

[image: Potential Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population]
Potential Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population





ORIGINAL RESEARCH

published: 05 January 2022

doi: 10.3389/fendo.2021.745214

[image: image2]


Potential Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population


Meng Ren 1*, Diao zhu Lin 1, Zhi Peng Liu 2, Kan Sun 1, Chuan Wang 1, Guo juan Lao 1, Yan qun Fan 2, Xiao yi Wang 1, Jing Liu 1, Jie Du 2, Guo bin Zhu 2, Jia huan Wang 1 and Li Yan 1*


1 Department of Endocrinology, Sun Yat-Sen Memorial Hospital, Sun Yat-Sen University, Guangzhou, China, 2 Biotree-Shanghai, Focus Dream Park, Shanghai, China




Edited by: 

Shanhu Qiu, Southeast University, China

Reviewed by: 

Stefan Kabisch, Charité University Medicine Berlin, Germany

Mohd Ashraf Ganie, Sher-I-Kashmir Institute of Medical Sciences, India 

*Correspondence: 

Li Yan
 hfxyl@163.net 

Meng Ren
 renmeng80@139.com

Specialty section: 
 This article was submitted to Clinical Diabetes, a section of the journal Frontiers in Endocrinology


Received: 21 July 2021

Accepted: 13 December 2021

Published: 05 January 2022

Citation:
Ren M, Lin Dz, Liu ZP, Sun K, Wang C, Lao Gj, Fan Yq, Wang Xy, Liu J, Du J, Zhu Gb, Wang Jh and Yan L (2022) Potential Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population. Front. Endocrinol. 12:745214. doi: 10.3389/fendo.2021.745214




Background

Identifying the metabolite profile of individuals with prediabetes who turned to type 2 diabetes (T2D) may give novel insights into early T2D interception. The purpose of this study was to identify metabolic markers that predict the development of T2D from prediabetes in a Chinese population.



Methods

We used an untargeted metabolomics approach to investigate the associations between serum metabolites and risk of prediabetes who turned to overt T2D (n=153, mean follow up 5 years) in a Chinese population (REACTION study). Results were compared with matched controls who had prediabetes at baseline [age: 56 ± 7 years old, body mass index (BMI): 24.2 ± 2.8 kg/m2] and at a 5-year follow-up [age: 61 ± 7 years old, BMI: 24.5 ± 3.1 kg/m2]. Confounding factors were adjusted and the associations between metabolites and diabetes risk were evaluated with multivariate logistic regression analysis. A 10-fold cross-validation random forest classification (RFC) model was used to select the optimal metabolites panels for predicting the development of diabetes, and to internally validate the discriminatory capability of the selected metabolites beyond conventional clinical risk factors.



Findings

Metabolic alterations, including those associated with amino acid and lipid metabolism, were associated with an increased risk of prediabetes progressing to diabetes. The most important metabolites were inosine [odds ratio (OR) = 19.00; 95% confidence interval (CI): 4.23-85.37] and carvacrol (OR = 17.63; 95% CI: 4.98-62.34). Thirteen metabolites were found to improve T2D risk prediction beyond eight conventional T2D risk factors [area under the curve (AUC) was 0.98 for risk factors + metabolites vs 0.72 for risk factors, P < 0.05].



Interpretations

Use of the metabolites identified in this study may help determine patients with prediabetes who are at highest risk of progressing to diabetes.
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Introduction

Prediabetes is an intermediate metabolic state of hyperglycemia in which the serum glucose level is higher than normal, but lower than the diagnostic threshold for diabetes. Prediabetes can be considered a heterogeneous, subclinical form of diabetes. The prevalence of prediabetes has increased significantly in recent decades, and the estimated standardized prevalence of prediabetes has reached 35.7% in the Chinese adult population (1). Individuals with prediabetes have a higher risk of developing diabetes, and the lifetime conversion rate to T2D is as high as 74% (2). Given the availability of lifestyle interventions that are effective at preventing or delaying the onset of T2D, early identification of persons with prediabetes is important. A number of traditional markers are used to estimate the risk of T2D in normal individuals, such as fasting plasma glucose and glycated hemoglobin A1c (HbA1c) (3). However, most of these markers fail to capture the complexity of the etiology of prediabetes, and thus are limited with respect to detecting early metabolic abnormalities that may occur years or even decades before the onset/diagnosis of overt diabetes.

