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Background

Type 2 diabetes mellitus (T2DM) is a prevalent metabolic disease that causes multi-organ complications, seriously affecting patients’ quality of life and survival. Understanding its pathogenesis remains challenging, with current clinical treatment regimens often proving ineffective.





Methods

In this study, we established a mouse model of T2DM and employed 16s rDNA sequencing to detect changes in the species and structure of gut flora. Additionally, we used UPLC-Q-TOF-MS to identify changes in urinary metabolites of T2DM mice, analyzed differential metabolites and constructed differential metabolic pathways. Finally, we used Pearman correlation analysis to investigate the relationship between intestinal flora and differential metabolites in T2DM mice, aiming to elucidate the pathogenesis of T2DM and provide an experimental basis for its clinical treatment.





Results

Our findings revealed a reduction in both the species diversity and abundance of intestinal flora in T2DM mice, with significantly decreased levels of beneficial bacteria such as Lactobacillus and significantly increased levels of harmful bacteria such as Helicobacter pylori. Urinary metabolomics results identified 31 differential metabolites between T2DM and control mice, including Phosphatidylcholine, CDP-ethanolamine and Leukotriene A4, which may be closely associated with the glycerophospholipid and arachidonic acid pathways. Pearman correlation analysis showed a strong correlation between dopamine and gonadal, estradiol and gut microbiota, may be a novel direction underlying T2DM.





Conclusion

In conclusion, our study suggests that alterations in gut microbiota and urinary metabolites are characteristic features of T2DM in mice. Furthermore, a strong correlation between dopamine, estradiol and gut microbiota, may be a novel direction underlying T2DM, the aim is to provide new ideas for clinical treatment and basic research.
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Graphical Abstract







1 Introduction

Type 2 diabetes (T2DM) is a chronic metabolic disease that primarily manifests as hyperglycemia due to impaired insulin secretion and/or action resulting from various etiologies. New estimates published in The Lancet indicate that more than 1.31 billion people could be living with diabetes by 2050 worldwide (The, 2023). The pathogenesis of T2DM remains unclear, with current research implicating genetic and environmental factors, as well as defects in insulin secretion, inflammation, and metabolism. The long-term metabolic abnormalities associated with T2DM can lead to multi-system complications, including cardiovascular disease, visual impairment, neurological disease, renal disease, and diabetic foot, ultimately resulting in increased morbidity and mortality rates (Ussher and Drucker, 2023). T2DM can have a profound negative impact on patients’ quality of life, impairing their ability to work and participate in daily activities. This not only increases the medical burden on society but also places a significant financial strain on families affected by the disease (Li et al., 2023). In conclusion, the high and increasing prevalence of T2DM, driven by changes in global economies, social structures, and lifestyles, represents a major challenge for global health and economies.

The gut microbiome is a crucial component of the body’s microbial community, playing a critical role in regulating numerous bodily functions, including immunity, metabolism, and nutrition. Emerging evidence suggests that imbalances in the gut microbiome may be closely linked to the pathogenesis of T2DM (Li et al., 2020; Guan et al., 2023). Studies have shown a significant association between changes in the gut microbiota and the development of T2DM. The gut microbiota plays an important role in regulating human metabolism and immune function, but patients with T2DM have distinct alterations in the total number, diversity and composition of gut microbial communities compared to healthy individuals (Polidori et al., 2022). Studies have shown that changes in the gut microbiome of T2DM include not only changes in the number, composition and diversity of the microbiota, but also changes in the levels of metabolites in the gut microbiome, which can inhibit insulin release and lead to the development of T2DM (Bao et al., 2023). Second, changes in the gut microbiome are relevant to the treatment of T2DM: in the treatment of patients with T2DM, the use of probiotics and prebiotics can regulate the balance of the gut microbiome, thereby improving insulin resistance and blood glucose levels in patients with T2DM (Paul et al., 2022; Chen et al., 2023; Dixon et al., 2023). Again, the mechanism of action of intestinal flora changes in T2DM: intestinal flora can influence the development and progression of T2DM through a variety of mechanisms, including altering nutrient metabolism, affecting the intestinal barrier and immune system, and influencing neurological regulation (Tawulie et al., 2023). In addition, changes in the levels of gut flora metabolites, such as short chain fatty acids (SCFAs), and metabolites, such as secondary bile acids, can affect the host’s energy metabolism and insulin sensitivity, thereby influencing the onset and progression of T2DM (Gu et al., 2023). SCFAs exert beneficial metabolic effects by acting as energy substrates in the TCA cycle, regulating hormones involved in satiety regulation and insulin secretion, and regulating immune cells and microglia (Luo et al., 2022). In conclusion, the onset and development of T2DM is closely linked to changes in the gut microbiome, and the balance of the gut microbiome can be adjusted by altering the composition of the gut microbiome and regulating the levels of metabolites, which can help prevent and treat T2DM. At the same time, by studying the changes in the gut flora and their mechanisms in depth, new ideas and methods for the treatment and prevention of T2DM can be provided, which is expected to provide better protection for the health of T2DM patients.

Urine metabolomics is a technique for studying changes in the composition and concentration of metabolites in urine, using high-throughput mass spectrometry analysis to quantify and identify thousands of compounds in urine, including sugars, fats and amino acids (Zhang et al., 2016). Previous studies have shown that urinary levels of sugar metabolites in type 2 diabetic are usually significantly elevated, for example, the levels of monosaccharides are increased, reflecting the impaired glucose metabolism caused by insulin resistance and impaired pancreatic β-cell function in T2DM (Zhao et al., 2020; Wang et al., 2021; Li et al., 2022). Other studies have shown that the levels of amino acid metabolites in the urine of T2DM are also affected, A branched-chain amino acid metabolite drives vascular fatty acid transport and causes insulin resistance (Giesbertz and Daniel, 2016; Jang et al., 2016). Therefore, a systematic study on the changes of urinary metabolites in T2DM mice can reveal the pathophysiological processes and possible targets of T2DM, and provide new ideas and methods for the diagnosis, treatment and prognosis of T2DM.

In this study, a type 2 diabetic animal model was established by intraperitoneal injection of streptozotocin (STZ) after 7 weeks of high-fat, high-sugar diet, and changes in the structure and species of mouse gut flora were detected by 16sRNA sequencing, and changes in urinary metabolites in type 2 diabetic mice were detected by UPLC-Q-TOF-MS technique to analyse the differential metabolites and construct differential metabolic pathways, Finally, the application of Pearman correlation analysis was used to explore the relationship between gut flora species and urinary metabolites in type 2 diabetic mice, to reveal possible targets of T2DM, and to provide new ideas and methods for the diagnosis, treatment and prognosis of T2DM (Graphical Abstract).




2 Methods



2.1 Animals

Eight-week-old male C57BL/6J mice were purchased from SiPeiFu (Beijing Biotechnology). The mice were raised in the Animal Center of Tianjin University of Traditional Chinese Medicine (TCM–LAEC2021037). All the experimental protocols were conducted in accordance with the guidelines approved by the Animal Care Committee of Tianjin University of Traditional Chinese Medicine and Animal Ethical Committee of Tianjin University of Traditional Chinese Medicine (TCM–LAEC2021037).




2.2 Experiment protocol

Animals were allowed to acclimatize for a week and randomly divided into 2 groups:

the normal control group (Control: n=10, normal-chow-diet) and the model group (Model: n=10, 60% high-fat-diet-fed (HFD). The diets of the model group of mice were furnished by Medicience, Professional For Lab Animal Diet (MD12033). Mice in the model group were routinely supplied with a high-fat diet for 7 weeks prior to three consecutive intraperitoneal injections of 80 mg/kg/day of streptomycin (STZ) citrate buffer (pH 4.5). The blank group was injected with an equal volume of sodium citrate buffer. The mice were fasted overnight before receiving STZ injection. The mice’s fasting blood glucose levels were measured 72 hours after the last injection. The mice with FBG ≥ 16.7mmol/L were considered as diabetic mice.




2.3 The method of testing fasting blood sugar

After a 12 hour fast, tail vein blood samples of all mice were collected to determine the fasting blood glucose (FBG) level using a glucose meter and glucose test papers (SanRuo, China).




2.4 Analysis of gut microbiota



2.4.1 DNA extractions

DNA from different samples was extracted using the CTAB according to manufacturer ‘s instructions. The reagent which was designed to uncover DNA from trace amounts of sample has been shown to be effective for the preparation of DNA of most bacteria. Nuclear-free water was used for blank. The total DNA was eluted in 50 μL of Elution buffer and stored at -80°C until measurement in the PCR by LC-Bio Technology Co., Ltd, Hang Zhou, Zhejiang Province, China.




2.4.2 PCR amplification and 16S rDNA sequencing

The 5’ ends of the primers were tagged with specific barcodes per sample and sequencing universal primers. PCR amplification was performed in a total volume of 25 μL reaction mixture containing 25 ng of template DNA, 12.5 μL PCR Premix, 2.5 μL of each primer, and PCR-grade water to adjust the volume. The PCR conditions to amplify the prokaryotic 16S fragments consisted of an initial denaturation at 98°C for 30 seconds; 32cycles of denaturation at 98°C for 10 seconds, annealing at 54°C for 30 seconds, and extension at 72°C for 45 seconds; and then final extension at 72°C for 10 minutes. The PCR products were confirmed with 2% agarose gel electrophoresis. Throughout the DNA extraction process, ultrapure water, instead of a sample solution, was used to exclude the possibility of false-positive PCR results as a negative control. The PCR products were purified by AMPure XT beads (Beckman Coulter Genomics, Danvers, MA, USA) and quantified by Qubit (Invitrogen, USA). The amplicon pools were prepared for sequencing and the size and quantity of the amplicon library were assessed on Agilent 2100 Bioanalyzer (Agilent, USA) and with the Library Quantification Kit for Illumina (Kapa Biosciences, Woburn, MA, USA), respectively. The libraries were sequenced on NovaSeq PE250 platform.




