
Heliyon 9 (2023) e16417

Available online 19 May 2023
2405-8440/© 2023 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Research article 

Intestinal microbial 16S sequencing and LC-MS metabonomic 
analysis revealed differences between young and old cats 

Tongguan Tian a,b, Yuefan Zhou a,b, Yixin Xu a,b, Yanping Xu a,b,* 

a Nourse Centre for Pet Nutrition, Wuhu, 241200, China 
b Shanghai Chowsing Pet Products Co., Ltd, Shanghai, 201103, China   

A R T I C L E  I N F O   

Keywords: 
Microbial 16S 
LC-MS 
Metabonomic 
Cats 

A B S T R A C T   

With the progress of society, the health problems of pets have attracted more and more attention. 
Recent studies have shown that intestinal microflora and related fecal metabolites play a crucial 
role in the healthy growth of cats. However, the potential role and related metabolic character-
istics of gut microbiota in different age groups of pet cats need to be further clarified. 16S rRNA 
gene sequencing was used to analyze the intestinal microbial composition of young and old cats. 
LC-MS metabonomic analysis is used to characterize the changes in the metabolic spectrum in 
feces. The potential relationship between intestinal microorganisms and metabolites, as well as 
the differences in different age groups, were studied. The species composition of intestinal 
microflora in the young group and old group is significantly different, T-test algorithm shows 36 
different ASVs and 8 different genuses, while the Wilcoxon algorithm shows 81 different ASVs 
and 17 different genuses. The metabolomics analysis identified 537 kinds of fecal metabolites, 
which are rich in differences between young and old cats, and may be potential biomarkers 
indicating the health of cats. 16S rRNA analysis showed significant differences in fructose and 
mannose metabolism, while metabonomics KEGG analysis showed significant difference in 
choline metabolism in cancer. Our study compared the differences between the intestinal 
microbiome and fecal metabolites in young and old cats. This difference provides a new direction 
for further exploring the relationship between the composition and metabolism of intestinal 
microbiota in cats of different age groups. It also provides a reference for cat health research.   

1. Introduction 

Multiple studies have shown that genetic, environmental and dietary factors are crucial to human healthy aging and longevity [1]. 
With the increase of age, the ecological imbalance of intestinal flora is caused [2]. The intestinal microbiota of the elderly is signif-
icantly altered and beneficial microorganisms are reduced, suggesting that the imbalance of intestinal flora is closely related to aging. 
It was also reported that the imbalance of flora can lead to a series of pathological and inflammatory events [1], including changes in 
the level of metabolites affected by the microbiota, impairment of gastrointestinal function and integrity, which enhance systemic 
inflammation [3]. 

The human gut microbiota are a group of organisms composed of symbiotic microorganisms and co-evolve with the human body. 
They support the digestion and absorption of food, and metabolize it into multiple small molecules, including biologically active short- 
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chain fatty acids (SCFA), which play a role in maintaining intestinal integrity, regulating host immunity, and defending against 
pathogens [4,5]. Intestinal microbiota, as a major regulator of immune homeostasis, promote B cells to produce various cytokines and 
secrete immunoglobulins to promote their own growth and inhibit pathogens by maintaining the intestinal mucus layer [6–10]. 

The composition of the gut microbiota was recently found to be positively associated with inflammation and longevity in the 
elderly [11]. The intestinal lumens of young and old people are colonized by various symbiotic microorganisms [12]. Among them, 
Akkermansia muciniphila, as the normal intestinal flora, is responsible for the breakdown of mucin and protection of the integrity of 
the intestinal barrier, thus preventing leakage and inflammation [13]. The frail elderly exhibit an increased imbalance of the gut flora, 
with a severe reduction of beneficial commensal bacteria and a significant increase of potentially pro-inflammatory commensal 
bacteria [14,15], leading to a cascade of inflammatory events that increase the incidence of age-related diseases [13,16]. Interestingly, 
the diversity and beneficial commensal bacteria of the microbiota of centenarians are both preserved, contributing to the control of 
overt inflammation and healthy aging [16]. 

