 
according to the experimental design (pairwise compari-
son analysis was performed by default), and the average 
relative quantitative value of each protein in each group 
of samples in the comparison sample pair was calculated. 
The ratio of the mean value of each group of samples in 
the comparison sample pair was the fold change (FC). 
At the same time, the t-test was used to calculate the 
p-value to judge the significance of the difference. DEP 
was defined as FC > 1.5 & FC < 0.67, P < 0.05, false dis-
covery rate (FDR)correction was applied to control the 
expected proportion of false positives in all significant 
results. DEP pathway enrichment analysis and geneset 
enrichment analysis were performed using the KEGG 

pathway database and GO resource [20–22]. Protein-
protein interaction (PPI) network analysis of DEP was 
constructed by STRING (https://string-db.org) [23].

Metabolomic analysis by UPLC-Q-TOF/MS
Metabolomic analysis of the 40 samples was conducted 
using the UPLC-Q-TOF/MS (Ultra-high performance 
liquid chromatography-quadrupole time-of-flight mass 
spectrometry) analysis platform. Initially, the samples 
underwent preprocessing to remove proteins and extract 
metabolites. Subsequently, mass spectrometry detection 
was performed separately in positive- and negative-ion 
modes. The resulting data underwent metabolite iden-
tification to generate a data matrix containing retention 
time, peak area, mass-to-charge ratio and identification 
information. The metabolomics analysis was conducted 
by Shanghai Shisuan Biotechnology Co., Ltd. Details are 
shown in the Supplementary files.

Metabolomic data analysis
The data matrix was uploaded into the MetaboAnalyst 
for further analysis (www.metaboanalyst.ca). They were 
subjected to partial least square discriminant analysis 
(PLS-DA) based on metabolite effects. We calculated 
the VIP (variable importance in the projection) value 
to determine its contribution to the classification. The 
metabolites with VIP > 1 and P < 0.05 and FC > 1.5 or 
FC < 0.67 were considered to be differentially expressed 

Fig. 1  General workflow. LC-MS, liquid chromatography–mass spectrometry. UPLC- Q-TOF/MS, ultra-high performance liquid chromatography-quadru-
pole time-of-flight mass spectrometry
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metabolites (DEMs), false discovery rate (FDR)correc-
tion was also applied to control the expected proportion 
of false positives in all significant results. The metabolic 
pathways enrichment of DEMs was performed by search-
ing the KEGG database [20].

Correlation analysis of proteomics and metabolomics
The correlations between DEPs and DEMs were iden-
tified by Pearson correlation analysis. The correlation 
network was constructed based on a correlation coeffi-
cient > 0.7 & P < 0.05. KEGG pathway enrichment analy-
sis was conducted on DEPs and DEMs performed using 
MetaboAnalyst (www.metaboanalyst.ca) [24]. Combined 
biomarkers from proteomics and metabolomics were 
identified using a random forest model, and their pre-
dictive performance was assessed through 10-fold cross-
validation and receiver operating characteristic curve 
analysis [25, 26].

Statistical analysis
All the statistical analyses were performed using StataMP 
17.0. Continuous data with a normal distribution were 
shown as mean ± sd, and comparisons between groups 
were analysed using a t-test. Non-normally distributed 
continuous data were shown as M (P25, P75), and compar-
isons between groups were analysed using the Wilcoxon 
rank-sum test. Categorical data are shown as N (%), and 
comparisons between groups were analysed using a chi-
square test. A P value < 0.05 was considered statistically 
significant.

Results
We collected information on the clinical characteris-
tics of two types of gallstone disease patients. The result 
showed that only GgT levels were significantly different 
between the two groups, while other demographic and 
clinical information did not exhibit significant differences 
(Table 1).

Table 1  Clinical characteristic of CGD and PGD patients [(mean ± sd) / M(P25,P75)]. Neu: neutrophile granulocyte; Tcho: total 
cholesterol; Ldlc: low density lipoprotein cholesterol; Hdlc: high density lipoprotein cholesterol; wbc: white blood cell; Neut: 
neutrophilic granulocyte percentage; tg: triglyceride; Tbil: total bilirubin; Dbil: direct bilirubin; Indbil: indirect bilirubin; Ggt: gamma-
glutamyl transpeptidase; alp: alkaline phosphatase; Alt: glutamic-pyruvic transaminase; ast: aspartate aminotransferase; tba: total bile 
acid

