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Article 
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Abstract: Background: The pathophysiology of functional dyspepsia (FD) remains insufficiently understood, 
and the pain and economic constraints associated with endoscopic examinations hinder the precise definition 
and treatment of this disorder. Exploring the potential of multi-omics biomarkers for FD could yield promising 
targets for effectively diagnosing and treating this condition. Methods: We recruited 54 FD patients and 29 
healthy volunteers and characterized their gut microbiota by shotgun metagenomic sequencing and their 
serum and urine metabolites by liquid chromatography-mass spectrometry (LC-MS). Results: We identified 
the changes in circulating metabolites associated with FD and linked to the gut microbial alterations. Among 
the differential circulating metabolites, we particularly highlighted the strong association of L-glutamate 
deficiency with the severity of FD symptoms and its strong predictive value for FD. Although no significant 
changes were noted in the gut microbial community structure of the FD samples, this might be attributed to 
symptom overlap between epigastric pain syndrome (EPS) and postprandial distress syndrome (PDS). 
However, significant alterations in the abundance of certain species were observed, including a substantial 
increase in the abundance of Streptococcus in the digestive tract of patients with FD. Finally, a cross-omics 
correlation network integrating metabolomic data with microbial community abundance was established, 
uncovering potential host-microbe-metabolite interactions. Conclusions: This work provides the first 
comprehensive description of the disrupted state of blood and urine metabolite composition and gut 
microbiota in patients with FD. These findings potentially offer promising targets for the diagnosis and 
treatment of this condition through a multi-omics approach, with particular emphasis on serum metabolomics. 

Keywords: functional dyspepsia; metabolomics; metagenomics; multi-omics; biomarkers 
 

1. Introduction 

Functional dyspepsia (FD) is a common functional gastrointestinal disorder (FGID) in clinical 
practice. It is characterized by typical clinical manifestations, including postprandial bloating and 
discomfort, early satiety discomfort, epigastric pain, and epigastric burning sensation. Based on its 
clinical presentation, FD is commonly classified into two subtypes: epigastric pain syndrome (EPS) 
and postprandial distress syndrome (PDS) [1]. Although FD is considered a functional disorder, 
implying an absence of specific anatomical abnormalities or pathophysiological alterations, the 
multifaceted pathological mechanisms underlying FD have been gradually revealed with the 
advancing research and development in systems biology. 

Metabolomics offers a promising approach for identifying metabolites, providing insights into 
the etiology, treatment, and early diagnosis of diseases [2,3]. This technique holds potential 
significance in investigating the multifactorial mechanisms of FD. Blood functions as a liquid 
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transporter for molecules in the body, with particular relevance attributed to the numerous 
circulating small molecules in serum, collectively referred to as the serum metabolome. The serum 
metabolome contains a substantial number of biomarkers that provide distinct insights into biological 
processes [4]. Furthermore, it commonly influences the alterations in metabolite levels in other bodily 
fluids, such as the urine metabolome. Our previous study revealed the predictive value of 
modifications in the glycerophospholipid metabolic pathway for FD using lipid metabolomics [5]. 
However, our comprehension of the broader spectrum of metabolite changes in patients with FD 
remains limited. 

Certain compounds in serum are endogenously synthesized, while others are assimilated from 
the external environment. The origins of specific metabolites are well-recognized, including highly 
heritable metabolites [6,7] or metabolites influenced by gut microbiota, lifestyle, and diet [8,9]. The 
gut microbiota emerges as a pivotal determinant for changes in certain metabolites. Previous studies 
have reported the impact of alterations in duodenal microbiota on gastric emptying and mild 
duodenal inflammation in patients with FD [10,11]. Notably, probiotics have been suggested as a 
promising therapeutic approach for FD [12,13]. However, the alterations in fecal microbiota among 
patients with FD and the potential association between microbiota and serum metabolites remain 
unaddressed. 

Herein, 54 patients with FD and 29 healthy volunteers were recruited to acquire multi-omics 
profiles, including serum and urine non-targeted metabolomics, along with fecal metagenomics. The 
aim was to characterize the composition and function of serum and urine metabolites and fecal 
microbial communities among individuals diagnosed with FD. Through these multi-omics 
approaches, this study provides, for the first time, a comprehensive characterization of serum and 
urine metabolites, as well as fecal microbial communities, in patients with FD. These findings may 
offer promising targets for metabolome- and microbiome-based strategies for diagnosis and 
treatment of this disorder. 

2. Materials and Methods 

2.1. Research Participants 

The study participants were recruited from patients who sought medical attention at the 
outpatient and endoscopy centers of the Xiyuan Hospital of China Academy of Chinese Medical 
Sciences between October 2018 and December 2021. The study consisted of two groups: 54 patients 
with FD and 29 individuals constituting the control group. The healthy control group comprised 
individuals from the clinical examination at Xiyuan Hospital, who were confirmed to be healthy after 
inquiry about medical history and examination, with the exclusion of cardiovascular diseases, 
diabetes, hypertension, hyperlipidemia, as well as functional and organic gastrointestinal disorders. 
Patients with FD were diagnosed according to the Roma IV diagnostic criteria [14] for FGIDs with 
participants aged between 18 and 65 years. The exclusion criteria were defined as follows: (1) 
Endoscopic evidence indicative of gastric or duodenal ulcers, mucosal erosion, or bleeding, along 
with the histopathological confirmation of gastric mucosal atrophy, intestinal metaplasia, or 
dysplasia. Patients manifesting typical heartburn and reflux symptoms associated with 
gastroesophageal reflux disease were excluded. (2) Confirmation of Helicobacter pylori (H. pylori) 
infection (including rapid urease test and 13C urea breath test). (3) Presence of organic diseases 
affecting the digestive system (e.g., chronic pancreatitis) or systemic diseases affecting 
gastrointestinal motility (such as diabetes, chronic renal insufficiency, connective tissue disorders, 
psychiatric or neurological disorders), or a history of gastric/abdominal surgery (except 
appendectomy). (4) Recent utilization of medications related to this condition within 2 weeks prior 
to the onset of symptoms (such as probiotics, prokinetic agents, anticholinergics, proton pump 
inhibitors, and histamine-type 2 [H2] receptor antagonists). (5) Severe primary cardiovascular, liver, 
kidney, hematological, or pulmonary diseases or severe conditions impacting survival, such as 
tumors or acquired immune deficiency syndrome (AIDS). (6) Patients with psychiatric disorders, 
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intellectual impairment, or language disorders. (7) Persistent use of sedatives or hypnotics (> three 
times per week), antidepressants, and opioid preparations. (8) Pregnancy or lactation.  