2.4.3 Data analysis

Samples were sequenced on an Illumina NovaSeq platform according to the manufacturer’s recommendations, provided by LC-Bio. Paired-end reads was assigned to samples based on their unique barcode and truncated by cutting off the barcode and primer sequence. Paired-end reads were merged using FLASH. Quality filtering on the raw reads were performed under specific filtering conditions to obtain the high-quality clean tags according to the fqtrim (v0.94). Chimeric sequences were filtered using Vsearch software (v2.3.4). After dereplication using DADA2, we obtained feature table and feature sequence. Alpha diversity and beta diversity were calculated by normalized to the same sequences randomly. Then according to SILVA(release 138) classifier, feature abundance was normalized using relative abundance of each sample. Alpha diversity is applied in analyzing complexity of species diversity for a sample through 5 indices, including Chao1, observed species, Goods coverage, Shannon, Simpson, and all this indices in our samples were calculated with QIIME2. Beta diversity were calculated by QIIME2, the graphs were drew by R package. Blast was used for sequence alignment, and the feature sequences were annotated with SILVA database for each representative sequence. Other diagrams were implemented using the R package (v3.5.2).





2.5 Urine metabolomic analysis



2.5.1 Urine sample preparation

Urine was collected from mice (n=10) for 24 h at week 12 after drug administration, centrifuged at 1000 rpm/min for 10 min at 4°C to remove particulate contaminants, then the supernatant was centrifuged at 2500 rpm/min for 10 min and the supernatant was stored at -80°C for measurement.




2.5.2 Chromatographic and mass spectrometric conditions

Chromatographic conditions: Column: ACQUITY UPLC BEH C18 (2.1 x 100 mm, 1.7 μm), flow rate: 0.3 mL/min, column temperature: 40°C, injection volume: 5 μL,

Mass spectrometric conditions: Mass spectrometric analysis was performed using an electrospray ionisation (ESI) source in both positive and negative ion modes. High purity N2 was used as the auxiliary spray ionisation and desolubilising gas, drying gas flow rate 10 mL/min, N2 temperature: 350°C, atomising gas pressure: 310 kPa, desolventizing nitrogen flow rate: 600 L/h, cone hole blowback nitrogen: 50 L/h. Capillary ionisation voltage: 2.1 kV, quadrupole scan range: m/z 50-1000.




2.5.3 Methodological study

①Check the accuracy of the instrument: Take the same QC sample solution, inject the sample 6 times in succession, randomly select 20 peaks and calculate the RSD values of the peak area and retention time of the 20 peaks.

②Method accuracy test: 6 QC samples were prepared in parallel and analysed by sequential injections, 20 peaks were randomly selected.




2.5.4 Metabolomics data processing and analysis

①Using UPLC-Q-TOF-MS technology, the raw data were pre-processed by MassLynxSCN 633 software. After pre-processing by the software, peak identification, peak alignment and peak filtering of the raw data can be performed automatically, and finally the retention time (Rt), mass-to-charge ratio (m/z) and spectral peak area were output to find out the potential discriminating variables.

②Unsupervised principal component analysis (PCA) was performed by multivariate statistical analysis of the data obtained from the serum metabolic profiles of each group of mice using SIMCA software. PCA was used to observe the distribution of metabolites and the overall differences between the groups of samples, while partial least squares discriminant analysis (PLS-DA) and orthogonal least squares discriminant analysis (OPLS-DA) allowed supervised downscaling of data patterns.

③Variable importance analysis (VIP) can be obtained in the OPLS-DA model by screening metabolites with VIP > 1 as differential metabolites. Independent samples t-tests were performed by comparing groups two by two, and compounds with P< 0.05 were used as significantly different end metabolites.

④The m/z values of the screened metabolites were used to identify potential metabolic markers in the HMDB database (http://www.hmdb.ca/), with H+, Na+ and K+ selected in positive ion mode. The metabolite name, chemical formula and parts per million (ppm) were recorded, and metabolites with |ppm| > 15 were excluded.

⑤To further characterise the trend of differential metabolites between groups, the normalised data were heat mapped. Enrichment of differential metabolite pathways by KEGG database (http://www.genome.jp/kegg/).





2.6 Statistical analysis

All data are presented as mean ± standard deviation (SD). P<0.05 was considered statistically significant. Application of Pearman correlation analysis to examine the association between urinary metabolites and gut microbiota.





3 Results



3.1 Reproduction of the T2DM model

After 7 weeks of feeding the mice with a high fat and high sugar diet, fasting blood glucose levels were measured 72 h after the last intraperitoneal injection of 80 mg/kg STZ, and FBG≥16.7 mmol/L was considered a successful model. Compared to the control group, the model group showed a statistically significant increase in blood glucose (Figure 1B), and compared to the control group, the model group showed an increase in body weight, with a significant difference at week 8 (Figure 1A).




Figure 1 | Establishment of T2DM Model. (A) Changes in body weight of mice during 8 weeks of moulding, ND+ip for control group, HFD+STZ for model group. (B) Comparison of blood glucose levels of the experimental groups after 8 weeks of moulding (p less than 0.001), ND+ip for control group, HFD+STZ for model group. (C) FBG in T2DM mice; (D) FINS levels in T2DM mice. ### p<0.001.



T2DM is a chronic metabolic disease, so we did not collect urine and faeces etc. immediately after judging that it caused a T2DM model, on which basis we continued feeding for 8 weeks and tested fasting blood glucose and insulin levels before proving a chronic T2DM model. (Figures 1C, D)




3.2 Changes in the gut microbiome of type 2 diabetic mice



3.2.1 T2DM affected the community diversity and richness of the gut microbiome

16S rDNA gene sequencing was used to evaluate the alterations in the gut microbiome induced by T2DM. Community richness and diversity were measured by the alpha diversity metrics. The richness estimator Chao1 showed significant difference among Control and Model (Figure 2A). The Simpson’s and Shannon’s index of diversity revealed that Model group exhibited increased gut microbiome diversity compared to Control group (Figures 2B, C).




Figure 2 | Diversity and abundance of gut microbiota in T2DM mice. 16S rDNA gene sequencing was used to evaluate the alterations in the gut microbiome induced by T2DM. Community richness and diversity were measured by the alpha diversity metrics. (A) Estimation of the number of species contained in the community according to the Chao1 index, C for the control group and M for the model group; (B) comparison of the difference in diversity between the two groups according to the Shannon index, the higher the Shannon index, the higher the uncertainty. Higher uncertainty indicates more unknowns in this community, i.e. high diversity, C for the control group and M for the model group; (C) the difference in richness between the two groups compared by the Simpson index, C for the control group and M for the model group.






3.2.2 T2DM changed the gut microbiome composition

A Venn diagram of the operational taxonomic units (OTUs) showed that the model group had the lowest number of unique OTUs (Figure 3A).




Figure 3 | Changes in the composition of the gut microbiome of type 2 diabetic mice. (A) Change in the number of OTUs, control group in green, model group in pink; (B) Graph of the PCA analysis, control group in green, model group in blue; (C) Graph of the PcoA analysis, control group in green, model group in blue; (D) Graph of the NMDS analysis, control group in green, model group in blue; (E) Change in the gut flora comparing the two groups at the genus level.



Effect of T2DM on the abundance of species in the gut microbiome: A principal component analysis (PCA) showed that the gut microbiome of diabetes mice was scattered not aggregated (Figure 3B). An unweighted principal coordinate analysis (PCoA) based on UniFrac algorithm showed significant difference between the model group and the control group (Figure 3C). NMDS (Nonmetric Multidimensional Scaling) is, like PCoA analysis, a ranking method based on a distance matrix of samples (of any type of distance). Unlike PCoA, NMDS is no longer based on the distance matrix values, but is a downscaling calculation based on the distance ranking order. NMDS showed significant difference between the model group and the control group (Figure 3D).

Effect of T2DM on the change in the species comprising the gut microbiome: At the genus level, the model group mice exhibited significant increased abundances of Helicobacter, Ruminococcaceae, Lachnospairceae, Cloatridiales, Bacteroides, and Ruminiclostridium and significantly decreased abundances of Muribaculaceae, and Lactobacillus compared with the control group (Figure 3E).




3.2.3 Function prediction of predominant taxa

PICRUSt2 is a software to estimate the function capabilities of microbial communities identified in 16s DNA sequencing. According to a query of the KEGG database, fifty pathways enriched among the groups. The changes in different pathways are related to the L-lysine biosynthesis III, TCA cycle, polymyxin and others. We select the first 30 functions for picture display (Figure 4) (Supplementary table S1).




Figure 4 | Function prediction of predominant taxa. PICRUSt2 is a software for estimating the functional capacity of microbial communities detected by 16s rDNA sequencing. The control group is shown in yellow and the model group in blue.







3.3 T2DM altered the urine metabolome

The urine metabolome profiles were determined by LC-MS. The PCA plot and PLS-DA scores revealed that the metabolites of Model group were separated from those of Control group (Figures 5A, B). An OPLS-DA model was adopted to further analyze the differential metabolites between control and model group (Figure 6C).