CGD PGD t/z/x2 P
Sex 0.100 0.752
male 10 9
female 10 11
Ethnic 4.206 0.240
Han 13 12
Zhang 5 3
Hui 1 5
Mongol 1 0
age 44.5 ± 10.4 48.45 ± 11.44 -1.143 0.260
bmi 24.47 ± 4.2 24.05 ± 2.76 0.380 0.705
Gra 65.95 ± 9.82 66.68 ± 10.87 -0.223 0.824
Tcho 3.99 ± 1.15 3.6 ± 1.69 0.846 0.402
Ldl-c 2.29(1.94,2.51) 2.6(2.29,2.94) -1.677 0.094
Hdl-c 1.24(1.19,1.57) 1.62(1.31,3.63) -1.746 0.081
Wbcc 6.82(5.22,7.6) 5.43(3.91,6.84) 1.758 0.079
Neut 4.2(3.09,5.19) 3.48(2.32,5.29) 1.447 0.148
Tg 1.88(1.1,2.39) 1.41(1.11,1.99) 0.757 0.449
Tbil 17.45(14.15,24.1) 18(14.05,20.8) 0.068 0.946
Dbil 5.7(4.65,8) 5.5(4.9,7.05) 0.027 0.978
Indbil 11.6(9.3,16.1) 12.5(8.7,14.45) 0.881 0.888
Ggt 45(25,133.5) 24.5(17.5,40.5) 2.369 0.017*
Alp 99(83.5,117.5) 94.5(69,102) 1.272 0.203
Alt 27.5(19,41.5) 25(17.5,40.5) 0.528 0.597
Ast 21(19,28) 21(17,24) 0.705 0.481
Tba 4.4(2.65,8.3) 3.85(2.65,7.3) 0.501 0.616
Neu: neutrophile granulocyte; Tcho: total cholesterol; Ldlc: low density lipoprotein cholesterol; Hdlc: high density lipoprotein cholesterol; Wbc: white blood cell; 
Neut: neutrophilic granulocyte percentage; Tg: triglyceride; Tbil: total bilirubin; Dbil: direct bilirubin; Indbil: Indirect bilirubin; Ggt: gamma-glutamyl transpeptidase; 
Alp: alkaline phosphatase; Alt: glutamic-pyruvic transaminase; Ast: aspartate aminotransferase; Tba: total bile acid

http://www.metaboanalyst.ca
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Proteomics
The PLS-DA score plot revealed a clear separation 
between CGD patients and PGD patients (Fig.  2a); a 
combination of the first principal component (PC1) and 
second principal component (PC2) could explain 86.75% 
of the variance. We further employed the 5-fold cross-
validation method, the results indicated that the accuracy 
across the five folds is all above 0.9. The Q2 values range 
from a minimum of 0.559 to a maximum of 0.815 across 
different folds (all > 0.5), suggesting a strong predictive 
capability of the model (Fig. 2b). A volcano plot was also 
obtained by plotting log2FC as the abscissa and the nega-
tive log10-based P-value (− log10p) as the ordinate after 
the proteins in the CGD and PGD groups were further 
analysed using t-test. Under the condition of FC > 1.5 & 
FC < 0.67, P < 0.05, a total of 154 up-regulated and 196 
down-regulated DEP were discovered in CGD patients 
compared to PGD patients (Fig. 2c). Hierarchical cluster-
ing analysis of the Top 100 DEPs, between the CGD and 
PGD groups, showed that the expression patterns in the 

CGD group differed from those in the PGD group, and 
protein expression in each group was clustered (Fig. 2d).

In total, 350 dysregulated DEPs were identified 
between the two groups, including 154 up-regulated and 
196 down-regulated proteins. For biological processes, 
these proteins were mainly involved in cellular processes, 
metabolic processes, response to stimulus, dephosphory-
lation and anabolism of purines (Fig. 3a). For molecular 
functions, the proteins were primarily involved in bind-
ing and catalytic activity (Fig. 3b). For the cellular compo-
nent, the proteins were primarily involved in the cellular 
anatomical entity, organelle and membrane (Fig. 3c). The 
results of KEGG pathway analyses revealed that these 
DEPs were significantly enriched in pathways of neuro-
degenerative diseases, such as prion disease and Parkin-
son’s disease, energy metabolism, such as thermogenesis 
and amino acid metabolism, such as pantothenate and 
CoA biosynthesis (Fig.  3d). PPI network analyses of the 
DEPs were obtained from the STRING 11.0 database 
(Fig. 4). PPI network analysis systematically analyses the 
interactions among many proteins in biological systems. 