Participants were requested to provide fecal samples and blood samples, and complete 
demographic and medical questionnaires. The questionnaires included recording and quantitative 
scoring of the severity and frequency of the four main symptoms of FD. Scores were categorized into 
five levels: a score of “1” indicated the absence of symptoms, “2” exhibited mild symptoms that 
required attention to be noticed, “3” denoted noticeable symptoms that did not affect work or daily 
life, “4” reflected noticeable symptoms that affected work and daily activities, and “5” depicted 
highly pronounced symptoms that severely impacted work and daily life. The frequency scores 
ranged from 1 to 5, a score of “1” indicated no attacks, “2” indicated attacks occurring once a week, 
“3” represented attacks occurring 2–3 times a week, “4” denoted attacks occurring 4–5 times a week, 
and “5” represented almost daily or continuous attacks. FD patients often suffer from psychological 
abnormalities such as anxiety and depression. The SF-36 Health Survey is commonly used to assess 
the health-related quality of life in FD patients [15], as it has good acceptability, reliability, and 
validity [16]. It comprehensively assesses various aspects of health, including psychological, 
physiological, and social dimensions. In previous studies, the SF-36 mental health (SF36-MH) 
dimension was found to be significantly abnormal in FD patients [17,18]. Therefore, in our study, we 
used the SF36-MH dimension to evaluate the mental state of FD patients, including five questions: 
(1) Are you a sensitive person? (2) Do you feel downhearted and blue? (3) Do you feel calm and 
peaceful? (4) Do you feel downhearted and depressed? (5) Do you feel happy? Scoring was based on 
time frequency: 1 point for all the time, 2 points for most of the time, 3 points for a good bit of the 
time, 4 points for some of the time, 5 points for a little of the time, 6 points for none of the time. The 
final standard score = (raw score - minimum score) / score range of the dimension × 100. All study 
participants were adequately informed and voluntarily provided informed consent, and the research 
protocol was approved by the Ethics Committee of Xiyuan Hospital (Ethics number: 2017XLA035). 

2.2. Sample Collection 

Participants were provided with fecal collection kits to facilitate home-based collection. 
Instructions were provided to promptly refrigerate the fecal samples until they could be delivered to 
the research coordinator within 24–48 h of collection, either in person or through a courier service. 
Subsequently, the samples were transferred to a laboratory freezer and maintained at -80°C for long-
term preservation. Participants were instructed to refrain from strenuous physical or late-night 
activities for at least 72 h before blood collection. Venous blood was collected from participants after 
an overnight fast using heparin anticoagulant tubes. The samples were centrifuged at 1500 rpm for 
10 min at 4°C to obtain serum, which was subsequently stored at -80°C for future use. Urine samples, 
collected in the early morning while fasting, were similarly stored at -80°C for subsequent analysis. 

2.3. Extraction of Metabolites and Liquid Chromatography-Mass Spectrometry (LC-MS) 
Please refer to the supplementary experimental procedures for detailed information. 

2.4. Extraction of Metabolites and Liquid Chromatography-Mass Spectrometry (LC-MS) 
Please refer to the supplementary experimental procedures for detailed information. 

2.5. Additional Software Applications 
Receiver operating characteristic (ROC) curves and Mantel tests were generated using 

OmicShare Tools (https://www.omicshare.com/tools/Home/Soft/getsoft). Cytoscape (Version: 3.10.0) 
was used to construct a network illustrating significant microbial and host blood and urine co-
metabolism correlations at the species level. 

2.6. Statistical Analysis 

Metabolomics and metagenomics analyses were performed using the free online tool of 
Majorbio Cloud Platform (cloud.majorbio.com). In the metabolomics analysis, Student's t-test was 
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employed to determine the significance of metabolite differences between the FD and control groups. 
In contrast, Spearman analysis was employed to evaluate correlations between metabolites and 
clinical symptoms, as well as between different metabolites. For the metagenomics analysis, the 
Wilcoxon rank-sum test was utilized to compare differences in species and functional abundances, 
as well as alpha diversity. At the genus level, principal coordinate analysis (PCoA) and analysis of 
similarities (ANOSIM) based on Bray-Curtis and Binary-Lennon distances were applied to assess the 
differences in structural diversity between the two groups. Distance-based redundancy analysis (db-
RDA) was employed to visualize the changes in beta diversity related to symptom scores, age, 
gender, body mass index (BMI), and SF36-MH. The explanatory power of these factors on sample 
differences was determined using permutational multivariate analysis of variance (PERMANOVA), 
and permutation tests were employed to assess the statistical significance of the partition. All 
statistical tests were two-tailed, and statistical significance was set at р < 0.05. 

3. Results 

3.1. Clinical Information 
The cases included in this study were patients who sought medical attention in the Department 

of Gastroenterology and Spleen at Xiyuan Hospital between November 2019 and December 2021. A 
total of 54 patients diagnosed with FD and 29 healthy individuals (control group) were enrolled. A 
comprehensive comparison of age, gender, BMI, ethnicity, and education level was conducted 
between the two groups. No significant differences were observed in these factors (р > 0.05), ensuring 
comparability between the two groups. For the SF36-MH score dimension, patients with FD exhibited 
an average MH score of 54 (with higher MH scores indicating improved MH and the maximum score 
being 68). Furthermore, according to epidemiological observations, symptom overlap frequently 
occurs between patients with PDS and EPS [19]. Among the recruited patients with FD, 79.63% 
presented overlapping PDS and EPS symptoms (Table 1). 

Table 1. Clinical data of patients with functional dyspepsia (FD) and healthy controls. 

 FD（n = 54） Control（n = 29） р value 
Age（years） 39.20 ± 11.51 35.41 ± 9.29 0.16 
Sex（Male/Female） 22/32 11/18 0.80 
BMI（kg/m2） 22.07 ± 3.04 21.58 ± 2.20 0.45 
Race   0.46 

Ethnic Han 53 29  
Others 1 0  

Education   0.30 
Primary  5（9.26%） 1（3.45%）  
Junior 5（9.26%） 3（10.34%）  
High/Technical 

secondary 
7（12.96%） 2（6.90%）  

College degree and above 37（68.52%） 23（79.31%）  
SF36-MH 54（36-68） 60.4（52-72） 0.02 
Subtype    

PDS 9（16.67%）   
EPS 2（3.70%）   
PDS + EPS 43（79.63%）   

3.2. Altered Serum Metabolites and Functional Pathways Identified in Patients with FD through 
Multivariate Statistical Analysis 