Figure 5 | Changes in urinary metabolites in type 2 diabetic mice. Urine metabolome profiles were determined by LC-MS. (A) PCA analysis plot, control group in green, model group in blue; (B) PLS-DA analysis plot, control group in green, model group in blue; (C) OPLS-DA analysis plot, control group, blue for model group; (D) heat map of differential metabolites; (E) map of pathways, 1 for glycerophospholipid pathway and 2 for arachidonic acid pathway.






Figure 6 | Correlations Between the Gut microbiota and metabolites in the T2DM mouse model. Pearman correlation analysis was used to further explore the correlation between the gut microbiome and the urinary metabolome. The horizontal coordinates are the gut flora and the vertical coordinates are the differential metabolites, where the redder the colour, the stronger the positive correlation, and the bluer the colour, the stronger the negative correlation. *p < 0.05, **p < 0.01.



Based on the results of OPLS-DA, we used the VIP as a threshold to further screen for differential metabolites between two groups. We further screened for VIP≥1.0, p-value < 0.05, and fold change≥ 2 or ≤ 0.5 metabolites as differential metabolites. 31 differential metabolites were detected in the control versus model group (Figure 5D) (Table 1). Urine differential metabolites.


Table 1 | Urine differential metabolites.



Finally, we used KEGG database to identify the metabolic pathways. The results showed that the differential metabolites participated in metabolic pathways involving Pyruvate metabolic pathway, Glycerophospholipid metabolic pathway, Arachidonic acid metabolic pathway, and Glutathione metabolism, suggesting that the distance of many pathways was implicated in disorders of glycolipid metabolism (Figure 5E) (Supplementary table S2).




3.4 Correlations between the gut microbiota and metabolites in the T2DM mouse model

Pearman correlation analysis was used to further explore the correlation between the gut microbiome and the urine metabolome. The Pearman correlation coefficients between the differential metabolites and the top 30 differential microbes were calculated. The results showed that there was a significant correlation between Weissella, Klebsiella, Clostridiales, Lachnospiraceae and uridine, sphinganie 1-phosphate, S-Acetyldihydrolipoamide-E, Estradiol, Dopamine (Figure 7). Pearman correlation analysis showed a strong correlation between dopamine and gonadal, estradiol and gut microbiota, may be a novel direction underlying T2DM. (Figure 7).




Figure 7 | The hypothalamic-pituitary-gonadal axis-gut microbiota may be a novel direction underlying T2DM.







4 Discussion

T2DM is the most serious metabolic disease in the world, long-term disorders of blood glucose metabolism can cause vascular endothelial damage, which leads to functional and structural damage or even failure of heart, brain, kidney, retina, large and small blood vessels and other tissues and organs, but its pathogenesis is still unclear, but studies have shown that the onset of T2DM is related to intestinal flora and urinary metabolites, but the relationship between the two is unclear, so this experiment By establishing a mouse T2DM model, By establishing a mouse T2DM model, applying 16s rDNA sequencing technology to detect changes in the structure and species and amount of intestinal flora in mice, and detecting changes in urinary metabolites in type 2 diabetic mice by UPLC-Q-TOF-MS technology, analyzing the differential metabolites and constructing differential metabolic pathways, and finally applying Pearman correlation analysis to explore the relationship between intestinal flora in type 2 diabetic mice.

In this experiment, we used 16s rDNA sequencing technology to detect changes in the structure, species and abundance of the intestinal flora in mice, and analyzed the differences between the intestinal flora of type 2 diabetic mice and untreated mice by beta diversity. The results showed that Lactobacillus and Helicobacter pylori are closely associated with T2DM. Lactobacillus is a group of gram-positive bacteria found mainly in the human oral cavity, intestinal tract, reproductive system and urinary system. The results of this study showed that the number of Lactobacillus was significantly reduced in type 2 diabetic mice. Lactobacillus can improve insulin resistance, lower blood glucose levels and reduce the inflammatory response associated with diabetes (Yan et al., 2019; Wang et al., 2023). First, Lactobacillus may prevent T2DM by improving intestinal barrier function. Intestinal barrier function refers to the integrity and functional state of the intestinal mucosal layer and is essential for maintaining the balance of the intestinal microbial community. Studies have shown that Lactobacillus can improve the integrity of the intestinal barrier and mucus secretion, reduce the invasion of harmful microorganisms and the inflammatory response, and thus prevent the development of T2DM (Yan et al., 2019; Eliuz Tipici et al., 2023). Secondly, Lactobacillus can treat T2DM by improving insulin resistance. Insulin resistance is one of the main pathophysiological underpinnings of T2DM and refers to the reduced response of the body’s cells to insulin, leading to an increase in blood glucose levels (Tang et al., 2023). Studies have shown that Lactobacillus may be useful in the treatment of T2DM by increasing the production of short-chain fatty acids, modulating the immune system and metabolic pathways, reducing the inflammatory response and improving insulin resistance (Gu et al., 2023). Dietary SCFA supplementation prevented and reversed high-fat diet-induced metabolic abnormalities in mice by reducing PPARγ expression and activity. This increased the expression of mitochondrial uncoupling protein 2 and increased the ratio of AMP to ATP, thereby stimulating oxidative metabolism in liver and adipose tissue via AMPK (den Besten et al., 2015).

Helicobacter pylori (H. pylori) is a bacterium that can live in the stomach and has been linked to many digestive disorders, including gastritis, stomach ulcers and stomach cancer. In recent years, studies have shown that H. pylori is also associated with T2DM. A clinical study showed that Helicobacter pylori infection associated with risk of type 2 diabetes in middle-aged and elderly Chinese (Han et al., 2016; Zhou et al., 2022). It has also been suggested that eradicating H. pylori from the body may be an important treatment for type 2 diabetes (Shi et al., 2018; Shi and Chen, 2021). Firstly, H. pylori infection can lead to chronic inflammation of the stomach lining and abnormal secretion of gastric acid, which can affect the digestion of food and absorption of nutrients, which in turn affects metabolism and insulin secretion (Pachathundikandi et al., 2023; Yu et al., 2023). Secondly, H. pylori infection can also affect the internal environment of the gastrointestinal tract and promote chronic low-grade inflammation, thereby inducing an inflammatory and immune response in the body, which further affects insulin sensitivity (Azami et al., 2021). In addition, H. pylori directly damage pancreatic beta cells and interfere with insulin synthesis and secretion, ultimately leading to the development of T2DM (So et al., 2009). Some studies have also found that H. pylori infection is closely associated with conditions such as obesity and metabolic syndrome, which are also risk factors for T2DM (Lim et al., 2019). Therefore, H. pylori infection may influence the development and progression of T2DM through multiple pathways. In conclusion, intestinal microorganisms such as Lactobacillus and Helicobacter pylori are closely associated with T2DM, and these microorganisms may be involved in physiological processes such as insulin resistance, blood glucose regulation and inflammatory responses through a variety of pathways; therefore, by studying changes in the species and numbers of intestinal flora in T2DM, new therapeutic targets may be identified.

Through PICRUSt2, we have established a mapping between flora and function. The experimental results show that the arginine biosynthesis pathway and the tricarboxylic acid cycle pathway are closely linked to T2DM.

Arginine is a very important amino acid in the body, and studies have shown that the arginine biosynthesis pathway is closely linked to type 2 diabetes. Arginine-stimulated insulin secretion provides a clinical measure of beta cell functional mass and secretory capacity (Hannon et al., 2018). Arginine supplementation improves insulin sensitivity in healthy people, obese people, type 2 diabetes and coronary artery disease. Insufficient insulin secretion and/or utilisation is a major cause of T2DM and the insulin signalling pathway is the main pathway by which insulin acts on target cells to produce biological effects, with the insulin receptor (InsR) and the insulin-like growth factor receptor (IGF-1R) being important components of the insulin signalling pathway. improve vascular function and is associated with reduced Nox4-dependent oxygen radical production by upregulating the IRS-1/AKT/NOS/NO signalling pathway (Federici et al., 2004). Second, Arginine also plays an important role in the inflammatory response and oxidative stress, which are among the most important factors in the development and progression of T2DM. Arginine can reduce the release and expression of inflammatory factors by inhibiting the activation of the NF-κB pathway, a transcription factor that regulates the expression of a variety of inflammatory factors, including IL-6 and TNF-α, to reduce leukocyte infiltration and tissue damage (Liang et al., 2022), thereby ameliorating insulin resistance and abnormal glucose metabolism. In addition, arginine can promote the synthesis and activity of antioxidants such as SOD and inhibit the production and accumulation of ROS, thereby protecting cells from oxidative stress (Ginovyan et al., 2023). In addition, arginine can regulate glucolipid metabolism in diabetic rats, increase insulin sensitivity, improve insulin resistance, reduce plasma lipid levels and increase the body’s antioxidant capacity to reduce the metabolic diseases caused by type 2 diabetes (Kurek et al., 2022). In conclusion, arginine plays an important role in insulin secretion, inflammatory response and oxidative stress and genes in the arginine synthesis pathway may be closely associated with the development and progression of T2DM. Therefore, arginine synthesis and metabolism may become an important target in the treatment of T2DM.