Intestinal microflora carries out complex and active metabolic activities in the human intestine, which not only provides energy 

Fig. 1. Flora identification and species distribution in young and old cats (A–C) Histogram of sample community structure (shown by TOP30 as an 
example) The columns represent samples, different colors represent different annotation information, and others represent all species except Top. A 
group = Young group, B group = Aged group. (D, E) Picture description of the Heatmap map based on relative abundance. (shown by the TOP30 
results of the project): The above figure shows the species abundance of TOP30 in each sample under different classification levels of the family, 
genus and species of the phylum. Group represents different groups, and the cluster tree on the left represents the cluster of species. The above 
Group represents samples from different groups. Orange indicates high relative abundance of species, while blue indicates low relative abundance of 
species. If the number of samples is less than 5, there is no left cluster. A group = Young group, B group = Aged group. (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.) 
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and nutrients for growth and reproduction, but also produces a large number of metabolites in human body [17,18]. By comparing the 
metabolites in the blood of sterile animals and bacteria animals, it was found that hundreds of metabolites were detected only in 
bacterial mice [19]. Undigested food (mainly including protein, carbohydrate, etc.) is the main metabolic substrate of intestinal flora, 
which can be metabolized by intestinal flora after reaching the gastrointestinal tract and produce multiple bacterial metabolites, such 
as lipopolysaccharide, peptidoglycan, trimethylamine, secondary bile acid and SCFA, thus causing different effects on human health 
[20–23]. 

This study mainly analyzes and compares the differences in intestinal microorganisms and metabolites between young and old cats, 
to determine the possible relationship between different microbial genera and related metabolites in different age groups, and further 
determine which microbial genera and metabolites play a role in aging, thus guiding the healthy diet of cats. 

2. Results 

2.1. Flora identification and species distribution in young and old cats 

Based on microbial diversity and 16S rRNA gene sequence identity, we identified 31 genera of intestinal flora in two groups of cats 
(Fig. 1). The analysis of microbial components showed that in the elderly group, Prevotella, Paraacteroides, Alloprevotella, Anaero-
biospirillum, Sutterella, Faecalibacterium, Muriaculaceae, Clostridia, Catenibacterium, Romboussia, Odoribacter, and Campylobacter 
Fungi are abundant (Fig. 1A–E). In the young group, Bacteroides, Collinella, Lactobacillus, Blautia, Peptoclostrium, Fusobacterium, 
Roseburia, Subdoligranuum, Lachnochlostrium, Weissella, Helicobacter, Ruminocus_gnavus_group、Negativibacillus、Holdema-
nella、Ruminococcus_ torques_ group, Pantoea, Klebsiella and Bifidobacterium are abundant (Fig. 1A–E). Compared with the two 
groups, the two genera of Prevotella and Paraacteroides in the young group are the dominant flora, while in the elderly group, 
Bacteroides and Collins are the dominant flora (Fig. 1A–E). 

2.2. Flora α/β diversity in young and old cats 

α Differences in diversity, including ACE (Fig. 2A) and Chao1 (Fig. 2B) indexes, were evaluated by Mann-Whitney U test. Compared 
with the young group and the old group, the ACE and Chao1 indexes of the young group were higher than those of the old group. The 
beta diversity index shows that the distance between sample branches can be seen by hierarchical clustering of the matrix according to 
the distance matrix obtained by different distance algorithms. It shows that the young group is far away from the old group and the 
similarity is low (Fig. 2C). PCA analysis is expressed by variance decomposition. The more similar the composition between samples, 
the closer the distance reflected in the PCA diagram (Fig. 2C, D). Therefore, PCA analysis indicates that the two groups of samples have 
a certain degree of similarity. PCoA analysis shows that the two groups of samples have high similarity within the young group, while 
two samples in the old group are far away, and the similarity within the sample group was low, while the comparison between groups 
had certain differences (Fig. 2E). The results of NMDS analysis are similar to those of PcoA analysis (Fig. 2E, F). In addition, the results 
of sample hierarchical cluster analysis showed that the differences within the young group were small, while the differences within the 
older group were large (Fig. 2G). Together, the results of the two groups showed that the diversity of the older group was smaller than 
that of the younger group. 