Serum samples were subjected to LC-MS analysis and pre-processing steps for the serum 
metabolome. These steps included excluding low-quality peaks, imputing missing values, 
normalizing, evaluating the relative standard deviation (RSD) of quality control (QC) samples, and 
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transforming the data. In both positive ion (pos) mode and negative ion (neg) modes, 17,623 mass 
spectral peaks were detected. Ultimately, based on first- and second-level mass spectrometry data, 
we identified 514 metabolites (in pos mode) and 207 metabolites (in neg mode). For both pos and neg 
modes, the principal component analysis (PCA) results demonstrated the close clustering of QC 
samples, confirming the reliability of the data. Notably, a distinct separation trend emerged between 
the control and the FD group, indicating significant differences in the metabolite profiles (Figure 1A, 
Supplemental Figure S1A). Subsequently, we employed partial least squares discriminant analysis 
(PLS-DA) through fitting to establish a model incorporating metabolic information, revealing a clear 
clustering of patients with FD (Figure 1B, Supplemental Figure S1B). Furthermore, to assess the 
capability of the model to accurately classify new samples, we performed 200 random permutation 
tests and conducted seven-fold cross-validation. The intercepts of the goodness-of-fit (R2) and 
goodness-of-prediction (Q2) indicated the reliability of the PLS-DA model and ensured the avoidance 
of overfitting concerns (Figure 1C, Supplemental Figure S1C). Moreover, Venn diagrams were used 
to evaluate the abundance of unique and shared metabolites between the two groups (excluding 
metabolites with missing values ≥50% in each group). The results indicated that the FD group had 
537 metabolites in pos mode, with 11 specifically present in this group, while 526 metabolites were 
commonly observed in the control group (Figure 1D). In the neg mode, the FD group exhibited 220 
metabolites, with three being unique to this group, while 217 metabolites were commonly observed 
in the control group (Supplemental Figure S1D). Differential analysis of metabolites between the two 
groups was performed, with a screening criterion of variable importance in projection (VIP) pred > 1 
in orthogonal PLS-DA (OPLS-DA) and a significance level of р < 0.05. This analysis yielded 72 
metabolites with significant differential abundances (Supplemental Table S1), forming a differential 
metabolite set. Volcano plots illustrated the differential abundances of identified metabolites between 
patients with FD and healthy controls to enhance the rapid identification of data points manifesting 
significant alterations. In both pos and neg modes, the abundances of differentially abundant 
metabolites in patients with FD were significantly different from those in healthy controls (Figure 1E, 
Supplemental Figure S1E). We utilized KEGG for pathway enrichment and topological analysis to 
understand the functional characteristics and classification of these differentially abundant serum 
metabolites. Several critical differential metabolic pathways were identified, including “D-Glutamine 
and D-glutamate metabolism,” “Taurine and hypotaurine metabolism,” and “Alanine, aspartate, and 
glutamate metabolism,” which exhibited a decrease in activity (Figure 1F). 
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Figure 1. Alterations in serum metabolite and metabolic pathways identified through multivariate 
statistical analysis in positive ion mode for patients with FD. (A) PCA score plot representing serum 
samples from patients with FD and healthy volunteers. Scores of patients with FD are in blue, and 
those of healthy volunteers are represented in green. There are relative coordinate points on PCs (PC1 
and PC2), and the distances between these points represent the degree of clustering and dispersion 
among the samples. Greater distances signify more significant differences between samples. (B) PLS-
DA score plot of serum samples from patients with FD and healthy volunteers. Components 1 and 2 
indicate explanatory powers of the first and second PCs, respectively, with increased separation 
implying more significant classification. (C) Cross-validation plot with 200 repeated permutation 
tests. R2 = (0, 0.2377) and Q2 = (0, -0.2517) indicate that the PLS-DA model avoids overfitting. (D) Venn 
diagram showing the number of overlapping metabolites in the two groups. The numbers in the 
overlapping regions represent the common metabolites, while the numbers in the non-overlapping 
region signify group-specific metabolites. (E) Volcano plot illustrating the comparison of metabolites 
between the patients with FD and healthy volunteers. Student's t-test was utilized for inter-group 
comparisons, with significantly altered metabolites presented in red (upregulated) or blue 
(downregulated). The position of each metabolite on the plot indicates the significance of the 
abundance difference, with more significant differences positioning towards the far left, far right, or 
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top. (F) Topological analysis of differentially abundant metabolites with KEGG pathways. Each 
bubble represents a KEGG pathway, with the X-axis showing relative metabolite importance and the 
Y-axis representing metabolite enrichment significance (-log10[р-value]). Bubble size corresponds to 
Impact Value, with larger bubbles indicating greater pathway importance. FD: functional dyspepsia; 
PCA: principal component analysis; PC: principal component; VIP: variable importance in projection; 
PLS-DA: partial least squares discriminant analysis; KEGG: Kyoto Encyclopedia of Genes and 
Genomes. 

3.3. Analysis of Key Differentially Abundant Serum Metabolites and Model Prediction in Patients with FD 
We visualized the significance and abundance patterns of 72 distinct differentially abundant 

metabolites by constructing cluster heatmaps and bar plots showing VIP values (Figure 2A). Several 
significant alterations in metabolites with critical implications were detected. For instance, a 
significant downregulation in the abundance of L-glutamate was identified, which was involved in 
pathways such as "D-Glutamine and D-glutamate metabolism," "Taurine and hypotaurine 
metabolism," and "Alanine, aspartate, and glutamate metabolism" (р < 0.001) (Supplemental Figure 
S2A). L-glutamate is the most abundant free amino acid in the brain and serves as a major excitatory 
neurotransmitter in the central nervous system of vertebrates [20]. It is also one of the primary 
neurotransmitters in the stomach, exerting potent stimulatory effects on most smooth muscle layers 
and promoting gastric emptying [21–24]. Interestingly, Spearman correlation analysis unveiled a 
significant negative correlation between L-glutamate and the severity of early satiety, and 
postprandial bloating and discomfort in patients with FD (R = -0.469, р < 0.01; R = -0.416, р < 0.05) 
(Figure 2B). This finding suggests a potential involvement of L-glutamate in the pathogenesis of the 
PDS subtype of FD. Furthermore, we also noticed some metabolites with significant differences in 
their abundance. For instance, a significant decrease was observed in taurine abundance in the serum 
of patients with FD (р < 0.001) (Supplemental Figure S2B). Taurine has been highlighted to diminish 
cellular aging, diminish mitochondrial dysfunction, mitigate DNA damage, attenuate inflammation 
[25], and confer a protective effect against gastric mucosal injury [26–28]. It has also been implicated 
in the regulation of anxiety [29–31] and depression management [32–34]. Nonetheless, no significant 
correlation was witnessed between taurine and the symptoms or severity of MH impairment in FD 
patients (Figure 2B). Gentisic acid, a phenolic acid, exhibits health-promoting attributes, including 
anti-inflammatory, hepatoprotective, neuroprotective, and particularly antioxidant activities [35]. It 
has also been suggested to exhibit antipsychotic and antidepressant-like effects [36,37]. Similarly, 
uridine has been found to confer antidepressant-like effects [38,39]. In this study, a significant 
reduction was observed in the abundance of gentisic acid and uridine among patients with FD (р < 
0.001), which had a negative correlation with the severity of MH impairment symptoms (R = -0.346, 
р < 0.05; R = -0.375, р < 0.05) (Supplemental Figures S2C-D, Figure 2B). Vaccenic acid has been 
demonstrated to confer beneficial effects in alleviating intestinal inflammation [40], reducing blood 
lipids [41,42], and addressing insulin resistance [43]. We observed a significant decrease in the 
vaccenic acid levels in patients with FD (р < 0.001), and a substantial inverse relationship was 
identified between vaccenic acid levels and the severity of early satiety in these patients (R = -0.360, 
р < 0.01) (Supplemental Figure S2E, Figure 2B). We further identified several significantly elevated 
metabolites in patients with FD, such as 3-O-Sulfogalactosylceramide, closely associated with 
metachromatic leukodystrophy [44], Ganglioside GM3 (d18:1/9Z-18:1), which has been linked to 
cancer [45], and Ganglioside GM1 (d18:0/24:0), which is involved in the protection of the nervous 
system function [46]. However, these elevated metabolites did not show a clear correlation with the 
clinical symptoms of patients with FD (Supplemental Figures S2F-H, Figure 2B). 