Fig. 2  Differential analysis of protein expression levels between CGD and PGD a) Partial least squares-discriminant analysis (PLS-DA) of proteomic data 
in CGD and PGD. b) cross-validation for PLS-DA. Q2 is an estimate of the predictive ability of the model, and is calculated via cross-validation c) Volcano 
plot of all proteins. The abscessus represents log2 (Fold Change), the ordinate represents -log10 (p-value), and each point represents a protein. Red dots 
represent proteins with a significant fold change (FC) > 1.5 (p < 0.05); blue dots represent proteins with a significant FC < 0.67 (p < 0.05); black dots, no obvi-
ous changes in the protein level. d) HCA showing the top 100 differentiated expressed proteins (DEPs). The red and green colors in the heatmap denote 
higher gene expression and lower gene expression, respectively

 



Page 6 of 12Jing et al. BMC Gastroenterology          (2024) 24:330 

In sum, enrichment analyses of DEPs were performed to 
investigate the potential correlations between them, and 
the results showed either strong or weak correlations 
between these proteins.

Metabolomics
Twenty bile samples per group were detected using 
UPLC-Q-TOF/MS, and the Human Metabolome Data-
base and METLIN Metabolite Database were used to 
identify DEMs [27, 28]. A total of 1,504 metabolites were 
identified, including 895 in positive-ion mode and 610 in 
negative-ion mode. The PLS-DA model showed the sepa-
ration between the two groups of bile samples (Fig. 5a). 
We further employed a permutation test to evaluate the 
accuracy of the PLS-DA model (Fig.  5b). The R2Y in 
the model was close to 1, indicating that the established 
model conforms well to the true situation of the sample 
data. The Q2 in the model was also close to 1, suggesting 
that if new samples were added to the model, a similar 
distribution can be obtained. Overall, the original model 

can effectively explain the differences between the two 
sets of samples. Metabolites with significant differences 
between the two groups were screened by fold change, 
and the P-value of the t-test (fold change > 2 or fold 
change < 0.67, and p < 0.05). The volcano plot showed that 
a total of 20 up-regulated metabolites and 63 down-reg-
ulated metabolites were significantly different (Fig.  5d). 
The cluster heatmap revealed clustering patterns of both 
total and selected metabolites in positive and negative 
ion modes (Fig. 5c). KEGG pathway analysis showed sig-
nificant enrichment in one metabolic pathway, vitamin 
B6 metabolism (Fig. 5e).

Proteomic and metabolomic association analysis
We next performed integrated analysis of differential 
metabolites and proteins between the two groups of 
gallstone patients, to further evaluate the association 
between them. Three KEGG pathways were found to be 
involved in both metabolomics and proteomics, includ-
ing porphyrin and chlorophyll metabolism, riboflavin 

Fig. 3  Gene Ontology annotation and KEGG enrichment analysis of differentiated expressed proteins (DEPs). a) Biological processes (BP) functional anno-
tation analysis of top 20 DEPs. b) Molecular functions (MF) functional annotation analysis of top 20 DEPs. c) Cellular component (CC) functional annotation 
analysis of top 20 DEPs. d) Kyoto Encyclopedia of Genes and Genomes (KEGG) functional annotation analysis of top 20 DEPs
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metabolism, and aminoacyl-tRNA biosynthesis (Fig. 6c). 
We performed a Pearson correlation heatmap to objec-
tively reflect the expression patterns of DEPs and DEMs, 
which identified relatively strong or weak protein-
metabolites correlations, and similar expression patterns 
involved in a similar biological process were grouped into 
the same cluster (Fig. 6a). Besides, we constructed a cor-
relation network graph to demonstrate the main interac-
tions of DEPs and DEMs (r > 0.7, p < 0.05). The correlation 

network displayed complex correlations between differ-
ential proteins and metabolites (Fig. 6b).

Screening of biomarkers by machine learning
We further employed the random forest model and ROC 
analysis to identify potential biomarkers and validate the 
associations between proteomics and metabolomics. 
By screening and selecting based on the mean decrease 
accuracy index, we identified seven DEPs and DEMs as 
potential biomarkers which exhibited good predictive 

Fig. 4  Protein-protein interaction (PPI) network analysis. Every nodes represent a protein, red color represents the queried protein, and the other colors 
represent other proteins that have an interaction relationship with the queried protein
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performance (Fig.  7a). The five DEPs were Q9HCE7, 
Q12888, Q2M2I3, Q9NPL8, and Q96CD2, each with 
an AUC of 1.00, specificity of 1.00, and sensitivity of 
1.00 (Fig.  7b; Table  2). The two DEMs were N-Arachi-
donoyl Glutamic acid (AUC = 0.89, specificity = 0.90, 
sensitivity = 0.90) and Pentacarboxyl porphyrinogen III 

(AUC = 0.88, specificity = 0.80, sensitivity = 1) (Fig.  7b; 
Table 2). As expected, the combination of these biomark-
ers implied a high possibility of the presence of gallstones 
(AUC = 0.99) (Fig. 7c).