2.3. LEfSe analysis identified the greatest difference between young and old cats 

LEfSe (Linear Discriminant Analysis Effect Size), also known as LDA-Effect Size analysis, is an analytical tool that discovers and 
interprets high-latitude data biomarkers. It can enable comparisons between two or more groups, as well as comparative analysis 

Fig. 2. Flora α/β Diversity in young and old cats 
(A，B) The ASV diversity index was compared with the boxplot. Picture description: This figure shows the distribution of diversity index in each 
group, and whether the diversity index is significantly different between groups. The abscissa is the grouping, different groups are distinguished by 
different colors, and the ordinate is the index value. 
(C) Sample distance heatmap diagram. Photo caption: The bluer the color is, the closer the distance between samples is, the higher the similarity is, 
and the redder the distance is. The samples are clustered in the heat map, and the distance relationship between samples can also be seen through 
the cluster tree. 
(D) PCA (2D) analysis. Photo caption: The horizontal and vertical axes represent two eigenvalues that can reflect the variance to the greatest extent. 
Each point in the figure represents a sample, the same color is the same group, and similar samples gather together. When each group has 4 or more 
samples, 2D results show confidence ellipse. 
(E) PCoA (2D) analysis. Picture description: The abscissa (PC1) and the ordinate (PC2) are the two main coordinates with the largest degree of 
interpretation of differences between samples. The same color is the same group. A point is a sample, and similar samples converge. When each 
group has 4 or more samples, 2D results show confidence ellipse. PERMANOVA Pvalue: 0.004. 
(F) Example NMDS (2D). Picture description: abscissa (NMDS1) and ordinate (NMDS2) are two sorting axes. Each point in the figure represents a 
sample, and the same color is the same grouping. Similar samples gather together. If the difference between samples is large, the distance in the 
figure will be far. When each group has 4 or more samples, 2D results show confidence ellipse. 
(G) UPGMA sample hierarchical clustering plot. A more similar sample indicates a closer branch distance. (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 
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between subgroups within the same group, to identify species with significant differences in abundance between groups. We used the 
cut-off value of 2.0 logarithmic LDA score to determine the important classification differences between the young group and the old 
group, and found that there was a significant difference in the fecal microbial population between the young group and the old group 
derived from the LDA-LEfSe analysis (Fig. 3A). We found that the relative abundance of Bacteria in the young group was lower than 
that in the old group, while the relative abundance of Ruminococcus, Butyricimonas, Lachnospiraceae and Bilophila in the old group 
was higher than that in the young group (Fig. 3A and B). As shown in Fig. 3C–H, compared with the young group, the average 
abundance of Ruminococcus and Butyricimonas in the elderly group increased significantly (Fig. 3C and D). On the contrary, the 

Fig. 3. LEfSe analysis identified the greatest difference between young and old cats (A) Linear discriminant analysis (LDA) effect size (lefse) analysis 
showed significant bacterial differences in fecal microbiota between the elderly group (positive score) and the young group (negative score). (B) 
Cladogram using the lefse method indicating the phylogenetic distribution of fecal microbiota associated with the young and old groups. (C–H) The 
relative abundance of Ruminococcus (C) (P = 0.0062), Butyricimonas (D) (P = 0.0345), Prevotellaceae (E) (P = 0.0176), Succinivibrionaceae (F) (P 
= 0.0151), Faecalibacterium (G) (P = 0.0106) and Aeromonadales (H) (P = 0.0166). Solid and dashed lines indicate mean and median, respectively. 
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average abundance of Prevotellaceae, Succinivibrionaceae, Faecalibacterium and Aeromonadales in the young group increased 
significantly (Fig. 3E–H). Taken together, compared to the younger group, the other genera in the elderly group are more abundant, 
but the absolute difference between the two groups is less than the difference observed by Bacteria. 

2.4. KEGG pathway prediction of metagenome functional content from 16S rRNA 

OTU abundance is standardized by using the 16S rRNA gene copy number identified by the green gene database, and the homology 
prediction of the Kyoto gene and genome encyclopedia (KEGG) is calculated (Fig. 4A and B). Compared with the young group, 6 of the 
30 KEGG metabolic pathways analyzed were enriched to varying degrees in the elderly group (Fig. 4C). Compared with the young 
group, all six significantly different pathways in the old group were exhausted. In the elderly group, the consumption of the KEGG 
pathway of fructose and mannose metabolism was the most significant (both P = 0.03) (Fig. 4C). A recent genome-wide and tran-
scriptomic study showed that there was a correlation between plasma mannose, body mass index, and insulin resistance, and mannose 
could help intestinal flora resist the harmful effects of obesity induced by a high-fat diet. Bacteria can sense their environment and 
change the expression of proteins to improve their viability. The above results show that with the growth of age, the intestinal flora of 
the body will accelerate the metabolism of mannose to keep the body healthy. 