Subsequently, ROC curves were constructed (Figure 2C) for four important differentially 
abundant metabolites that were closely correlated with the severity of clinical symptoms in patients 
with FD. The area under the curve (AUC) values for each metabolite were as follows: vaccenic acid 
(AUC = 0.923, 95% CI: 0.862–0.984), L-glutamate (AUC = 0.884, 95% CI: 0.801–0.967), uridine (AUC = 
0.839, 95% CI: 0.75–0.929), and gentisic acid (AUC = 0.724, 95% CI: 0.605–0.843). These AUC values 
exhibited favorable predictive value, suggesting that these differentially abundant metabolites may 
serve as pivotal biomarkers for patients with FD. 
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Figure 2. Analysis of differentially abundant serum metabolites and their diagnostic significance in 
patients with FD. (A) Clustering heatmap and bar plot of VIP scores. The left panel illustrates the 
clustering dendrogram of metabolites, where closer branches indicate similar abundance patterns of 
all metabolites in the samples. The color denotes the relative abundance of each metabolite in each 
group. The right panel represents the bar plot of VIP scores, where the bar length indicates the 
contribution of the metabolite to the differences between the two groups, with higher values 
indicating more pronounced differences. The color of the bars indicates the significance of the 
metabolite differences between the two groups. (B) Spearman correlation analysis for the association 
between differentially abundant metabolites and clinical symptom scores. Different colors represent 
the magnitude of correlation coefficients between attributes. (C) ROC analysis of four significant 
metabolites to determine their diagnostic value for FD. For vaccenic acid, AUC = 0.923, 95% CI: 0.862-
0.984. For L-glutamate, AUC = 0.884, 95% CI: 0.801-0.967. For uridine, AUC = 0.839, 95% CI: 0.75-0.929. 
For gentisic acid, AUC = 0.724, 95% CI: 0.605-0.843. The points on the curves indicate the optimal 
threshold for distinguishing between the two classes based on the ROC curve.* р < 0.05, ** р < 0.01, *** 
р < 0.001. FD, functional dyspepsia; VIP, variable importance in projection; ROC, receiver operator 
characteristic; AUC, area under the curve. 
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3.4. Altered Urine Metabolites and Functional Pathways Identified in Patients with FD through 
Multivariate Statistical Analysis 

The same data pre-processing approach for the serum metabolome was applied to the urine 
metabolome. In total, 12,304 mass spectral peaks were identified in both pos and neg modes, and the 
final number of identified metabolites was 598 (in the pos mode) and 499 (in the neg mode) using 
first- and second-level MS data. Similarly, PCA results demonstrated the data reliability and revealed 
differences in urine metabolites between patients with FD and healthy volunteers (Figure 3A, 
Supplemental Figure S3A). PLS-DA findings also revealed distinct clustering patterns for the two 
sample groups, and the intercepts of R2 and Q2 indicated the reliability of the PLS-DA model without 
overfitting (Figures 3B-C, Supplemental Figures S3B-C). The Venn diagram revealed the number of 
unique urine metabolites in FD samples, excluding metabolites with missing values ≥50% in this 
group. In the pos mode, the FD group showed 657 metabolites, with six specific to FD samples and 
651 shared with the control group (Figure 3D). In the neg mode, the FD group had 604 metabolites, 
including 20 specific to FD and 584 shared with the control group (Supplemental Figure S3D). 
Similarly, differential analysis was performed on the two metabolite groups, using the screening 
criteria of VIPpred> 1 in OPLS-DA and р < 0.05, resulting in the identification of 285 metabolites with 
significant differences in abundance (Supplemental Table S2). The volcano plots in the pos and neg 
modes visually confirmed significant differences in urine metabolite abundance between patients 
with FD and healthy controls (Figure 3E, Supplemental Figure S3E). KEGG topological analysis 
revealed alterations in vital metabolic pathways, including "Aminobenzoate degradation," "Cysteine 
and methionine metabolism," "Starch and sucrose metabolism," and "Alanine, aspartate, and 
glutamate metabolism" (Figure 3F). 

3.5. Analysis of Key Differentially Abundant Urine Metabolites and Model Prediction in Patients with FD 
Cluster heatmaps and bar plots of VIP visually depict the significance and abundance trends of 

some differentially abundant urine metabolites (top 50 based on VIP value) (Figure 4A). Similarly, 
we have also noted some meaningful differential metabolites, such as LPC(16:0) and LysoPC(15:0), 
both of which are types of lysophosphatidylcholine with different fatty acid chain lengths. They, like 
PC(16:0/0:0)[U] (Phosphatidylcholine), are essential membrane components in the human body, 
participating in signal transduction and immune regulation. In the presence of acyl-CoA, 
lysophosphatidylcholine acyltransferase can convert LPC to PC [47]. Some digestive system diseases 
such as inflammatory bowel disease [48], nonalcoholic fatty liver disease [49], and sclerosing 
cholangitis [50] are associated with decreased expression levels of LPC or PC. 1Alpha-
hydroxyvitamin D3 is a derivative of vitamin D3. Studies have shown that besides treating 
osteoporosis, 1Alpha-hydroxyvitamin D3 also has effects on inhibiting gastrointestinal 
carcinogenesis [51,52], and regulating bile acid metabolism [53]. The increase in circulating (±)12,13-
DiHOME is associated with improved metabolic health and is considered a potential target for the 
prevention and treatment of obesity and metabolic diseases [54]. These noted beneficial metabolites 
are significantly decreased in the urine of FD patients (Figure 4A and Supplemental Figures S4A-E). 
In addition, we also noticed that compared to healthy individuals, the elevated L-Glutamate in the 
serum metabolome of FD patients did not show significant changes in urine. However, L-Glutamine 
significantly increased in urine (Supplementary Figures S4F-G), indicating that metabolic changes in 
serum and urine may not be consistent. It is generally believed that L-Glutamine serves as a precursor 
to L-Glutamate [20]. Therefore, it is not ruled out that an increase in urinary excretion of L-Glutamine 
may lead to a reduction in the synthesis of L-Glutamate. However, further research is needed to 
validate this hypothesis. Spearman correlation analysis also revealed a significant negative 
correlation between L-Glutamine in urine and L-Glutamate in serum (R = -0.389, р < 0.01). 
Furthermore, other urine metabolites showed strong correlation with serum metabolites 
(Supplemental Figure S4H), indicating complex mutual influences between urine and serum 
metabolites. We conducted Spearman correlation analysis between meaningful differential urine 
metabolites and symptom scores of FD patients. Interestingly, L-Glutamine in urine showed a 
significant positive correlation with early satiety symptoms (R = 0.308, р < 0.05) (Figure 4B). ROC 
analysis also demonstrated that L-Glutamine had good predictive value for FD (AUC = 0.727, 95% 
CI: 0.599–0.855) (Figure 4C). These data suggest that differential urine metabolites may also serve as 
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important biomarkers for FD patients, although their correlation and predictive value with 
symptoms are not as high as serum metabolites. 