The tricarboxylic acid (TCA) cycle is an important intracellular metabolic pathway involved in cellular energy metabolism and biosynthetic reactions. T2DM is a metabolic disease whose onset and progression are associated with multiple metabolic abnormalities. A number of studies have suggested a possible link between the TCA cycle and T2DM. Firstly, the TCA cycle is one of the main pathways for the production of ATP. Succinate dehydrogenase (SDH) is one of five mitochondrial complexes involved in the electron transport chain and also plays a role in the tricarboxylic acid (TCA) cycle by catalysing the oxidation of succinate to fumarate, suggesting that SDH deficiency is a pathogenic driver of β-cell metabolic dysregulation and mitochondrial dysfunction (Lee et al., 2022). Another study showed that inhibition of SDH significantly impairs the efficiency of glucose-hyperpolarised beta-cell mitochondria and that the resulting reduction in ATP synthesis disrupts the SSC, thereby reducing the insulin beta-cell stimulation-secretion coupling (SSC) (Edalat et al., 2015). Secondly, in people with diabetes, there is insulin resistance, which means that the effects of insulin on tissues are reduced, making it difficult for cells to use glucose efficiently, which can lead to a reduction in intracellular ATP production and thus affect normal metabolic and biosynthetic reactions. In addition, oxidative stress and inflammatory responses play an important role in the development and progression of T2DM. There are several key enzymes and mediators in the tricarboxylic acid cycle pathway that are closely related to oxidative stress and inflammatory responses (He et al., 2023; Liu et al., 2023). In conclusion, there is a strong relationship between the tricarboxylic acid cycle and T2DM. The tricarboxylic acid cycle is involved in various physiological and pathological processes, such as energy metabolism, metabolic function, oxidative stress and inflammatory response, and plays an important role in the onset and development of T2DM. Therefore, further research and exploration of the relationship between the tricarboxylic acid cycle and T2DM is of great importance in elucidating the mechanisms of T2DM pathogenesis and exploring new therapeutic targets.

In this study, urinary metabolites of mice were detected by UPLC-Q-TOF-MS, and the results showed that there were differences in urinary metabolites in type 2 diabetic mice compared with untreated mice. 31 differential markers were identified by OPLS-DA to further investigate the differential metabolites between the two groups, which may be related to the glycerophospholipid pathway and the arachidonic acid pathway.

A total of 31 differential metabolites were analysed and, in addition to amino acids, we found that levels of the hormones dopamine and estradiol were significantly reduced in type 2 diabetic mice. Dopamine is a neurotransmitter secreted by the hypothalamus, is commonly used to treat neurological conditions such as Parkinson’s disease, but previous studies have shown a link between dopamine levels and type 2 diabetes (Lopez Vicchi et al., 2016). A study shows that the antipsychotic dopamine 2 receptor antagonist diphenylbutylpiperidine improves blood glucose in experimental obesity by inhibiting succinyl coenzyme A:3-ketoacyl coenzyme A transferase (Tabatabaei Dakhili et al., 2023). Another study showed that dopamine acts directly on insulin-sensitive tissues via several receptors to regulate glucose uptake and insulin receptor phosphorylation and to regulate metabolic functions, adenosine monophosphate kinase (AMPK) phosphorylation in liver, adipose tissue and skeletal muscle, and lipid metabolism-related proteins in adipose tissue (Tavares et al., 2021). In addition, we detected a decrease in estradiol levels in the urinary metabolites of type 2 diabetic mice. Estradiol is a steroid hormone secreted by the gonadal organs. Studies have shown that lipocalin and insulin resistance form a vicious circle that exacerbates type 2 diabetes, and that modulation of estrogen receptors by diet or pharmacological intervention can improve lipocalin resistance and thus insulin resistance in type 2 diabetes (Chattopadhyay et al., 2022). Sex hormone-binding globulin prevents insulin resistance to endoplasmic reticulum stress in hepatocytes, reducing type 2 diabetes and counteracting the development of obesity caused by high-fat diets, and sex hormone-binding globulin improves insulin sensitivity by stimulating hepatocytes (Bourebaba et al., 2022).

Disturbances in glycerophospholipid (GPL) metabolism may play a role in the pathogenesis of T2DM. Studies have shown that changes in the levels of GPLs are associated with insulin resistance and T2DM (Lu et al., 2016). Gro3P phosphatase was found to regulate glycolysis and glucose oxidation, cellular redox and ATP production, gluconeogenesis, glycerolipid synthesis and fatty acid oxidation in pancreatic β-cells and hepatocytes through the control of glycerol-3-phosphate (Gro3P) levels, and glucose stimulates insulin secretion and the response to β-cell metabolic stress (Mugabo et al., 2016). In addition, inflammation and oxidative stress are thought to be important in the pathogenesis of T2DM, and studies have shown that lysophosphatidylinositol (LPI) induces cells to secrete IL-6 and TNF-α, leading to an inflammatory response in the body (Kurano et al., 2021). Another study showed that sphingosine 1-phosphate (S1P) is an important lipid molecule and that S1P reduces mitochondrial ROS production, leading to upregulation of insulin signalling and glucose uptake in insulin-induced IR (Fang et al., 2020). Furthermore, dysregulation of key enzymes involved in GPL synthesis and degradation, such as phosphocholine cytidylyltransferase (CCT) and phospholipase A2 has been associated with insulin resistance and T2DM (Sakai et al., 2014; Kuefner, 2021; Siddiqui et al., 2022). Meanwhile, triglyceride levels are also higher in diabetics, which may be related to the GPL pathway. In addition, the GPL pathway may also influence insulin resistance and insulin secretion by regulating fatty acid synthesis and metabolism, thereby affecting the regulation of blood glucose levels (Lee and Ridgway, 2020).

Arachidonic acid (AA) is a 20-carbon polyunsaturated fatty acid found in phospholipids in the plasma membrane. The three main pathways of AA metabolism are mediated by cyclooxygenase enzymes, lipoxygenase enzymes and cytochrome P450 enzymes. Studies have shown that abnormalities in arachidonic acid metabolism may be associated with the development and progression of type 2 diabetes. Firstly, abnormal arachidonic acid metabolism may lead to insulin resistance (Mak et al., 2020; Isse et al., 2022). Study has shown that arachidonic acid and its metabolites affect the function and amount of insulin secreted by pancreatic beta cells (Bosma et al., 2022). Secondly, AA metabolic abnormalities may also be related to inflammation and abnormal insulin secretion (Rengachar et al., 2022). PGE2 plays an important regulatory role in insulin secretion, and its decreased level may lead to abnormal insulin secretion and elevated blood glucose levels (Wang et al., 2022). Arachidonic acid (AA)-rich ARASCO oil reduces hyperglycaemia, restores insulin sensitivity, inhibits inflammation, increases plasma lipoxin A4 levels and restores the altered antioxidant status of HFD + STZ-induced diabetic animals to near normal (Gundala and Das, 2019; Zhong et al., 2022).

Finally, the relationship between gut flora species and urinary metabolites in type 2 diabetic mice was investigated using Pearman correlation analysis, with the aim of integrating the changes in gut flora and urinary metabolites in T2DM, analysing the possible mechanisms of T2DM and providing new ideas for clinical drug development. The results showed that there were significant correlations between Klebsiella, Clostridium and Lachnospira and uridine, sphingosine-1-phosphate, S-acetylhydantoin-E, estradiol and dopamine. We therefore propose the hypothalamic-pituitary-gonadal axis microbes as a new mechanism for the treatment of type 2 diabetes. Both clinical studies and basic research have shown that type 2 diabetes leads to dysfunction of the hypothalamic-pituitary-gonadal axis, which affects hormone secretion and causes histological damage to the testes (George et al., 2010; Barsiah et al., 2019; Dudek et al., 2019). Tenofovir disoproxil fumarate-loaded silver nanoparticles have been shown to restore hypothalamic-pituitary-gonadal axis function, normalise hormonal profiles and improve testicular function and structure to alleviate reproductive dysfunction in diabetic rats (Olojede et al., 2022). Evidence that the variety and diversity of the gut flora is regulated by oestrogen (Acharya et al., 2023; Song et al., 2023). Whereas changes in the type and number of intestinal flora are present in both type 2 diabetics and animals, and the application of probiotics to regulate intestinal flora is also a means of treating type 2 diabetes, therefore, we propose pituitary gonadal axis-microbes as a new strategy for the direction of type 2 diabetes. However, Urinary dopamine cannot be considered as the marker of hypothalamic dopamine production. Dopamine is produced by many neurons in the CNS and is quickly metabolized. In addition, dopamine is produced by peripheral tissues including the kidney. All in all a large number of experiments will be needed at a later stage to validate this part.

In conclusion, by establishing a type 2 diabetic mouse model and studying changes in its gut flora and urinary metabolites, our experimental results showed that the type and number of gut flora were altered in type 2 diabetic mice, with significantly lower levels of beneficial bacteria such as lactobacilli and significantly higher levels of harmful bacteria such as Helicobacter pylori. At the metabolic level, 31 different metabolites were examined, with significantly lower levels of estradiol and dopamine, which may be related to the glycerophospholipid and arachidonic acid pathways. Pearman correlation analysis showed a strong correlation between dopamine and gonadal, estradiol and gut microbiota, may be a novel direction underlying T2DM, the aim is to provide new ideas for clinical treatment and basic research.




5 Limitations

Although we have elucidated the changes in the structure and quantity of gut flora and urinary metabolites in type 2 diabetic mice, we have not shown through experimental or clinical studies how gut flora and urinary metabolites regulate T2DM, which is one of the elements that needs to be further investigated in the future. Secondly, there are many changes in gut flora and urinary metabolites in type 2 diabetic mice, and we have only focused on a few that are significantly different. It is possible that others are also important target mechanisms that affect T2DM, and more analysis and research is needed to complement the possible targets of T2DM in order to provide a more adequate basic experimental basis for the clinical development and application of drugs to treat T2DM. Finally, although we have proposed the pituitary gonadal axis-microbes as a new strategy for the direction of T2DM, we have not tested this hypothesis and subsequent experiments are needed to verify this part.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The animal study was reviewed and approved by the Medical Ethics Committee of Tianjin University of Traditional Chinese Medicine.