Metabolomics has been used to explore links between phenotypes and metabolism. Metabolites represent intermediate and end-products of cellular regulatory processes, and their levels can reflect physiologic and pathologic changes that may mirror the progression of diseases. Thus, they may reflect metabolic changes at early stages of a disease. Therefore, metabolomics is a useful method to deepen the understanding of disease-relevant metabolic processes and dysregulation, by detecting alterations of the metabolic profile and specific metabolites.

Metabolic perturbations of prediabetes and diabetes are complex. Cross-sectional analyses have reported associations of altered metabolite levels with obesity (4), insulin resistance (5), prediabetes (6), and overt diabetes (7). Previous findings suggested that branched-chain amino acids (BCAAs) were associated with insulin resistance (5) and T2D (7). Further, the components of nitrogen metabolism pathway were also considered as potential effectors of earliest stages of T2D pathophysiology (8). Although metabolomics studies of diabetes and prediabetes are increasing in number and attracting the interest of the medical community, a clear understanding of alterations in metabolite profiles during the progression from prediabetes to diabetes has not been achieved. Identification of these changes may be useful for estimating the risk of developing prediabetes and diabetes.

Thus, the purpose of this study was to identify new metabolic markers that may help understand the pathogenesis from prediabetes to T2D, and improve risk prediction for the development of diabetes. Patients with prediabetes diagnosed by oral glucose tolerance test (OGTT) who had developed diabetes after a follow-up of 5 years were enrolled. Matched controls were also randomly selected from participants who were diagnosed with prediabetes at baseline and after a follow-up period of 5 years. We assessed and compared metabolite levels in both groups to determine which were predictive of conversion from prediabetes to diabetes, and to investigate correlations between metabolites and clinical indexes during the development of diabetes. In addition, we also investigated novel metabolites associated with risk of developing T2D.



Research Design and Methods


Study Population

The study population was from the Risk Evaluation of Cancers in Chinese Diabetic Individuals: A Longitudinal (REACTION) study, which was a multicenter prospective observational study aiming to evaluate chronic diseases among the Chinese population (9). The Institutional Review Boards at each study site approved the study protocol, and all participants provided written informed consent. During the recruitment period, local permanent residents (39–79 years of age) were invited to participate in a screening examination for diabetes. From June to December 2011, 3,620 residents were successfully recruited, among whom 1,256 participants were diagnosed with prediabetes. In 2016, participants returned for a 5-year follow-up survey. We randomly selected 153 individuals who reported a diagnosis of prediabetes at baseline (2011) and turned to T2D after a 5-year follow-up (2016). They did not receive medication interventions. Matched controls (n = 160) were randomly selected from participants who were diagnosed with prediabetes at both baseline and after a 5-year follow-up. The controls were matched (1.04:1) for sex, age (± 3 years), BMI and date of blood collection (± 6 months), because these factors are well-known to influence metabolic profiles (10, 11). Diabetes was defined according to the American Diabetes Association (ADA) 2010 criteria. The diagnosis of prediabetes was defined as a fasting plasma glucose (Glu0) level of 5.6-6.9 mmol/L (100-125 mg/dl), a 2-h blood glucose (Glu120) level of 7.8-11.0 mmol/L (140-199 mg/dl), or a glycated hemoglobin (HbA1c) level of 5.7- 6.4% (39-46 mmol/mol), according to the 2010 ADA guidelines (12). Serum samples were all collected by Sun Yat-Sen Memorial Hospital, of Sun Yat-Sen University, and stored at -80°C until testing.