 

 
Figure 3. Alterations in urine metabolites and pathways in patients with FD revealed through 
multivariate statistical analysis in positive ion mode. (A) PCA score plot of urine samples from 
patients with FD and healthy volunteers. Scores of patients with FD are in blue, and those of healthy 
volunteers are in green. There are relative coordinates on PCs (PC1 and PC2), and the distances 
between them reflect the extent of clustering and dispersion among samples. A greater distance 
indicates a more considerable difference between the samples. (B) PLS-DA score plot of urine samples 
from patients with FD and healthy volunteers. Components 1 and 2 indicate the explanatory powers 
of the first and second PCs, respectively. Greater separation between the two groups suggests a more 
pronounced classification effect. (C) Cross-validation plot with a permutation test repeated 200 times. 
R2 = (0, 0.8037) and Q2 = (0, -0.7029) confirm that the PLS-DA model avoids overfitting the data. (D) 
Venn diagram showing the number of overlapping in the two groups. The numbers in the 
overlapping regions represent the number of metabolites common to both groups, and the numbers 
in the non-overlapping regions represent the number of metabolites specific to each group. (E) 
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Volcano plot illustrating the comparison of metabolites between patients in FD and healthy 
volunteers. Student's t-test was used for inter-group comparison, and metabolites with significant 
changes are presented in red (upregulated) or blue (downregulated). The position of each metabolite 
on the plot indicates the significance of the abundance difference, with more prominent differences 
appearing on the far left, far right, or top of the plot. (F) Topological analysis of differentially abundant 
metabolites with KEGG pathways. Each bubble symbolizes a KEGG pathway, with the X-axis 
representing the relative metabolite importance and the Y-axis representing the significance of 
metabolite enrichment significance (-log10[р-value]). Bubble size corresponds to the Impact Value, 
with larger bubbles indicating greater pathway importance. FD: functional dyspepsia; PCA: principal 
component analysis; PC: principal component; VIP: variable importance in projection; PLS-DA: 
partial least squares discriminant analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes. 

 

Figure 4. Analysis of differentially abundant urine metabolites and their diagnostic significance in 
patients with FD. (A) Clustering heatmap and bar plot of VIP scores. The left panel represents the 
clustering dendrogram of metabolites, with closer branches signifying similar abundance patterns 
among all metabolites in the samples. The color indicates relative metabolite abundance in each 
group. The right panel displays the bar plot of VIP scores, where the bar length indicates the 
contribution of the metabolite to inter-group differences, with higher values indicating more 
significant differences. The bar color represents the significance of metabolite differences between the 
two groups. (B) Spearman correlation analysis for the association between differentially abundant 
metabolites and clinical symptom scores. Different colors represent the magnitude of correlation 
coefficients between attributes.  (C) ROC analysis of two significant metabolites to determine their 
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diagnostic value for FD. For L-Glutamine, AUC = 0.727, 95% CI: 0.599 - 0.855. For 1alpha-
hydroxyvitamin D3, AUC = 0.798, 95% CI: 0.703 - 0.893. The points on the curves indicate the optimal 
threshold for distinguishing between the two classes based on the ROC curve.  * р < 0.05, ** р < 0.01, 
*** р < 0.001. FD: functional dyspepsia; VIP: variable importance in projection; ROC, receiver operator 
characteristic; AUC: area under the curve. 

3.6. Alterations in the Microbial Community Structure Specific to FD Identified through Shotgun 
Metagenomic Sequencing 

For sequence alignment, Diamond [55] was used to compare the amino acid sequences of the 
non-redundant gene set with the non-redundant protein sequence (NR) database, using BLASTP 
with an expected value (E-value) of 1e-5. Species annotations were obtained from the taxonomic 
information database corresponding to the NR database (annotation method: De-unclassified). 
Species abundance was calculated based on the total gene abundance corresponding to each species. 
Abundance profiles were created for species in each sample by analyzing their quantities across 
various taxonomic levels, including Domain, Kingdom, Phylum, Class, Order, Family, Genus, and 
Species. The number of annotated taxa in the NR species were as follows: Domain: 5; Kingdom: 15; 
Phylum: 142; Class: 293; Order: 577; Family: 1,156; Genus: 4,017; Species: 19,802. According to the 
Venn diagram, there were 857 genes specific to FD at the genus level compared to the control group, 
with 3,003 shared genes between the two groups (Figure 5A). At the species level, there were 4,665 
genes specific to FD compared to the control group and 14,061 shared genes (Figure 5B). The bar plot 
representing the community at the phylum level displayed an increased ratio of Firmicutes to 
Bacteroidetes (2.20 vs. 2.74) and a significant reduction in the abundance of Proteobacteria in patients 
with FD (Figure 5C), indicating shifts in the microbial community structure among these patients. 
Further analysis of alpha diversity provided information on the richness, coverage, and diversity in 
the community. However, no significant changes in alpha diversity were observed in patients with 
FD (Supplemental Figure S5A). In terms of beta diversity, PCA and PCoA based on the Bray-Curtis 
distance algorithm (considering the presence and abundance of species) did not show a distinct 
separation between the two groups (Supplemental Figures S5B-C). On the contrary, PCoA based on 
the Binary-Lennon distance algorithm (considering the presence or absence of species) revealed 
differences in diversity between the two groups (ANOSIM: R = 0.088, р = 0.034). We observed that 
the FD samples were divided into two clusters (indicated by a red dashed line). One cluster was 
closely aligned with healthy volunteers, while the other cluster exhibited distinct separation from 
them (Supplemental Figure S5D). To unravel contributory factors, we utilized db-RDA visualization 
based on Bray-Curtis and Binary-Lennon distances, and examined the changes in beta diversity 
related to FD symptom scores (severity + frequency), age, gender, BMI, and MH scores (SF36-MH) 
(Supplemental Figures S6A-B). Furthermore, the explanatory power of these factors in explaining the 
differences between samples was assessed using the PERMANOVA method, and the statistical 
significance of the partitions was determined using permutation tests. Interestingly, we found that 
the severity of EPS may be one of the contributors to the differences in gut microbiota between FD 
samples (PERMANOVA: R2 = 0.034, р = 0.042) (Supplemental Figure S6B, Supplemental Table S3). 
This finding implies that patients with the EPS subtype might exhibit distinct gut microbiota 
structures, while the gut microbiota structures of patients of the PDS subtype may be more similar to 
those of healthy volunteers. However, it should be noted that the majority of patients in our study 
had overlapping subtypes of EPS and PDS, and it is necessary to recruit patients with isolated EPS 
and PDS in future studies to validate our hypothesis. 
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Figure 5. Metagenomic analysis of the alterations in gut-specific species abundance in patients with 
FD. (A-B) Venn diagrams at genus and species levels, where the numbers in the overlapping regions 
represent the shared species between the two groups, and the numbers in the non-overlapping 
regions represent the unique metabolites in each group. (C) Community bar plot. Different colored 
bars represent different species, and the length of the bars represents the proportional abundance of 
each species. (D-E) Bar plots depicting the differentially abundant species at the genus and species 
levels based on the Wilcoxon rank-sum test (Top: 15). The Y-axis indicates the names of the species at 
different taxonomic levels, and the X-axis represents the percentage abundance of a particular species 
in the sample. * р < 0.05, ** р < 0.01. (F) ROC curves for Alistipes putredinis, Alistipes putredinis CAG:67, 
and Streptococcus sp. Alistipes putredinis: AUC = 0.665, 95% CI: 0.515–0.815, Alistipes putredinis CAG:67: 
AUC = 0.649, 95% CI: 0.492–0.806, and Streptococcus sp.: AUC = 0.693, 95% CI: 0.558–0.828. The points 
along the curves indicate the optimal threshold for distinguishing between the two groups based on 
the ROC curve. FD, functional dyspepsia; ROC, receiver operator characteristic curve; AUC, area 
under the curve. 