2.5. Choline and tomatidine in the elderly group were significantly lower than those in the young group 

In order to study the fecal metabolite levels of cats of different age groups, liquid chromatography-tandem mass spectrometry (LC- 
MS) was used to evaluate the metabolites of old and young cats, and univariate analysis was used for analysis. Through gene peak map 
analysis (Fig. 5A) the results show that there is no significant difference between the two groups of samples in the initial quality control 
analysis. Principal component analysis (PCA) (Fig. 5B) with no quality control and orthogonal partial least squares discriminant 

Fig. 4. KEGG pathway prediction of metagenome functional content from 16S rRNA (A) KEGG differential outcome clustering Heatmap plot. (B) 
KEGG differential results boxplot plot. (C) KEGG differential outcome bar chart, with the left bar representing the mean abundance of a pathway in 
each group and the right 95% confidence interval of the differential contrast between the groups along with the corresponding p value for 
significance. 
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Fig. 5. The difference of fecal metabolites between the two groups. (A) Gene peak map shows that there are few abnormal cases in the sample. (B) 
PCA scores shows that the sample has good stability and repeatability. (C, D) Multivariate statistical analysis show that the sample aggregation is 
good. (E) Two-way hierarchical clustering heatmap of fecal metabolome data. Each column shows the metabolic pattern of individual animals in the 
A group (n = 5) and B group (n = 6). (F) Volcano plot showing metabolites for A and B group. 
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analysis (OPLS-DA) (Fig. 5C and D) were used to validate differences between these two groups. Further evaluation of the two groups 
of data indicates that the samples are relatively independent in two groups, and there is no obvious crossover. MetaboAnalyst 4.0 
software was used to generate a heat map containing 50 kinds of metabolite dendrograms, to intuitively determine the changes in 
metabolite levels between the old group and the young group (Fig. 5E). To better provide proper nutrition components for cat food, to 
be more beneficial to the survival of elderly cats, we analyzed the metabolite in the feces of the elderly group, and found that 23 kinds 
of metabolite showed a decline, respectively: Choline, Tomatidine, D-Glucuronic acid, 2-methyl-4-(sulfooxy)but-2-enoic acid, 5,7- 
dihydroxy-2-phenyl-8-(3,4,5-trihydroxyoxan-2-yl)-4H-chromen-4-one, Allitridin, Phytosphingosine, C16 Sphinganine, Dodecylphos-
phocholine, D-Urobilin, Methylisopelletierine, Xanthine, D-Pipecolic acid, 4-(Trimethylammonio)but-2-enoate, Calystegine A6, N- 
Carboxyethyl-gamma-aminobutyric acid, Proline betaine, cholesta-5,7,8(14),22E-tetraen-3-one, 5-(3-Pyridyl)-2-hydroxytetrahy-
drofuran, Asparaginyl-Lysine, Tyrosine methylester, 5-Hydroxyindoleacetic acid, Anserine. Fig. 3E lists all the differences in metab-
olite screening, and was further illustrated in the form of a volcano plot (Fig. 5F). As shown in the final screening result, the significant 
up-regulation of the metabolites was displayed in red, while the significant down-regulation of the metabolites was shown in blue. 

Fig. 6. Metabolites-metabolites correlation analysis. 
Metabolites-metabolites correlation analysis. Positive correlations are shown in red; negative correlations are shown in blue. Metabolites- 
metabolites correlations of A group vs. B group. (For interpretation of the references to color in this figure legend, the reader is referred to the 
Web version of this article.) 
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2.6. Metabolites-metabolites correlation analysis 

The correlation value matrix provides a more intuitive description of the relationship between related metabolites (Fig. 6). Me-
tabolites with a high positive correlation of Choline mainly include Tomatidine, Proline betaine, 5-hydroxy indole acetic acid, Alli-
tridin, 4-(Trimethylammonio) but-2-enoate. Taken together, choline and tomatidine were lower in the elderly group, and they were 
positively correlated. 