Author contributions

ZS: Conceived and designed the experiments; Performed the experiments; Analyzed and interpreted the data; Wrote the paper. AY: Conceived and designed the experiments; Performed the experiments; Wrote the paper. ZG: Performed the experiments; Analyzed and interpreted the data. YZ: Performed the experiments; Analyzed and interpreted the data. TW: Performed the experiments; Analyzed and interpreted the data. ZL: Performed the experiments; Analyzed and interpreted the data. ZY: Analyzed and interpreted the data; Wrote the paper. RC: Performed the experiments; Analyzed and interpreted the data; YW: Conceived and designed the experiments; Contributed reagents, materials, analysis tools or data; Wrote the paper. All authors contributed to the article and approved the submitted version.





Funding

This work was supported by the Graduate Research Innovation Project of Tianjin University of Traditional Chinese Medicine (Grant number: YJSKC-20212008), Graduate Research Innovation Project of Tianjin (Grant number: 2021YJSS179), and the “Inheritance and Innovation Team” of State Administration of Traditional Chinese Medicine on the prevention and treatment of cardiovascular diseases in traditional Chinese medicine (No. ZYYCXTD-C-202203).




Acknowledgments

We are grateful to all the professors, research assistants and equipment suppliers who have been of assistance to us in the completion of this study. Thanks to Lianchuan Biotech for providing the 16S rDNA sequencing technology for this experiment.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2023.1218326/full#supplementary-material





Abbreviations

AA, Arachidonic acid; AMPK, Adenosine monophosphate kinase; FBG, fasting blood glucose; H. Pylori, Helicobacter pylori; Gro3P, glycerol-3-phosphate; GPL, glycerophospholipid; OPLS-DA, orthogonal least squares analysis; SCFAs, short chain fatty acids; SDH, Succinate dehydrogenase; STZ, Streptozotocin, T2DM, Type 2 diabetes mellitus; TCA, The tricarboxylic acid; 2-AG, 2-arachidonoylglycerol.




References

 Acharya, K. D., Graham, M., Raman, H., Parakoyi, A. E. R., Corcoran, A., Belete, M., et al. (2023). Estradiol-mediated protection against high-fat diet induced anxiety and obesity is associated with changes in the gut microbiota in female mice. Sci. Rep. 13 (1), 4776. doi: 10.1038/s41598-023-31783-6

 Azami, M., Baradaran, H. R., Dehghanbanadaki, H., Kohnepoushi, P., Saed, L., Moradkhani, A., et al. (2021). Association of Helicobacter pylori infection with the risk of metabolic syndrome and insulin resistance: an updated systematic review and meta-analysis. Diabetol. Metab. Syndr. 13 (1), 145. doi: 10.1186/s13098-021-00765-x

 Bao, L., Zhang, Y., Zhang, G., Jiang, D., and Yan, D. (2023). Abnormal proliferation of gut mycobiota contributes to the aggravation of Type 2 diabetes. Commun. Biol. 6 (1), 226. doi: 10.1038/s42003-023-04591-x

 Barsiah, S., Behnam-Rassouli, M., Shahabipour, F., Rostami, S., Sabbaghi, M. A., Momeni, Z., et al. (2019). Evaluation of testis hormonal and histopathological alterations in type I and type II diabetic rats. J. Cell Biochem. 120 (10), 16775–16785. doi: 10.1002/jcb.28936

 Bosma, K. J., Kaiser, C. E., Kimple, M. E., and Gannon, M. (2022). Effects of arachidonic acid and its metabolites on functional beta-cell mass. Metabolites 12 (4), 342. doi: 10.3390/metabo12040342

 Bourebaba, N., Ngo, T., Śmieszek, A., Bourebaba, L., and Marycz, K. (2022). Sex hormone binding globulin as a potential drug candidate for liver-related metabolic disorders treatment. BioMed. Pharmacother. 153, 113261. doi: 10.1016/j.biopha.2022.113261

 Chattopadhyay, S., Joharapurkar, A., Das, N., Khatoon, S., Kushwaha, S., Gurjar, A. A., et al. (2022). Estradiol overcomes adiponectin-resistance in diabetic mice by regulating skeletal muscle adiponectin receptor 1 expression. Mol. Cell Endocrinol. 540, 111525. doi: 10.1016/j.mce.2021.111525

 Chen, Y., Shen, X., Ma, T., Yu, X., Kwok, L.Y., Li, Y., et al. (2023). Adjunctive probio-X treatment enhances the therapeutic effect of a conventional drug in managing type 2 diabetes mellitus by promoting short-chain fatty acid-producing bacteria and bile acid pathways. mSystems 8 (1), e0130022. doi: 10.1128/msystems.01300-22

 den Besten, G., Bleeker, A., Gerding, A., van Eunen, K., Havinga, R., van Dijk, T. H., et al. (2015). Short-chain fatty acids protect against high-fat diet-induced obesity via a PPARγ-dependent switch from lipogenesis to fat oxidation. Diabetes 64 (7), 2398–2408. doi: 10.2337/db14-1213

 Dixon, S. A., Mishra, S., Dietsche, K. B., Jain, S., Mabundo, L., Stagliano, M., et al. (2023). The effects of prebiotics on gastrointestinal side effects of metformin in youth: A pilot randomized control trial in youth-onset type 2 diabetes. Front. Endocrinol. (Lausanne). 14, 1125187. doi: 10.3389/fendo.2023.1125187

 Dudek, M., Ziarniak, K., Cateau, M. L., Dufourny, L., and Sliwowska, J. H. (2019). Diabetes type 2 and kisspeptin: central and peripheral sex-specific actions. Trends Endocrinol. Metab. 30 (11), 833–843. doi: 10.1016/j.tem.2019.07.002

 Edalat, A., Schulte-Mecklenbeck, P., Bauer, C., Undank, S., Krippeit-Drews, P., Drews, G., et al. (2015). Mitochondrial succinate dehydrogenase is involved in stimulus-secretion coupling and endogenous ROS formation in murine beta cells. Diabetologia 58 (7), 1532–1541. doi: 10.1007/s00125-015-3577-9

 Eliuz Tipici, B., Coskunpinar, E., Altunkanat, D., Cagatay, P., Omer, B., Palanduz, S., et al. (2023). Lactobacillus GG is associated with mucin genes expressions in type 2 diabetes mellitus: a randomized, placebo-controlled trial. Eur. J. Nutr. 62, 2155–2164. doi: 10.1007/s00394-023-03139-3

 Fang, H., Feng, Q., Shi, Y., Zhou, J., Wang, Q., and Zhong, L. (2020). Hepatic insulin resistance induced by mitochondrial oxidative stress can be ameliorated by sphingosine 1-phosphate. Mol. Cell Endocrinol. 501, 110660. doi: 10.1016/j.mce.2019.110660

 Federici, M., Pandolfi, A., De Filippis, E. A., Pellegrini, G., Menghini, R., Lauro, D., et al. (2004). G972R IRS-1 variant impairs insulin regulation of endothelial nitric oxide synthase in cultured human endothelial cells. Circulation 109 (3), 399–405. doi: 10.1161/01.CIR.0000109498.77895.6F

 George, J. T., Millar, R. P., and Anderson, R. A. (2010). Hypothesis: kisspeptin mediates male hypogonadism in obesity and type 2 diabetes. Neuroendocrinology 91 (4), 302–307. doi: 10.1159/000299767

 Giesbertz, P., and Daniel, H. (2016). Branched-chain amino acids as biomarkers in diabetes. Curr. Opin. Clin. Nutr. Metab. Care 19 (1), 48–54. doi: 10.1097/MCO.0000000000000235

 Ginovyan, M., Javrushyan, H., Petrosyan, G., Kusznierewicz, B., Koss-Mikołajczyk, I., Koziara, Z., et al. (2023). Anti-cancer effect of Rumex obtusifolius in combination with arginase/nitric oxide synthase inhibitors via downregulation of oxidative stress, inflammation, and polyamine synthesis. Int. J. Biochem. Cell Biol. 158, 106396. doi: 10.1016/j.biocel.2023.106396

 Gu, Y., Chen, H., Li, X., Li, D., Sun, Y., Yang, L., et al. (2023). Lactobacillus paracasei IMC 502 ameliorates type 2 diabetes by mediating gut microbiota-SCFA-hormone/inflammation pathway in mice. J. Sci. Food Agric. 103 (6), 2949–2959. doi: 10.1002/jsfa.12267

 Guan, R., Ma, N., Liu, G., Wu, Q., Su, S., Wang, J., et al. (2023). Ethanol extract of propolis regulates type 2 diabetes in mice via metabolism and gut microbiota. J. Ethnopharmacol. 310, 116385. doi: 10.1016/j.jep.2023.116385

 Gundala, N. K. V., and Das, U. N. (2019). Arachidonic acid-rich ARASCO oil has anti-inflammatory and antidiabetic actions against streptozotocin + high fat diet induced diabetes mellitus in Wistar rats. Nutrition 66, 203–218. doi: 10.1016/j.nut.2019.05.007

 Han, X., Li, Y., Wang, J., Liu, B., Hu, H., Li, X., et al. (2016). Helicobacter pylori infection is associated with type 2 diabetes among a middle- and old-age Chinese population. Diabetes Metab. Res. Rev. 32 (1), 95–101. doi: 10.1002/dmrr.2677

 Hannon, T. S., Kahn, S. E., Utzschneider, K. M., Buchanan, T. A., Nadeau, K. J., Zeitler, P. S., et al. (2018). Review of methods for measuring β-cell function: Design considerations from the Restoring Insulin Secretion (RISE) Consortium. Diabetes Obes. Metab. 20 (1), 14–24. doi: 10.1111/dom.13005