3.7. Alterations in the Microbial Community Structure Specific to FD Identified through Shotgun 
Metagenomic Sequencing 
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At the genus level, we identified alterations in species abundance among patients with FD 
through Wilcoxon rank-sum tests. Among these, Alistipes and Streptococcus were found to exhibit 
significantly higher abundances and clinical significance. Specifically, a significant reduction was 
observed in Alistipes abundance in the gut of patients with FD (р < 0.05) (Figure 5D). Alistipes is a 
crucial propionate-producing bacterium in the human body. It has been associated with protective 
effects against inflammatory bowel disease, liver cirrhosis, and patients with liver cancer [56,57], 
possibly due to its immunomodulatory capabilities [58]. A previous study has reported a decreased 
relative abundance of Alistipes in individuals with autism, suggesting a potential protective role in 
psychiatric disorders [59]. The abundance of Streptococcus in the gut of patients with FD exhibited a 
significant increase (р < 0.05) (Figure 5D). Streptococcus is a gram-positive, spherical-shaped bacterium 
belonging to the phylum Firmicutes. While some streptococci are pathogenic, such as Streptococcus 
pneumoniae [60], many other streptococci, such as Streptococcus thermophilus, are considered probiotics 
[61]. Of interest, a prior study conducted in Japan reported a significant increase in the abundance of 
Streptococcus in the oral cavity, esophagus, gastric antrum, and duodenal descending part of patients 
with FD [62]. Similarly, a study from Australia highlighted a substantial increase in the abundance 
of Streptococcus in the small intestine of patients with FD [63]. Our findings aligned with these 
observations, revealing a significant increase in the abundance of Streptococcus in the fecal samples of 
patients with FD. Furthermore, we examined the changes in species at the species level in the gut of 
patients with FD. It was found that Alistipes putredinis and Alistipes putredinis CAG: 67 were the major 
species contributing to the significant decrease in the abundance of the genus Alistipes, while 
Streptococcus sp. was the primary species causing the notable increase in the abundance of the genus 
Streptococcus at the genus level (р < 0.05) (Figure 5E). To ascertain the diagnostic potential of these 
species in FD, we generated ROC curves based on the abundance of Alistipes putredinis, Alistipes 
putredinis CAG: 67, and Streptococcus sp.. The results revealed that Streptococcus sp. exhibited a more 
prominent predictive value (AUC = 0.693, 95% CI: 0.558–0.828) (Figure 5F), underscoring the strong 
association between Streptococcus sp. and FD. 

Subsequently, Diamond [55,64] was employed to align non-redundant gene set sequences with 
the GENES database of KEGG (BLASTP parameter: E-value ≤ 1e-5). The abundance of functional 
categories was calculated based on the sum of gene abundances at Levels 2 and 3. It was noted that 
no significant alteration in species function was observed in the FD group at Level 2 (Supplemental 
Figure S7A). However, at Level 3, a significant decrease was observed in the enrichment levels of 
functions, such as "Folate biosynthesis," "Nitrogen metabolism," and "Cationic antimicrobial peptide 
(CAMP) resistance" in the FD group (Supplemental Figure S7B). 

3.8. Construction of a Multifactorial Correlation Network and Joint Diagnostic Value of Blood and Urine 
Metabolomics with Fecal Macrogenomics in Patients with FD 

Like most chronic diseases, the multifactorial pathophysiology of FD, involving host and 
microbial pathways, led us to construct a cross-omics correlation network combining metabolomic 
data with microbial community abundances. To comprehensively explore the hypothesized host-
microbe-metabolite interactions without bias, we hypothesized that microbes may not directly 
participate in urine metabolism, and blood metabolites could serve as intermediate communicators. 
Thus, we initially used the Mantel test to analyze the correlation networks between key species, such 
as Alistipes and Streptococcus at the genus level, and crucial serum metabolites, as well as their 
interrelationships. Significant negative correlations were noted between Alistipes and Ganglioside 
GM3 (d18:1/9Z-18:1) (R = -0.318, р = 0.026), Ganglioside GM1 (d18:0/24:0) (R = -0.295, р = 0.039), and 
3-O-Sulfogalactosylceramide (d18:1/18:0) (R = -0.296, р = 0.039), suggesting complex and close 
relationship among serum metabolites (Figure 6A). Subsequently, we constructed a complex 
correlation network at the species level using Cytoscape, integrating essential microbes with host 
blood and urine co-metabolism. Alistipes putredinis primarily contributed to the observed negative 
correlations with the aforementioned three key serum metabolites. Additionally, Streptococcus sp. 
exhibited a significant negative correlation with taurine (R = -0.283, р = 0.049). The complexity of the 
pathophysiological connections could be observed from the correlation network, suggesting that 
alterations in gut microbiota among patients with FD might influence changes in the serum-
metabolite profile, consequently affecting urine metabolites (Figure 6B). This finding underscores the 
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potential for generating multiple hypotheses through the use of multi-omics integration methods to 
link observed changes in different layers of cross-omics data [65]. 