Fig. 6  Proteomics and metabolomics correlation analyses. a) Correlation heatmap analyses of the top 50 DEPs and DEMs with the correlation over 0.6. 
*P < 0.05, **P < 0.01, ***P < 0.001. b) Correlation network of DEPs and DEMs. Degree is reflected in the proximity between a node and other nodes in the 
network, solid yellow lines represent a positive correlation, and hrey dashed line represent a negative correlation. The line thickness indicates the correla-
tion strength. c) Pathway analysis of DEPs and DEMs

 

Fig. 5  Differential analysis of metabolite expression levels between CGD patients and PGD patients. a) Partial least-squares discriminant analysis model 
of the metabolomes from the two groups. b) Permutation test for PLS-DA model. R2Y and Q2 are used as a measure of whether the model is overfitted 
c) Heatmap of metabolites with fold changes of > 1.5 and < 0.67 between the two groups. Each group represents a single column. Red indicates greater 
abundance of the metabolite. d) Volcano plot of dysregulated urine metabolism in patients with gallstones. e) Metabolic pathways with the highest 
enrichment of differentially expressed metabolites
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Discussion
We identified a total of 3712 human proteins, of which 
154 were up-regulated and 196 were down-regulated. 
KEGG pathway enrichment analysis of important DEPs 
indicated the presence of several distinct metabolic path-
ways. Mitochondrial thermogenesis is of great signifi-
cance as a target for the treatment of metabolic disorders 
[29]. Apoptotic brown adipocytes enhance the expres-
sion of thermogenic programs in healthy adipocytes 
[30]. A previous study reported that hepatic glucocor-
ticoid receptor deficiency affects dietary fat absorption 

and brown adipose tissue activation and predisposes to 
cholesterol gallstone formation [31], which may reflect 
the role of thermogenesis in cholesterol gallstone forma-
tion. Acetyl-CoA is crucial for cell metabolism and pro-
tein modifications, impacting cell activity and epigenetic 
inheritance [32]. Acyl-CoA formation initiates cellular 
fatty acid metabolism, and recent studies implicated 
ACOTs (Acyl-CoA thioesterases) in the pathogenesis of 
metabolic diseases [33, 34]. This may suggest a metabolic 
disorder in patients with gallstones, potentially impacting 
the pathways of pantothenic acid and CoA biosynthesis. 

Table 2  Predictive performances of the 7 biomarkers. DEPs, different expressed proteins; DEMs, different expressed metabolites; AUC, 
area under the curve
DEPs/DEMs AUC Specificity Sensitivity cutoff 95%ci
N-Arachidonoyl Glutamic acid 0.89 0.90 0.90 2.687 0.694-1.000
Pentacarboxyl porphyrinogen III 0.88 0.80 1.00 2.638 0.711-1.000
Q96CD2 1.00 1.00 1.00 0.206 1.000–1.000
Q2M2I3 1.00 1.00 1.00 0.206 1.000–1.000
Q9NPL8 1.00 1.00 1.00 0.206 1.000–1.000
Q9HCE7 1.00 1.00 1.00 0.000 1.000–1.000
Q12888 1.00 1.00 1.00 0.206 1.000–1.000

Fig. 7  Identification of potential biomarkers by machine learning. a) Among the 7 candidate biomarkers in the random forest analysis based on the mean 
decrease in the Accuracy index. b) ROC curve of the combination of five proteins and two metabolites. c) ROC curve of the combination of 7 biomarkers. 
d) Relative concentrations of 7 biomarkers selected by random forest analysis. ROC, receiver operating characteristic; AUC, area under the curve; std. dev., 
standard deviation; CGD, cholesterol gallstone disease; PGD, pigment gallstone disease
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The significantly upregulated proteins mainly involve the 
immune response, while the significantly downregulated 
proteins mainly involve energy metabolism and protein 
synthesis and degradation. IGFBPs are currently bio-
markers for many diseases, including diabetes and cancer 
[35–37]. The bile proteins of patients with gallstones were 
significantly enriched in hepatitis C. IGFBP4 is involved 
in genes involved in HCV cell growth and malignancy 
while also being involved in adipogenesis [38, 39]. The 
significant upregulation of IGFBP4 in gallstone patients 
may indicate an increase in cholesterol concentration. 
We noticed that Cox8a was significantly down-regulated 
in gallstone bile. High caveolar cholesterol levels inhibit 
tyrosine-induced phosphorylation of caveolin proteins, 
which may reflect impaired oxidative phosphorylation in 
gallstone patients [40].