 He, S., Zhao, Y., Wang, G., Ke, Q., Wu, N., Lu, L., et al. (2023). 4-Octyl itaconate attenuates glycemic deterioration by regulating macrophage polarization in mouse models of type 1 diabetes. Mol. Med. 29 (1), 31. doi: 10.1186/s10020-023-00626-5

 Isse, F. A., El-Sherbeni, A. A., and El-Kadi, A. O. S. (2022). The multifaceted role of cytochrome P450-Derived arachidonic acid metabolites in diabetes and diabetic cardiomyopathy. Drug Metab. Rev. 54 (2), 141–160. doi: 10.1080/03602532.2022.2051045

 Jang, C., Oh, S. F., Wada, S., Rowe, G. C., Liu, L., Chan, M. C., et al. (2016). A branched-chain amino acid metabolite drives vascular fatty acid transport and causes insulin resistance. Nat. Med. 22 (4), 421–426. doi: 10.1038/nm.4057

 Kuefner, M. S. (2021). Secretory phospholipase A2s in insulin resistance and metabolism. Front. Endocrinol. (Lausanne). 12, 732726. doi: 10.3389/fendo.2021.732726

 Kurano, M., Kobayashi, T., Sakai, E., Tsukamoto, K., and Yatomi, Y. (2021). Lysophosphatidylinositol, especially albumin-bound form, induces inflammatory cytokines in macrophages. FASEB J. 35 (6), e21673. doi: 10.1096/fj.202100245R

 Kurek, J. M., Król, E., Staniek, H., and Krejpcio, Z. (2022). Steviol glycoside, L-arginine, and chromium(III) supplementation attenuates abnormalities in glucose metabolism in streptozotocin-induced mildly diabetic rats fed a high-fat diet. Pharm. (Basel). 15 (10), 1200. doi: 10.3390/ph15101200

 Lee, S., Xu, H., Van Vleck, A., Mawla, A. M., Li, A. M., Ye, J., et al. (2022). β-cell succinate dehydrogenase deficiency triggers metabolic dysfunction and insulinopenic diabetes. Diabetes 71 (7), 1439–1453. doi: 10.2337/db21-0834

 Lee, J., and Ridgway, N. D. (2020). Substrate channeling in the glycerol-3-phosphate pathway regulates the synthesis, storage and secretion of glycerolipids. Biochim. Biophys. Acta Mol. Cell Biol. Lipids 1865 (1), 158438. doi: 10.1016/j.bbalip.2019.03.010

 Li, J. S., Ji, T., Su, S. L., Zhu, Y., Chen, X. L., Shang, E. X., et al. (2022). Mulberry leaves ameliorate diabetes via regulating metabolic profiling and AGEs/RAGE and p38 MAPK/NF-κB pathway. J. Ethnopharmacol. 283, 114713. doi: 10.1016/j.jep.2021.114713

 Li, Y., Liu, Y., Liu, S., Gao, M., Wang, W., Chen, K., et al. (2023). Diabetic vascular diseases: molecular mechanisms and therapeutic strategies. Signal Transduct. Target. Ther. 8 (1), 152. doi: 10.1038/s41392-023-01400-z

 Li, J., Zhang, H., and Wang, G. (2020). Correlations between inflammatory response, oxidative stress, intestinal pathological damage and intestinal flora variation in rats with type 2 diabetes mellitus. Eur. Rev. Med. Pharmacol. Sci. 24 (19), 10162–10168.

 Liang, M., Wang, Z., Li, H., Liu, B., and Yang, L. (2022). l-Arginine prevents 4-hydroxy-2-nonenal accumulation and depresses inflammation via inhibiting NF-κB activation. J. Biochem. Mol. Toxicol. 36 (8), e23087. doi: 10.1002/jbt.23087

 Lim, S. H., Kim, N., Kwon, J. W., Kim, S. E., Baik, G. H., Lee, J. Y., et al. (2019). Positive association between helicobacter pylori infection and metabolic syndrome in a korean population: A multicenter nationwide study. Dig. Dis. Sci. 64 (8), 2219–2230. doi: 10.1007/s10620-019-05544-3

 Liu, L., Zhang, W., Liu, T., Tan, Y., Chen, C., Zhao, J., et al. (2023). The physiological metabolite α-ketoglutarate ameliorates osteoarthritis by regulating mitophagy and oxidative stress. Redox Biol. 62, 102663. doi: 10.1016/j.redox.2023.102663

 Lopez Vicchi, F., Luque, G.M., Brie, B., Nogueira, J.P., Garcia Tornadu, I., and Becu-Villalobos, D. (2016). Dopaminergic drugs in type 2 diabetes and glucose homeostasis. Pharmacol. Res. 109, 74–80. doi: 10.1016/j.phrs.2015.12.029

 Lu, Y., Wang, Y., Ong, C. N., Subramaniam, T., Choi, H. W., Yuan, J. M., et al. (2016). Metabolic signatures and risk of type 2 diabetes in a Chinese population: an untargeted metabolomics study using both LC-MS and GC-MS. Diabetologia 59 (11), 2349–2359. doi: 10.1007/s00125-016-4069-2

 Luo, P., Lednovich, K., Xu, K., Nnyamah, C., Layden, B.T., and Xu, P. (2022). Central and peripheral regulations mediated by short-chain fatty acids on energy homeostasis. Transl. Res. 248, 128–150. doi: 10.1016/j.trsl.2022.06.003

 Mak, I. L., Cohen, T. R., Vanstone, C. A., and Weiler, H. A. (2020). Arachidonic acid status negatively associates with forearm bone outcomes and glucose homeostasis in children with an overweight condition or obesity. Appl. Physiol. Nutr. Metab. 45 (2), 146–154. doi: 10.1139/apnm-2019-0046

 Mugabo, Y., Zhao, S., Seifried, A., Gezzar, S., Al-Mass, A., Zhang, D., et al. (2016). Identification of a mammalian glycerol-3-phosphate phosphatase: Role in metabolism and signaling in pancreatic β-cells and hepatocytes. Proc. Natl. Acad. Sci. U.S.A. 113 (4), E430–E439. doi: 10.1073/pnas.1514375113

 Olojede, S. O., Lawal, S. K., Faborode, O. S., Dare, A., Aladeyelu, O. S., Moodley, R., et al. (2022). Testicular ultrastructure and hormonal changes following administration of tenofovir disoproxil fumarate-loaded silver nanoparticle in type-2 diabetic rats. Sci. Rep. 12 (1), 9633. doi: 10.1038/s41598-022-13321-y

 Pachathundikandi, S. K., Tegtmeyer, N., and Backert, S. (2023). Masking of typical TLR4 and TLR5 ligands modulates inflammation and resolution by Helicobacter pylori. Trends Microbiol. doi: 10.1016/j.tim.2023.03.009

 Paul, P., Kaul, R., Harfouche, M., Arabi, M., Al-Najjar, Y., Sarkar, A., et al. (2022). The effect of microbiome-modulating probiotics, prebiotics and synbiotics on glucose homeostasis in type 2 diabetes: A systematic review, meta-analysis, and meta-regression of clinical trials. Pharmacol. Res. 185, 106520. doi: 10.1016/j.phrs.2022.106520

 Polidori, I., Marullo, L., Ialongo, C., Tomassetti, F., Colombo, R., di Gaudio, F., et al. (2022). Characterization of gut microbiota composition in type 2 diabetes patients: A population-based study. Int. J. Environ. Res. Public Health 19 (23), 15913. doi: 10.3390/ijerph192315913

 Rengachar, P., Polavarapu, S., and Das, U. N. (2022). Insights in diabetes: Molecular mechanisms-Protectin DX, an anti-inflammatory and a stimulator of inflammation resolution metabolite of docosahexaenoic acid, protects against the development of streptozotocin-induced type 1 and type 2 diabetes mellitus in male Swiss albino mice. Front. Endocrinol. (Lausanne). 13, 1053879. doi: 10.3389/fendo.2022.1053879

 Sakai, H., Kado, S., Taketomi, A., and Sakane, F. (2014). Diacylglycerol kinase δ phosphorylates phosphatidylcholine-specific phospholipase C-dependent, palmitic acid-containing diacylglycerol species in response to high glucose levels. J. Biol. Chem. 289 (38), 26607–26617. doi: 10.1074/jbc.M114.590950

 Shi, Z. G., and Chen, L. H. (2021). Clinical therapeutic effects of eradication of Helicobacter pylori in treating patients with type 2 diabetes mellitus: A protocol for systematic review and meta-analysis. Med. (Baltimore). 100 (27), e26418. doi: 10.1097/MD.0000000000026418

 Shi, Y., Duan, J. Y., Liu, D. W., Qiao, Y. J., Han, Q. X., Pan, S. K., et al. (2018). Helicobacter pylori infection is associated with occurrence of proteinuria in type 2 diabetes patients: A systemic review and meta-analysis. Chin. Med. J. (Engl). 131 (22), 2734–2740. doi: 10.4103/0366-6999.245269

 Siddiqui, M. K., Smith, G., St Jean, P., Dawed, A. Y., Bell, S., Soto-Pedre, E., et al. (2022). Diabetes status modifies the long-term effect of lipoprotein-associated phospholipase A2 on major coronary events. Diabetologia 65 (1), 101–112. doi: 10.1007/s00125-021-05574-5

 So, W. Y., Tong, P. C., Ko, G. T., Ma, R. C., Ozaki, R., Kong, A. P., et al. (2009). Low plasma adiponectin level, white blood cell count and Helicobacter pylori titre independently predict abnormal pancreatic beta-cell function. Diabetes Res. Clin. Pract. 86 (2), 89–95. doi: 10.1016/j.diabres.2009.08.010