Clinical and Biochemical Measurements

We collected information regarding lifestyle factors, medical history, sociodemographic characteristics, and family history using a standardized questionnaire (9). Anthropometrical measurements of all participants were obtained by trained staff using standard protocols (13). Blood pressure (BP) was measured 3 times, consecutively, by the same observer within 5 minutes using an automated electronic device (OMRON, Omron Company, China). Body height and body weight were recorded to the nearest 0.1 cm and 0.1 kg, respectively, with participants were wearing light indoor clothing without shoes. Body mass index (BMI) was calculated as weight in kilograms divided by height in meters squared (kg/m2). Waist circumference (WC) was measured at the umbilical level with participants in the standing position at the end of a gentle expiration. All participants received a standard 75-g oral glucose tolerance test (OGTT), and plasma glucose concentrations were determined at Glu0 and Glu120. Venous blood samples were collected after an overnight fast of at least 10 h. Glu0, Glu120, triglyceride (TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), creatinine (Cr), g-glutamyltransferase (GGT), aspartate aminotransferase (AST), and alanine aminotransferase (ALT) concentrations were measured with an autoanalyzer (CX-7 Biochemical Autoanalyser; Beckman, Brea, CA, USA). HbA1c was measured by high-performance liquid chromatography (HPLC) (BioRad, Hercules, CA). Triglyceride-glucose index (TyG index) was calculated as the LN [fasting TG(mg/dl)*Glu0(mg/dl)/2] (14). The first morning spot urine samples were collected for assessing the urine albumin (Urine-ALB).



Serum Collection and Preparation

Antecubital venous blood samples (20 ml) were obtained after a 10 h fast, and samples were immediately placed on ice. Samples were processed within 6 h to obtain serum, which was stored at -80°C until testing. For metabolic profiling, serum samples were thawed on ice and metabolites were extracted with methanol using a previously described method (15). A total of 50 μl of thawed serum was collected and precipitated by 150 μl of methanol with 10 μl of 1 mg/ml 2-chloro-L-phenylalanine as the internal standard. After centrifugation at 14,000 ×g for 10 min at 4°C, the supernatant was transferred to a 1.5 ml sample vial. A pooled quality control (QC) sample was prepared by mixing equal amounts (10 μl) of each serum sample.



Serum Metabolomics Profiling by LC-Mass Spectrometry (LC-MS)

The prepared samples were analyzed using an ultraperformance HPLC (UHPLC) system (1290, Agilent Technologies) with a UPLC HSS T3 column (2.1 mm × 100 mm, 1.8 μm, Waters) coupled to Q Exactive Focus (Thermo Fisher Scientific, MA, USA), via a previously described method with some modifications (16). Additional details are provided in the Supplementary Material Methods section.



Data Analysis

Metabolite levels were log-transformed for analysis. To compare metabolite levels between the prediabetes and T2D groups, a paired Mann-Whitney-Wilcoxon test (a nonparametric univariate method), and multivariate statistical analysis [PCA (Principal Component Analysis) and OPLS-DA (Orthogonal Partial Least Squares Discriminant Analysis)] were used, and analyses were conducted with an R software (v 4.1.0) and SIMCA 15.0 software (Umetrics, Umea, Sweden). Metabolites that were found to be significant, were adjusted for confounding factors (Age, BMI, WC, waist-hip ratio, urine albumin, HDL-C, LDL-C, TC, GGT, Glu0, Glu120, HbA1C) and examined by multivariate logistic regression analysis to determine their value for discriminating prediabetes from T2D.

Metabolomics Pathway Analysis (MetPA, v5.0) was performed to identify significantly altered pathways contributing to the progression of prediabetes to diabetes. Permutation multivariate analysis of variance (PERMANOVA) (Bray–Curtis distance) was employed to test statistically significant differences between metabolic profiles and individuals’ phenotypes (17). Multivariate logistic regression analysis was performed with adjustment for confounding factors to estimate the association between each novel metabolite and diabetes risk. An adjusted P-value corrected for multiple tests using a false discovery rate (FDR) (Benjamini-Hochberg) of < 0.05 was regarded as significant.