Finally, an ROC model was developed by combining serum metabolomics, urine metabolomics, 
and fecal metagenomics to evaluate the predictive value of comprehensive multi-omics analysis for 
FD. Our findings revealed that the serum metabolome (AUC = 0.992, 95% CI: 0.976–1.000) exhibited 
a superior predictive value compared to the urine metabolome (AUC = 0.769, 95% CI: 0.616–0.922) 
and fecal metagenome (AUC = 0.754, 95% CI: 0.607–0.900). After combining serum and urine 
metabolomes (AUC = 0.992, 95% CI: 0.976–1.000) or serum metabolome with fecal metagenome (AUC 
= 0.994, 95% CI: 0.982–1.000), there was no significant improvement in predictive value (Figure 6C). 
Given the relatively modest predictive value of the urine metabolome and fecal metagenome and the 
potential economic burden on patients, we suggest utilizing the serum metabolome as an adjunct 
diagnostic and therapeutic tool for FD. Specifically, evaluating the serum abundances of L-glutamate, 
vaccenic acid, and uridine could be beneficial. Nevertheless, more cohorts are required to validate 
the accuracy of this model.  

4. Discussion 
Due to limited understanding of the pathophysiology of FD, accurate characterization and 

treatment of the condition remain challenging. While conventional endoscopic examinations are 
technically required for the diagnosis of FD, their application is limited for all patients with typical 
symptoms. It is recommended to restrict endoscopic examinations to individuals aged >55 years or 
those presenting with associated features, such as weight loss or vomiting [14]. Therefore, there is 
still a need for applicable non-invasive early diagnostic methods to improve the diagnosis and 
treatment of FD. Multi-omic technologies provide efficient tools for disease diagnosis, management, 
monitoring, treatment, and identification of novel disease biomarkers, offering important 
opportunities to unravel the information underlying diseases [66]. Therefore, in this study, we 
conducted untargeted metabolomic and shotgun metagenomic analyses of serum, urine, and fecal 
samples from patients with FD and healthy volunteers, presenting a comprehensive and in-depth 
investigation. To the best of our knowledge, this study is the first to elucidate the specific alterations 
in the human gut microbiota and metabolome associated with FD in a comprehensive multi-omics 
framework. 
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Figure 6. Multifactorial correlation network and combined diagnostic value of blood and urine 
metabolomics with fecal metagenomics in patients with FD. (A) Network heatmap of Mantel test 
illustrating the correlation between Alistipes, Streptococcus, and key serum metabolites. The right panel 
depicts Spearman correlation of significant serum metabolites. Each square in the heatmap represents 
the positive or negative correlation coefficient between metabolites, with red indicating positive 
correlation and blue indicating negative correlation. The size of the squares represents the absolute 
magnitude of the correlation coefficient. The left panel shows the correlation network connecting gut 
species and important differentially abundant serum metabolites. Line color signifies significance, 
and line thickness indicates correlation intensity. (B) A complex cross-metabolism network at the 
species level was constructed using Cytoscape, showing interactions between gut microbial species 
and host. Green boxes represent species at the species level, red boxes represent serum metabolites, 
and purple boxes represent urine metabolites. Box size indicates the significance of species or 
metabolites. Light blue lines represent negative correlations between species and metabolites or 
between metabolites, while light yellow lines denote positive correlations. Line thickness represents 
the absolute magnitude of the correlation coefficient. (C) Integrative ROC analysis of multi-omics data. 
Serum metabolites: AUC = 0.992, 95% CI: 0.976-1.000. Urine metabolites: AUC =  0.769, 95% CI: 
 0.616–0.922. Fecal microbiota: AUC = 0.754, 95% CI: 0.607–0.900. Serum metabolites + Urine 
metabolites: AUC = 0.992, 95% CI: 0.976–1.000. Serum metabolites + Fecal microbiota: AUC = 0.994, 
95% CI: 0.982–1.000. Points along the curve indicate the optimal threshold for distinguishing between 
the two categories based on the ROC curve. FD, functional dyspepsia; ROC, receiver operator 
characteristic curve; AUC, area under the curve. 

The findings and their implications should be discussed in the broadest context possible. Future 
research directions may also be highlighted.The multivariate statistical analysis identified significant 
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changes in the serum metabolome in patients with FD. A set of 72 metabolites with significant 
differences were selected, constituting a differential metabolite set. We conducted pathway 
enrichment and topological analysis using the KEGG database to gain insights into the functional 
profiles and classification of these differentially abundant serum metabolites. Our study revealed that 
several vital metabolic pathways, such as "D-Glutamine and D-glutamate metabolism," "Taurine and 
hypotaurine metabolism," and "Alanine, aspartate, and glutamate metabolism," were downregulated 
in patients with FD. Moreover, these downregulated metabolic pathways were primarily attributed 
to decreased L-glutamate abundance. We emphasize the significant diagnostic and therapeutic value 
of L-glutamate in FD when combining previous studies with our research findings. L-glutamate is 
the most abundant free amino acid in the brain and functions as a major excitatory 
neurotransmitter[20]. Furthermore, it is one of the primary neurotransmitters in the stomach, exerting 
potent stimulatory effects on most smooth muscle layers and enhancing gastric emptying [21–24]. 
Moreover, L-glutamate regulates gastric acid secretion through its N-methyl-D-aspartate (NMDA) 
receptor, protecting against cold-restraint stress-induced gastric ulcer formation [67] and enhancing 
local mucosal defense to prevent duodenal acid exposure-induced damage [68]. L-glutamate 
supplementation in the diet can improve intestinal integrity and facilitate the digestion and 
absorption of nutrients in the jejunum [69]. Intriguingly, we observed a significant negative 
correlation between the severity of early satiety and postprandial bloating and discomfort in patients 
with FD, along with L-glutamate abundance. This observation suggests that a deficiency in L-
glutamate might be associated with the pathogenesis of the PDS subtype of FD. Moreover, the ROC 
curve analysis demonstrated the diagnostic potential of L-glutamate in FD. These findings suggest 
that supplementing L-glutamate potentially offers a protective effect on patients with FD. 

Regarding serum metabolites with differential abundance, we identified several downregulated 
metabolites, including taurine, known for its gastric mucosal protective effects [26–28], gentisic acid 
with potential anti-psychiatric and antidepressant-like properties [36,37], uridine with 
antidepressant effects [38,39], and vaccenic acid with the improvement of intestinal inflammation 
[41,42]. Furthermore, we observed significant elevations in the abundance of specific metabolites in 
patients with FD, such as 3-O-Sulfogalactosylceramide associated with metachromatic 
leukodystrophy [44], Ganglioside GM3 (d18:1/9Z-18:1) closely related to carcinogenesis [45], and 
Ganglioside GM1 (d18:0/24:0) linked to neuroprotective functions [46]. These differentially abundant 
metabolites potentially contribute to the pathogenesis of FD and serve as vital biomarkers in patients 
with FD. 