 Song, C. H., Kim, N., Nam, R. H., Choi, S. I., Jang, J. Y., Choi, J., et al. (2023). Anti-PD-L1 Antibody and/or 17β-estradiol Treatment Induces Changes in The Gut microbiome in MC38 Colon Tumor Model. Cancer Res. Treat. 55 (3), 894–909. doi: 10.4143/crt.2022.1427

 Tabatabaei Dakhili, S. A., Greenwell, A. A., Yang, K., Abou Farraj, R., Saed, C. T., Gopal, K., et al. (2023). The antipsychotic dopamine 2 receptor antagonist diphenylbutylpiperidines improve glycemia in experimental obesity by inhibiting succinyl-CoA:3-ketoacid CoA transferase. Diabetes 72 (1), 126–134. doi: 10.2337/db22-0221

 Tang, C., Zhao, H., Kong, L., Meng, F., Zhou, L., Lu, Z., et al. (2023). Probiotic yogurt alleviates high-fat diet-induced lipid accumulation and insulin resistance in mice via the adiponectin pathway. J. Agric. Food Chem. 71 (3), 1464–1476. doi: 10.1021/acs.jafc.2c05670

 Tavares, G., Martins, F. O., Melo, B. F., Matafome, P., and Conde, S. V. (2021). Peripheral dopamine directly acts on insulin-sensitive tissues to regulate insulin signaling and metabolic function. Front. Pharmacol. 12, 713418. doi: 10.3389/fphar.2021.713418

 Tawulie, D., Jin, L., Shang, X., Li, Y., Sun, L., Xie, H., et al. (2023). Jiang-Tang-San-Huang pill alleviates type 2 diabetes mellitus through modulating the gut microbiota and bile acids metabolism. Phytomedicine 113, 154733. doi: 10.1016/j.phymed.2023.154733

 The, L. (2023). Diabetes: a defining disease of the 21st century. Lancet 401 (10394), 2087. doi: 10.1016/s0140-6736(23)01296-5

 Ussher, J. R., and Drucker, D. J. (2023). Glucagon-like peptide 1 receptor agonists: cardiovascular benefits and mechanisms of action. Nat. Rev. Cardiol. 20, 463–474 doi: 10.1038/s41569-023-00849-3

 Wang, H., Teng, Y., Li, S., Li, Y., Li, H., Jiao, L., et al. (2021). UHPLC-MS-based serum and urine metabolomics reveals the anti-diabetic mechanism of ginsenoside re in type 2 diabetic rats. Molecules 26 (21), 6657. doi: 10.3390/molecules26216657

 Wang, C., Zhang, X., Luo, L., Luo, Y., Yang, X., Ding, X., et al. (2022). Adipocyte-derived PGE2 is required for intermittent fasting-induced Treg proliferation and improvement of insulin sensitivity. JCI Insight 7 (5), e153755. doi: 10.1172/jci.insight.153755

 Wang, Y., Wang, X., Xiao, X., Yu, S., Huang, W., Rao, B., et al. (2023). A single strain of lactobacillus (CGMCC 21661) exhibits stable glucose- and lipid-lowering effects by regulating gut microbiota. Nutrients 15 (3), 670. doi: 10.3390/nu15030670

 Yan, F., Li, N., Shi, J., Li, H., Yue, Y., Jiao, W., et al. (2019). Lactobacillus acidophilus alleviates type 2 diabetes by regulating hepatic glucose, lipid metabolism and gut microbiota in mice. Food Funct. 10 (9), 5804–5815. doi: 10.1039/C9FO01062A

 Yu, Z., Cao, M., Peng, J., Wu, D., Li, S., Wu, C., et al. (2023). Lacticaseibacillus casei T1 attenuates Helicobacter pylori-induced inflammation and gut microbiota disorders in mice. BMC Microbiol. 23 (1), 39. doi: 10.1186/s12866-023-02782-4

 Zhang, N., Geng, F., Hu, Z. H., Liu, B., Wang, Y. Q., Liu, J. C., et al. (2016). Preliminary study of urine metabolism in type two diabetic patients based on GC-MS. Am. J. Transl. Res. 8 (7), 2889–2896.

 Zhao, X. Q., Guo, S., Lu, Y. Y., Hua, Y., Zhang, F., Yan, H., et al. (2020). Lycium barbarum L. leaves ameliorate type 2 diabetes in rats by modulating metabolic profiles and gut microbiota composition. BioMed. Pharmacother. 121, 109559. doi: 10.1016/j.biopha.2019.109559

 Zhong, D., Wan, Z., Cai, J., Quan, L., Zhang, R., Teng, T., et al. (2022). mPGES-2 blockade antagonizes β-cell senescence to ameliorate diabetes by acting on NR4A1. Nat. Metab. 4 (2), 269–283. doi: 10.1038/s42255-022-00536-6

 Zhou, J., Wang, X., Liu, K., and Chen, K. (2022). Association between Helicobacter pylori infection and the risk of type 2 diabetes mellitus based on a middle-aged and elderly Chinese population. Endocr. J. 69 (7), 839–846. doi: 10.1507/endocrj.EJ21-0591




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Song, Yan, Guo, Zhang, Wen, Li, Yang, Chen and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-13-1218326-g006.jpg
0.5

|05

0

2,3,4,5-Tetrahydro-2-pyridinecarboxylic acid

Nicotinic acid
PC(22:1(132)/P-18:0)
Raffinose
Ureidopropionic acid
Farnesylcysteine
Leukotriene A4
5,10-Methylene-THF
CDP-ethanolamine
5'-Methylthioadenosine
Dopamine

Estradiol
S-Acetyldihydrolipoamide-E
Sphinganine 1-phosphate

“| gamma-Glutamylcysteine
Uridine

paljissejoun” sajnojuli
elsuewWIY
¥10-DDN oesoes0000UIWNY

- sioui0
enne|g
dnoib 9g VPN eeeoeiidsouyoe]
IWQI wnipuisoIuiuny

I l eljelBiequesig

I 6 wnipujsojoluiwny

seuouwiunsau|
paljissejoun” aeaoe|noequUnip
e[|alueounQ

sedisily
| wnjnoequnpy
e||oblys-elyouayos3
seploisioeqg
paljissejoun” eeaoelidsouyoe]
paljisseloun” safelpuisolD
B||9SSIaM
ej|aIsgs|y
wnipuisoip
J810eqodl|eH
olginolnsaq
J810eq|||iosO
wnjuidsioniy
dnoif sausbijourisoidoo [wnusloegny
el|e1sogng
sn||1oeqoioe]
e||810A8.do||y
wnjnoequnweled

Correlation Heatmap

*
*





OEBPS/Images/fcimb-13-1218326-g003.jpg
MDS2

0.25

0.00

-0.25

-0.50

NMDS Analysis

=0.09

0.3 0.0

MDS1

03

Group

PCA2 (18.3%)

107

05+

PCA Analysis

R=0.7259
P=0.002

0.2 04
PCA1 (33.9%)

Genus

Samples

o

PCoA2

PCoA1

Akkermansia [ ]
Muribaculaceae_unclassified | |
Lactobacillus

Helicobacter | ]
Muribaculum

Ruminococcaceae_UCG-014 | |
Lachnospiraceae_NK4A136_group
Lachnospiraceae_unclassified | ]
Clostridiales_unclassified

Bacteroides |}
Ruminiclostridium_9 | |
Bilophila il
Dubosiella |}
Eubacterium]_coprostanoligenes_group [l
Intestinimonas | ]}
Desulfovibrio

Weissella

Blautia
Escherichia-Shigella
Alstipes
Ruminiciostridium
Mucispiilum
Kiebsiela
Clostridium
Firmicutes_unclassified
Eisenbergiella
Oscillbacter
Paramuribaculum
Duncaniella
Alloprevotella
Others





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Targeting metabolic pathways: a novel therapeutic direction for type 2 diabetes

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Animals

          



          		

            2.2 Experiment protocol

          



          		

            2.3 The method of testing fasting blood sugar

          



          		

            2.4 Analysis of gut microbiota

          

            		

              2.4.1 DNA extractions

            



            		

              2.4.2 PCR amplification and 16S rDNA sequencing

            



            		

              2.4.3 Data analysis

            



          



          



          		

            2.5 Urine metabolomic analysis

          

            		

              2.5.1 Urine sample preparation

            



            		

              2.5.2 Chromatographic and mass spectrometric conditions

            



            		

              2.5.3 Methodological study

            



            		

              2.5.4 Metabolomics data processing and analysis

            



          



          



          		

            2.6 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Reproduction of the T2DM model

          



          		

            3.2 Changes in the gut microbiome of type 2 diabetic mice

          

            		

              3.2.1 T2DM affected the community diversity and richness of the gut microbiome

            



            		

              3.2.2 T2DM changed the gut microbiome composition

            



            		

              3.2.3 Function prediction of predominant taxa

            



          



          



          		

            3.3 T2DM altered the urine metabolome

          



          		

            3.4 Correlations between the gut microbiota and metabolites in the T2DM mouse model

          



        



        



        		

          4 Discussion

        



        		

          5 Limitations

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fcimb-13-1218326-g007.jpg
Hypothalamus-pituitary

.Ces.lngutcro iofa. stmq | andsp.ecl.esmIZDM .

N .-

°
°

\ Rummlclostnqlumt.