Next, the random forest classifier (RFC) for discriminating prediabetes from T2D was trained on 182 randomly selected subjects (91 with prediabetes, 91 with diabetes) from the 306 participants, and then tested on the remaining subjects (62 with prediabetes, 62 with diabetes). The analysis was conducted with 5 repetitions of 10-fold cross-validation, using cross-validation error curves to select features as described by Feng et al. (18). The cross-validation error curves from the 5 trials were averaged, and the minimum error in the averaged curve plus the standard deviation at that point was used as the cutoff for an acceptable error. From the sets of metabolites with a classification error less than the cutoff, the set with the smallest number of metabolites was chosen as the optimal set (19). The risk probability of diabetes for each subject was computed, and the area under the receiver operating characteristics (ROC) curve (AUC) was calculated. The RFC model was further tested and validated on another dataset (160 prediabetes subjects who were still in prediabetes status in the 5-year follow-up). Clinical indexes were also applied for RFC construction. Furthermore, the combinations of the optimal metabolites and clinical factors sets were applied for RFC model to compare diabetes prediction capability.




Results

The characteristics of pre-diabetes and matched control at baseline were shown in Table 1. Overall, despite of no differences in serum cholesterol and liver functions, significantly higher baseline Glu120, HbA1c and urine albumin levels were found in the pre-diabetes group who turned to diabetes than those who were still in pre-diabetes status after the 5-year of follow-up.


Table 1 | The characteristics of Pre-diabetes and matched control at baseline.



The characteristics of pre-diabetes and matched control after 5-year follow-up are shown in Supplementary Table 1. The mean Glu0 and Glu120 values in prediabetes group at baseline were 5.75 ± 0.64 mmol/L and 9.19 ± 1.16 mmol/L, respectively, and they turned to diabetes after 5-year follow-up with the values as 6.27 ± 1.36 mmol/L and 12.90 ± 2.84 mmol/L, respectively. Besides, patients who developed diabetes after the 5-year of follow-up had higher levels of BMI, WC, waist-hip ratio as well as HbA1c comparing with prediabetes group. A comparison of diabetes risk factors between the groups showed that individuals with diabetes were more likely to be hypercholesterolemic compared with individually matched controls, and had significantly higher LDL-C, TC, and urine albumin levels. Levels of GGT were significantly different between the 2 groups, but the mean value of both groups was within normal limits.

Figure 1A provides a detailed workflow of the metabolomics study. The metabolomics data acquired resulted in 3,531 positive mode peaks and 4,849 negative mode peaks after quality control. No significant drifts in the QC (quality control) metabolites profiles obtained in both ion modes were observed, and the profiles demonstrated relatively good stability and reproducibility. Both PCA scores plot and OPLS-DA scores plot, validated with permutation tests (200 permutations) (20), revealed significant metabolite differences between the prediabetes group and the diabetes group. PERMANOVA analysis demonstrated diabetes status exhibited significant impact on the metabolic profile (Q-value < 0.05, 999 permutations). Overall, the serum metabolome datasets were significantly associated with Glu120 (Q-value < 0.05) (Supplementary Table 2). Weak interactions were observed between the global metabolomics profiles and clinical parameters such as LDL-C and TC (P-value < 0.05, Q-value > 0.05). Furthermore, age and Glu0 were weakly associated with serum metabolome profile in women, and smoking behavior was weakly associated with serum metabolites profile in men (20).