In terms of urine metabolomics, we also found significant alterations in the urine metabolome 
of FD patients through multivariate statistical analysis. We observed some meaningful differential 
metabolites, among which it is noteworthy that L-Glutamine in the urine of FD patients showed a 
significant increase, which was significantly positively correlated with early satiety symptoms and 
had some predictive value. It is generally believed that L-Glutamine serves as a precursor to L-
Glutamate [20]. Therefore, it is not ruled out that an increase in urinary excretion of L-Glutamine may 
lead to a reduction in the synthesis of L-Glutamate. However, this hypothesis requires further 
investigation for validation. We also examined the correlation between urine metabolites and blood 
metabolites, as metabolites in the bloodstream can deeply influence those in urine even when kidney 
function is normal [70]. Some differential urine metabolites showed strong correlation with serum 
metabolites, but the clinical significance of these small molecules warrants further clarification. 

In the field of urine metabolomics, we specifically focused on exploring the correlation between 
urine metabolites and blood metabolites, as even in cases of normal renal function, blood metabolites 
can profoundly influence those in urine. Therefore, we conducted a non-targeted metabolomic 
analysis of urine samples to elucidate the urine metabolite profiles in patients with FD and their 
potential correlation with blood metabolites. Using multivariate statistics, we identified significant 
alterations in the urine metabolome. While some differentially abundant urine metabolites strongly 
correlate with serum metabolites, the clinical significance of these small-molecule differences needs 
further clarification. It is hypothesized that, in patients with FD, the importance of differentially 
abundant blood metabolites outweighs that of urine. 

The gut microbiota could play a pivotal role in the observed alterations of specific metabolites 
[9]. The human gastrointestinal tract harbors trillions of microorganisms, which partially maintain a 
symbiotic relationship with the human body. Changes in the gut microbiota significantly impact 
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human health, and factors, such as diet, disease, infection, and medication, can alter the composition 
of the gut microbiota [71,72]. Previous studies have highlighted the changes in the small intestinal 
microbiota in patients with FD and the influence of alterations in the duodenal microbiota on gastric 
emptying [10,63]. Nevertheless, the alterations in the fecal microbiota of patients with FD have not 
yet been investigated. This study identified dysbiosis of the gut microbiota in patients with FD 
through shotgun metagenomics. Although no significant changes in the structure of microbial 
communities were observed, our findings suggest that patients with more severe EPS symptoms may 
exhibit a distinctive gut microbial community structure compared to healthy individuals. 
Conversely, the gut microbial community structure of patients with the PDS subtype may be more 
similar to that of healthy volunteers. However, it should be noted that the majority of patients in our 
study exhibited overlapping symptoms of both EPS and PDS subtypes, possibly contributing to the 
absence of significant changes in the overall gut microbial community structure in patients with FD. 
Future studies should consider enrolling individuals with isolated EPS and PDS symptoms to 
validate our hypothesis.  

Furthermore, we emphasize the significance of two pivotal gut microbial species. The 
abundance of Streptococcus exhibited significant variations in patients with FD. Previous 
investigations have suggested the elevated abundance of Streptococcus in the oral cavity, esophagus, 
gastric antrum, duodenal pars descendens, and small intestine of patients with FD [62,63]. In the 
current investigation, we found a significant increase in the abundance of Streptococcus in the fecal 
samples of patients with FD, indicating a potential widespread increase in Streptococcus abundance 
across the entire digestive tract. This finding strongly implies that Streptococcus may play a significant 
role in the pathogenesis of FD. Furthermore, we identified Streptococcus sp. as the primary species 
responsible for the notable increase in Streptococcus abundance. Moreover, the potential probiotic 
Alistipes exhibited a substantial decrease in abundance in the fecal samples of patients with FD. 
Alistipes is an essential propionate-producing bacterium in the body, with protective effects against 
inflammatory bowel disease, liver cirrhosis, and liver cancer [56,57], possibly due to its 
immunomodulatory abilities [48,58]. A prior study has noted a relative decline in Alistipes abundance 
in individuals with autism, suggesting a potential protective role in psychiatric disorders [59]. 
Alistipes putredinis and Alistipes putredinis CAG: 67 are the main species responsible for the significant 
decrease in the abundance of Alistipes at the genus level. 

Lastly, we constructed a complex correlation network that captures the interaction between gut 
microbiota and host co-metabolism. While in vivo and in vitro validations are necessary to confirm 
these assumed associations, our multi-omics results provide guidance for exploring causal 
relationships between critical microbial species and metabolites in the occurrence and progression of 
FD. Our present study identified the gut microbiota and metabolite profiles that were enriched or 
deficient in individuals with FD, indicating the potential for accurate prediction of FD. Notably, a set 
of core serum metabolites (L-glutamate, vaccenic acid, and uridine), predominantly sourced from 
patients with FD, demonstrated remarkably reliable diagnostic accuracy compared to urine 
metabolites and microbial profiles. Considering the economic burden on patients, we highly 
recommend the use of serum metabolites as adjunctive tools for the diagnosis and treatment of FD. 
However, rigorous validation of the accuracy of this model is essential, which requires additional 
cohorts to be examined. 

However, we acknowledge the limitations of our current study. Firstly, our sample size is 
relatively small, and since FD patients often exhibit overlapping symptoms of EPS and PDS, we 
couldn't differentiate the multi-omics characteristics of pure EPS or PDS patients in more detail.  
Moreover, due to the similarity in symptoms between EPS patients and non-erosive reflux disease, 
the two conditions often overlap and are difficult to differentiate, which hindered our predictive 
analysis from distinguishing between them. Future research should involve multicenter studies with 
well-defined FD phenotypes, including those with isolated PDS and EPS, to further validate these 
findings. Furthermore, more data on the correlation and consistency between serum and urine 
metabolites in FD patients are needed.  Lastly, our findings are primarily data-driven, requiring 
further in vivo and in vitro experiments for validation. 

5. Conclusions 
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In conclusion, our current study offers initial insight into dysregulated gut microbiota and 
altered serum and urine metabolome profiles in patients with FD. This condition is characterized by 
a deficiency of beneficial metabolites and microorganisms, and an elevation of abnormal metabolites 
and microorganisms. Further investigation is needed to establish whether these specific species 
directly contribute to FD development. However, the disrupted ecological and metabolic structure 
may directly or indirectly contribute to the attack of FD. These findings enhance our understanding 
of the potential involvement of dysregulated metabolites and gut microbiota in the pathogenesis of 
FD, offering promising targets for FD diagnosis and treatment via multi-omics approaches. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, Figure S1: Serum metabolite alterations in patients with FD identified through 
multivariate statistical analysis in negative ion mode; Figure S2: Bar chart representing the significant elevation 
or decrease in the abundance of crucial metabolites in the serum samples of patients with FD compared to 
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