A\ S Rn.mumcoccaceae b Y





OEBPS/Images/fcimb-13-1218326-g001.jpg
FBG mmol/L

20

15

10

-4~ ND+p
2 HFD+STZ

Control Model

o

FINS ng/ml

Blood glucose(mmoliL)

ND+ip HFD+STZ

Control Model





OEBPS/Images/fcimb-13-1218326-g005.jpg
T20M PCA-X v T2DM PLS-DA [ 3 T2DM OPLS-DA | 3
e - [
2000 e . 1
- 4000 -~ ~
100 1500- )
100 2000/
500 3 /
g o | o
500
1000 - °
50 1500 o L °
. -2000 —
e f—— - -2500 - -6000 -

TonazL
2onaz
sowaz
vonazL
sowazL

sonazL

1owazL

sowazL

conaas|

oronazL

™NazL

annazL

enwazL

wnazL

‘Sphinganine 1-phos

|| Leukoviene A °
COP-ethanolamine
Ureidopropionic ac
uridine 2
Famesylcysieine
2345 Tevanydro
PC@21(13ZYP-18:
5.10-Methylene-THE
Oopamine
gamma-Glutamylcyst
S-Acetyldihydrolip
Esadiol
5-Methylthioadeno

BIWazL

ennazL
ownazL

-log10(p)

08

14

12

10

06

04

02

8000 6000 4000 2000 0O

1.00306 * 1)

2000 4000 6000

® . .
(]
[ ]
& @
TR
O 1
0.00 0.05 0.10 015 0.20

Pathway Impact





OEBPS/Images/logo.jpg
’ frontiers ’ Frontiers in Cellular and Infection Microbiology





OEBPS/Images/fcimb-13-1218326-g008.jpg
Establishment of a mouse model of type 2 diabetes mellitus

l —

Urine metabolites

T20MOmS oA e i

5
Growp
o
-

Poaisy g o s . ] o (i, PP





OEBPS/Images/fcimb-13-1218326-g002.jpg
shannon

chao1 B
0.91
Group
BC
BM 0.8
v 0.71
o N
c simpson
0.30
0.28+
0.261
0.24

Group

B C
B M

Group

B C
B M





OEBPS/Images/table1.jpg
Molecular Addition m/z measured m/z theoretical Error Multiplier

formula method value value (ppm)

1 10804 | Raffinose CisHiOi6 M+Na 527.1607 527.1588 3604227037 | 1 0327312219 870175E-05 | 143079
2 20118 | 46-Dihydroxyquinoline CH,NO, M+H 1620534 162.0555 1295852347 | | 0300581449 | 958041E-05 13803

3 26887 | Metanephrine CiHisNO, MiNa 2200915 220095 1590222404 1 0288269316 0.000251555 | 1.19564
4 269 Dopamine C8HIINO2 M+Na 1760689 1760687 11359204 0328582593 | 0001235019 119564
5 27066 O-Phosphoethanolamine CHNOP Mi#Na 164012 164.0089 1890141328 |** 0287697576 1.56862E-06 | 1.19564
6 31816 | Cyidine CoHNSO5 M+H 2440873 2440933 2458076481 | 0534099826 | 0.004046534 119564
7 33667 | Octanoylglicuronide CuiHz05 MK 359.1156 359.1108 1336634821 1™ 0372185305 0000444233 | 119564
il 33753 | Pantetheine 4-phosphate \HosN,0,PS. M+Na 3810955 3810861 2466634181 1™ 0520434545 | 0003072497 | 119564
9 373 Leukotriene A4 CaoHio03 M+H 3192281 319.2273 2506051331 1" 0324647124 0.001654816 | 1.19564
10 43484 gamma-Glutamyleysteine CaHiN:08 M+Na 2730512 2730521 3296074266 | 1" 2257294949 00130067 | 119564
n 46063 | Famesyleysteine sHyNOS M+Na 3481961 3481973 3446321956 | 0.199929665  0.000502727 | 1.19564
12 55635 | 9-cis-Retinoic acid CaoHasO; M+K 339.1803 3391726 2270230555 | 1** 0102533232 0000153634 | 118702
13 5745 Phosphoserine CHNOGP M+H 1860132 1860167 1881551495 | 040818244 0001002379 118702
14 57472 CDP-ethanolamine \HaN,O, Py M+K 4850283 4850241 8659363524 | | 015066153 0001893775 | 118702
15 58819 5-Methoxyindoleacetate CiHiNOy M+H 2060764 2060817 2571795555 | 1 0228559091 0.000677246 | 118702
16 58851 | Nicotinic acid CeHsNO; M+Na 146.0207 146.0218 7533121767 | 1 030034945 0.000861819 | 118702
17 64349 | Estradiol CisHa0; M+H 2731836 2731855 6954981139 | | 0452411887 0003926428 | 1.00002
18 65119 Dihydrofolic acid CioHaiN;05 M+H 444.1697 444.1632 14.63426056 1" 0226021474 0.000465617 | 1.00002
19 66847 | 5,10-Methylene-THF CaoHaaN;0 M+H 4581813 458.1788 5456385149 | 1" 0165682053 0001945198 | 1.00002
20 7.094 Ureidopropionic acid CiHN,0y MiNa 1550418 155.0433 9.674716676 | 1** 0536622723 0.00011681 | 100002
21 7.2737 | Tetrahydrodeoxycorticosterone CaiHy03 MK 3731602 3732145 1454927394 | 0166738211 0003191079 | 1.00002
2 73072 S-Acetyldihydrolipoamide-E CioHisNO3S: MK 2880513 288.0494 659609081 | 0434940186 0001089562 | 1.00002
23 73133 4-Trimethylammoniobutanoic acid ~ C;H,sNO, M+H 146.1151 146.1181 2053133732 | 1 0.183213763  185068E-05 | 1.00002
2 7318 Uridine CoHiNAOg M+H 2450736 2450744 3264314837 I 0240720577 | 496219E-06 100002
25 79493 2345 Tetrahydro-2- CeHsNO, M+Na 1500525 1500531 -3.998584501 | | 0361945089 | 731985E-05 100002

pyridinecarboxylic acid
26 7.967 2-Oxoarginine CeHUNAO, M+H 17409 1740879 1206287169 1™ 0231969556 | 0.000243991 100002
27 82091 | 3-Hydroxy N6N6N6-trimethylL-  CsH, N0, M+Na 227.1438 228.145 4388437178 1 0191678219 | 0002720685 100002
Iysine

28 102327 | 5-Methylthioadenosine H NS08 M+H 298.0961 298.0974 -4360990737 1 0283002531 0.000276381 140139
29 103631 | Carbamoyl phosphate CH,NOsP M+H 141.9877 1419905 1971962913 1 0531233198 | 0003446439 140139
30 107896 | PC(22:1(13Z)/P-180) CugHyNOP MiNa 850.6664 850,666 0235109736 1" 0446311894 | 0017805383 140139

31 12156 | Sphinganine 1-phosphate CygHyNOSP M+H 3822754 3822722 8370998467 1* 0392632102 001545641 1.3803





OEBPS/Images/fcimb.2023.1218326_cover.jpg
& frontiers | Frontiers in Cellular and Infection Microbiology

Targeting metabolic pathways: a novel
therapeutic direction for type 2 diabetes





OEBPS/Images/fcimb-13-1218326-g004.jpg
Control
Model

Description

adenosylcobalamin salvage from cobinamide Il
adenosylcobalamin biosynthesis from cobyrinate a,c-diamide |
guanosine deoxyribonucleotides de novo biosynthesis Il
adenosine deoxyribonucleotides de novo biosynthesis Il
superpathway of hexitol degradation (bacteria)

glycine betaine degradation |

L-lysine biosynthesis llI

sulfate reduction | (assimilatory)

superpathway of sulfate assimilation and cysteine biosynthesis
adenosylcobalamin salvage from cobinamide |
5-aminoimidazole ribonucleotide biosynthesis |
L-arginine biosynthesis IV (archaebacteria)

L-arginine biosynthesis | (via L-ornithine)

fatty acid elongation -- saturated

catechol degradation | (meta-cleavage pathway)
L-arginine biosynthesis Il (acetyl cycle)

tetrapyrrole biosynthesis Il (from glycine)

tetrapyrrole biosynthesis | (from glutamate)

allantoin degradation to glyoxylate lli

polyisoprenoid biosynthesis (E. coli)
S-adenosyl-L-methionine cycle |

pyruvate fermentation to acetone

superpathway of L-alanine biosynthesis
protocatechuate degradation | (meta-cleavage pathway)
NAD salvage pathway Il

TCA cycle VI (obligate autotrophs)

superpathway of UDP-glucose-derived O-antigen building blocks biosynthesis

polymyxin resistance
arginine, ornithine and proline interconversion

superpathway of polyamine biosynthesis Il

0.000 0.003 0.006 0.009

95% confidence intervals

0.0356841110278274
0.0352285267956554
0.0351767560868606
0.0351767560868606
0.0351370489698083
0.0346079331622131
0.0340229843481455
0.0324766010208105
0.0324128444880197
0.0321849000609974
0.030315204832314
0.0279869196551721
0.0270655352814112
0.0267415794185991
0.0262438800154531
0.0248152663687353
0.0239340779754239
0.0220060190678699
0.0187649524581946
0.0182485221596386
0.0167551984946387
0.0128741052158156
0.0127386364819954
0.0123889306479588
0.0119530433299202
0.0118039373607564
0.00795885611992953
0.00785786741241975
0.00627656744407719

1’111111"1!!|}|I|!11l1"!!

0.00396756308346333

-0.002 -0.001 0.000 0.001 0.002 0.003
Difference in mean proportions

Mean proportions

(1s91-1)anjea-d