2.7. Analysis of KEGG pathway shows that choline metabolism is significant in cancer 

By analyzing and comparing relevant metabolic enzymes and metabolites, we identified the metabolic pathways that underwent 
changes. In addition, KEGG analysis was used to identify the enriched metabolites (Fig. 7). The results showed that following four 
metabolic pathways were mainly enriched in the elderly group: choline metabolism in cancer, glycerophospholipid metabolism, 
retrograde endocannabinoid signaling and linoleic acid metabolism, respectively (Fig. 7A and B). Together, KEGG analysis showed 
that choline metabolism is the most significant in cancer, indicating that choline loss may be related to cancer occurrence. 

3. Discussion 

Intestinal microorganisms play important roles in host physiology, pathology, and intestinal immune balance. In the present study, 
two genera of Prevotella and parabacteroides served as the dominant flora in the young group. While in the elderly group, two genera, 
Bacteroides and collinsella, served as the dominant flora. However, with increasing age, 16S sequencing found that fructose and 
mannose metabolism was more vigorous in the aged group, possibly due to organismal aging, and the gut flora accelerated this 
metabolism to maintain organismal health to resist aging. Meanwhile, the changes of intestinal metabolites in different age groups 
were also analyzed in this study, and choline, as a product of weakened metabolism in the aged group, predicts that the decrease of 
choline level may be related to aging, so the appropriate supplementation of choline may slow down aging. 

Intestinal dysbiosis in the elderly increases the risk of aging-related diseases [24]. The composition of the intestinal flora changes 
with age, and this change is exacerbated by changes in antibiotic intake and diet [25]. A report on the sequencing of human fecal 
microbiota showed that the microbial composition of the gastrointestinal tract is influenced by many factors, such as individual 
differences, environmental changes, and lifestyle [26]. In people with morbid obesity [27], there is a shift in the intestinal flora from a 
protective flora to a damaging flora. Similarly, similar changes of microbiota occur during aging and may be due to various pathologies 
and diseases [28–35]. Recent results of microbiota sequencing in Chinese elderly suggest that changes in the microbiota may be an 
intrinsic factor in the process of aging [36]. 

Intestinal microbiota is an endogenous ecosystem composed of bacteria, archaea, eukaryotes and viruses, in which Firmicutes, 
Bacteroidetes, Proteobacteria and Actinobacteria account for 98% of the microbial population. Microbial colonization in the 
gastrointestinal tract after birth begins with the acquisition of several microbial types dominated by bifidobacteria. In the early stage, 
the infant microbiota is unstable, as its microbial colonization can be affected by many factors [37]. With age, the gut microbiota 
stabilizes and exhibits a diverse flora, including a mixture of 11 bifidobacteria and lactobacilli [38]. In adulthood, the intestinal 
microbiota is dominated by Firmicutes and Bacteroidetes, with less Actinobacteria and Proteobacteria [38]. Notably, a previous 
sequencing analysis of the human fecal metagenome demonstrated that diet is a major driver of changes in microbial composition and 
function [39]. 

SCFA is produced by a number of bacteria groups that work in concert with the commensal flora and function accordingly. Butyrate 

Fig. 7. Analysis of KEGG pathway shows that choline metabolism is significant in cancer. (A–B) KEGG enrichment analysis of the differentially 
abundant metabolites in A group vs. B group. KEGG significantly enriched Top10. 

T. Tian et al.                                                                                                                                                                                                            



Heliyon 9 (2023) e16417

10

plays an important role in epithelial homeostasis by activating the oxygen sensor hypoxia-inducible factor, protecting intestinal 
integrity, and inhibiting inflammation and adverse immune responses in intestinal tissues [40]. In the elderly, SCFA levels from 
carbohydrate fermentation decreased while metabolic products from protein fermentation (branched-chain fatty acids, ammonia, and 
phenols) increased, indicating a shift in glycolytic fermentation toward unfavorable proteolytic activity [41]. Multiple studies have 
shown that regulating intestinal flora by supplementing probiotics, prebiotics and transplanting intestinal flora can increase intestinal 
microbial diversity and produce benign metabolites, improving intestinal microenvironment, alleviating inflammation, and hopefully 
achieving the purpose of delaying aging [42–44]. 