Metabolomics is an effective method to assess the 
potential role of metabolites in diseases. Compared to 
PGD patients, the CGD group exhibited significant alter-
ations in 83 bile metabolites. Although KEGG enrich-
ment analysis showed few pathways enriched for DEMs, 
we still found one significant pathway. Vitamin B6 is an 
essential element for maintaining human life functions 
[41]. Previous studies have confirmed its ability to reduce 
total serum cholesterol levels in mice, and vitamin B6 
levels were negatively correlated with total cholesterol 
and non-high-density lipoprotein levels in patients with 
hyperlipidaemia [42, 43]. The enriched pathway of vita-
min B6 metabolism involves significant upregulation of 
4-pyridoxic acid, a major breakdown metabolite of vita-
min B6 metabolism [44]. The upregulation of its levels 
may indicate dysregulation of vitamin B6 metabolism in 
patients with gallstones [45].

Correlation analysis has been shown to aid in the iden-
tification of putative key regulatory elements in network 
modulation [46, 47]. Under the condition of a correlation 
coefficient over 0.6, there were 583 correlations among 
285 proteins and 83 metabolites. Further, KEGG Pathway 
enrichment analysis was performed on the joint DEPs 
and DEMs, revealing three enriched pathways, including 
porphyrin and chlorophyll metabolism, riboflavin metab-
olism and aminoacyl-tRNA biosynthesis. Porphyrins play 
a crucial role in the production, storage, and utilization 
of oxygen in life processes, while chlorophyll, as an indis-
pensable pigment in photosynthesis, always absorbs light 
energy and subsequently transfers it to reaction centres 
[48, 49]. Previous studies reported disturbances in por-
phyrin and chlorophyll metabolism in mice with liver 
damage [50]. Bilirubin is the main component of gall-
stones, and extreme bilirubin levels are a causal risk fac-
tor for symptomatic gallstone disease [51, 52]. Bilirubin 
was also an important molecule in the porphyrin and 
chlorophyll metabolic pathways [53]. In our study, bili-
rubin exhibited significant down-regulation. Changes in 

bilirubin may contribute to the significant enrichment 
of bile in porphyrin and chlorophyll metabolism in gall-
stone patients. Riboflavin is an essential component of 
the coenzymes flavin adenine dinucleotide and flavin 
mononucleotide, which serve as electron carriers in fatty 
acid metabolism [54–56]. Riboflavin deficiency affects 
lipid metabolism and reduces the low-density lipoprotein 
cholesterol level [55, 57]. Tang et al. reported that ribofla-
vin deficiency increases cholesterol synthesis and leads to 
fatty liver [58]. Therefore, the dysregulation in riboflavin 
metabolism in patients with gallstones may subsequently 
affect the formation of cholesterol stones. Aminoacyl-
tRNA biosynthesis was significantly changed when the 
CGD group was compared with the PGD group. Amino-
acyl-tRNA synthetases are enzymes crucial for protein 
synthesis [59]. While the role of amino acids in gallstone 
formation remains unclear, recent studies have demon-
strated that alterations in the bile amino acid composi-
tion influence the formation of gallstones [60]. Significant 
enrichment of this pathway may be associated with gall-
stone formation. Furthermore, we employed a machine 
learning model to identify molecular features related to 
proteins and metabolites associated with gallstones. We 
discovered 5 proteins and 2 metabolites as potential bio-
markers. Remarkably, these 7 biomarkers demonstrated 
an excellent AUC of 0.99, highlighting their potential for 
predicting gallstone formation.

Limitations
First, the small sample size may have promoted the iden-
tification of specific proteins and metabolites. Larger 
samples are needed to validate our findings. Second, due 
to the invasiveness of bile specimen extraction, we were 
unable to collect relevant samples from healthy people.

Conclusion
Our study conducted a combined analysis of proteomics 
and metabolomics to provide new insights into micro-
bial alterations in two subtypes of gallstones. Compre-
hensive multi-omics data suggest that characteristic 
pathways and dysregulated molecules identified in CGD 
and PGD proteomic or metabolomic analyses may help 
elucidate the underlying mechanisms of gallstone forma-
tion in high-altitude populations. Besides, 7 differentially 
expressed proteins and metabolites showed excellent 
predictive performance and were selected as potential 
biomarkers.
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