The intestinal flora in animals is large in number and complex in type, forming a symbiotic relationship with the body that is 
"mutually beneficial”. Their growth depends on abundant nutrients and a relatively safe environment provided by their bodies. At the 
same time, they play a crucial role in maintaining physical health and promoting normal development. At present, the researches on 
adding probiotics or metabolites to cat food mainly focus on the addition of some conventional probiotics and metabolites. For 
example, the microbiota includes Bacillus and Lactobacillus, while metabolites include choline. The addition of these probiotics and 
metabolites is bound to change the animal’s own intestinal flora and metabolic mode, because the reasonable addition of the corre-
sponding probiotics and metabolites is the direction of the future development of cat food, and it is certain that the addition of these 
probiotics and metabolites will improve the quality of life of pet cats. 

In conclusion, by comparing the gut flora genera of old and young cats with fecal metabolites, choline was found to be significantly 
decreased in old cats, while KEGG showed that choline metabolism was associated with cancer. Meanwhile, it was found that the 
dominant genera of gut microbiota in different age groups had some differences. Whether these differences are the main reasons for the 
differences in metabolites, or the differences in metabolites are caused by the differences in intestinal microflora? Further studies are 
needed to identify the relationship between gut microbiota and metabolites during cat aging. 

4. Materials and methods 

4.1. Chemicals 

All chemicals and solvents were analytical or HPLC grade. Water, methanol, acetonitrile, formic acid were purchased from Thermo 
Fisher Scientific (Thermo Fisher Scientific, Waltham, MA, USA). L -2-chlorophenylalanine was from Shanghai Heng chuang Bio- 
technology Co., Ltd. (Shanghai, China). 

4.2. Cats information and sample preparation 

Cats were collected from Nourse Centre for Pet Nutrition, Wuhu, China. The basic information of cats is shown in Table 1. Cats age 
stage classification refers to the 2021 AAHA/AAFP Feline Life Stage Guidelines. The stool sample collection procedure was as follows: 
After fasting the cat and treating it with water for 24 h and perianal disinfection, the cat was urged to defecate by abdominal massage. 
Then, 300–500 mg feces were collected with sterile forceps and stored in sterile cryopreservation tubes at − 80 ◦C for subsequent fecal 
DNA extraction and bacterial flora testing. 

4.3. Fecal DNA extraction 

Each stool sample (200 mg) was aseptically weighed and transferred to a 2 mL Ep tube. Then, fecal DNA was extracted using the 
PowerSoil DNA Isolation Kit (MoBio Laboratories, Carlsbad, CA), and DNA quality and concentration were assessed using the Nano 
Drop fluorescence spectrometer. 

4.4. Library construction and high-throughput sequencing 

Libraries were constructed with a library construction kit and quantified using a Qubit instrument and qPCR. Then, after the MiSeq 

Table 1 
Basic information of cats.  

Groups Weight (Kg) Age (year) Gender 

A A1 4.2 2.7 Female 
A2 4.6 2.6 Female 
A3 6.3 2.4 Male 
A4 5.6 2.4 Male 
A5 4.8 2.3 Female 

B B1 5.1 11.4 Female 
B2 5.3 12.1 Female 
B3 7.1 18.6 Female 
B4 5.2 9.2 Male 
B5 5.3 9.7 Female 
B6 6.1 13.4 Male  
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library passed the quality check, 16S rRNA gene V3–V4 sequencing was performed on the Illumina MiSeq platform. 

4.5. Sequence analysis 

After downloading the raw sequencing data, a quality control step was performed to obtain the optimized sequence through 
sequence splicing, filtering, and de-chimization. Operational taxonomic units (OTUs) were then clustered and annotated with a 
similarity threshold of 97%. The results of alpha diversity analysis included alpha diversity index dilution curve, alpha diversity index 
violinplot analysis, Specaccum species accumulation curve and Rank Abundance analysis. Beta diversity analysis provides: (1) Dis-
tance matrix analysis, PCA, PCoA, NMDS, UPGMA analysis (2) To test whether there is a significant difference between the two 
comparison groups: Adonis analysis (i.e. PERMANOVA analysis) and Anosim analysis. 

4.6. Sample preparation for global metabolomics 

About 60 mg of the frozen intestinal contents sample was added to a 1.5 mL EP tube with 20 μL of L-2-chlorophenylalanine (0.06 
mg/mL) dissolved in 600 μL methanol-water (V: V = 4:1) as internal standard, and the tube was added two small steel balls. Sub-
sequently, the tube was placed in a refrigerator at − 20 ◦C for 5 min, and then grinded in a grinder (60 Hz, 2 min), and the whole 
samples were extracted by ultrasonic for 10 min in ice-water bath，stored at − 20 ◦C for 30 min. The extract was centrifuged for 10 min 
(13000 rpm, 4 ◦C). 200 μL of the supernatant was transferred to an LC-MS vial and evaporated to dryness. 300 μL of methanol-water (V: 
V = 1:4) (vortexed for 30 s, sonicated for 3 min), then standed at − 20 ◦C for 2 h. Samples were centrifuged for 10 min (13000 rpm, 
4 ◦C). 150 μL of the supernatant were aspirated with a syringe, filtered with a 0.22 μm organic phase pinhole filter, transferred to an LC 
injection vial. The vials were stored at − 80 ◦C until LC -MS analysis. Quality control samples (QC) are prepared by mixing equal 
volumes of extracts from all samples. 

4.7. Liquid chromatography-mass spectrometry analysis conditions 

The analytical instrument used in this experiment is a liquid mass spectrometry system composed of ACQUITY UPLC I-Class plus 
ultra high performance liquid chromatography in series with QE plus high-resolution mass spectrometer. 

Chromatographic conditions: Chromatographic column: ACQUITY UPLC HSS T3 (100 mm × 2.1 mm, 1.8 μm); Column temper-
ature: 45 ◦C; Mobile phase: A-water (containing 0.1% formic acid), B-acetonitrile (containing 0.1% formic acid); Flow rate: 0.35 mL/ 
min; Injection volume: 2 μL. 

4.8. Statistical methods 

Illumina MiSeq or NovaSeq sequencing generates raw double-ended sequences called raw data. Using cutadapt software, cut out 
the primer sequence from the raw data sequence. Use DADA2 to perform quality control analysis such as quality filtering, noise 
reduction, splicing and chimera removal on the qualified double-ended raw data in the previous step with Qiime2 default parameters 
to obtain the representative sequence and ASV abundance. At each classification level, the OTU barplot statistics of the number of 
OTUs and annotation results of each sample were carried out, and the clean tags, valid tags, tags with annotation information and 
OTUs of each sample were compared. Microbial multivariate statistical analysis to test whether there is a significant difference be-
tween the two groups: (1) Routine: T test algorithm, Wilcoxon algorithm, for the significance analysis of the difference between the two 
samples, Metastat analysis method was used; (2) LEfSe analysis (provided when the number of groups is less than or equal to 6), 
combined with difference detection method (Kruskal Wallis test or Wilcoxon test) and linear discriminant analysis method for feature 
selection. 

Multivariate statistical analysis will first use unsupervised principal component analysis (PCA) to observe the overall distribution of 
each sample and the stability of the whole analysis process, and then use supervised partial least squares analysis (PLS-da) and 
orthogonal partial least squares analysis (OPLS-da) to distinguish the overall differences of metabolic profiles between groups and find 
the different metabolites between groups. Univariate analysis mainly focuses on the description of univariate and statistical inference, 
which reflects the basic information contained in a large number of sample data in the simplest form and describes the concentration or 
dispersion trend of sample data. Univariate statistical inference is to infer the overall situation from sample data, mainly including 
interval estimation and statistical hypothesis testing. T-test (Student’s t-test) and fold variation analysis (Fold change analysis) were 
often used to compare metabolites between the two groups. Multidimensional analysis and unidimensional analysis were used to 
screen the different metabolites between groups. In OPLS-da analysis, Variable important in projection (VIP) can be used to measure 
the influence strength and explanatory power of the expression pattern of each metabolite on the classification of each group of 
samples, and to mine the different metabolites with biological significance. T test was further used to verify whether the difference 
metabolites between groups were significant. Correlation analysis used the Pearson correlation coefficient to measure the degree of 
linear correlation between two metabolites. 
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