Figure 1 | (A) Overview of workflow in this study. (B) Heatmap of 101 significant metabolites. Amino acid and lipids showed obvious differences between prediabetes group and diabetes group from the results of metabolites abundance heatmap. (C) Metabolomic pathway analysis highlighted the potential importance of distinct pathways that were represented by metabolites associated with diabetes. Each bubble present one pathway. The color and size of each circle was based on P values and pathway impact values, respectively. (D) The OR per standard deviation increment and 95% CI estimation for the association between each novel metabolite and increased diabetes risk. ORs and 95% CIs of diabetes for the comparison between highest versus lowest tertile of clinical parameters and metabolites were adjusted for confounding factors (BMI, Age, WC, Waist–hip ratio, urine ALB, HDL-C, LDL-C, TC, GGT, Glu0, Glu120, HbA1C) discriminating prediabetes group from diabetes group by multi-logistic regression analysis. Red star indicated selected biomarkers by RFC model, blue stars indicated conventional diabetes diagnosis factors.



The 22 significantly up-regulated and 79 significantly down-regulated metabolites independent of conventional risk factors in the T2D group are shown in Figure 1B; the metabolites were mainly components of amino acid metabolism and lipid metabolism (20). MetPA analysis indicated that notable metabolism dysregulation occurred in the progression of T2D. As shown in Figure 1C, amino acids metabolism and lipids metabolism were statistically different between the prediabetes and diabetes groups. This was especially apparent with respect to Aminoacyl-tRNA biosynthesis, Alanine, aspartate and glutamate metabolism, Phenylalanine, tyrosine and tryptophan biosynthesis, and Sphingolipid metabolism (20).

The odds ratio (OR) associated with metabolites and clinical factors for the risk of diabetes after adjustment for confounding factors are summarized in Figure 1D. Multivariable logistic regression analyses revealed 20 altered metabolites were significantly associated with an increased risk of diabetes after adjustment for clinical factors and FDR correction. In the multivariate model, the OR of inosine for developing diabetes was 19.00 (95% confidence interval [CI]: 4.23-85.37), and the OR of carvacrol was 17.63 (95% CI: 4.98-62.34). Glu0 was independently associated with development of diabetes (OR = 6.28; 95% CI: 2.88-13.66), as was Glu120 level (OR = 5.64; 95% CI: 3.55-8.97). These diabetes positively associated metabolites such as inosine, carvacrol, and decan oylcarnitine might be complementary to glucose in improving diabetes forewarning, which would be further validated in the future study.

A RFC was established to investigate whether metabolic profiling or clinic profiling could predict future diabetes development in prediabetic subjects independent of primary diagnostic criteria of diabetes (Glu0, Glu120, and HbA1C). As age variant was a conventional diabetes risk factor, it was additionally added in the performance evaluation of the diabetes risk model in the independent dataset (pre-diabetes matched control) in the after-mentioned RFC model. As shown in Figures 2A–D, the RFC risk model contained 3 clinical factors (BMI, waist-hip ratio, and WC), and the validated AUC for diabetes development prediction was 55.79% (95% CI: 49.38-62.19%). Recent studies have shown TyG index in comparison with fasting plasma glucose improved diabetes prediction in patients with normal fasting glucose (14), so it was also analyzed as a conventional risk index. To further explore whether other 5 conventional risk indexes (such as DBP, SBP, TG, LDL and TyG index) could improve the prediction capability of diabetes progress, and new RFC model with aforementioned 8 clinical indexes (BMI, waist-hip ratio, WC, DBP, SBP, TG, LDL and TyG index) was established which showed a better prediction performance with AUC of 71.87% (62.79%-80.94%) (Figures 2E, F).




Figure 2 | Random forest classification (RFC) model based on clinical parameters (A-F), metabolites (G-J) and potential biomarkers panel discovery and evaluation (K, L). (A, G) Distribution of 5 trials of 10-fold cross-validation error in random forest classifiers. The model was trained with clinical factors in the training set (prediabetes group, n=91; diabetes group, n=91). The black solid curve showed the average of the 5 trials (dash lines). The red line indicated the number of picked features in the optimal set. (B, E, H, K) Receiver Operating Characteristic curve (ROC curve) and area under the ROC curve of 3 selected clinical indexes (B), 3 selected clinical indexes and 5 conventional prediction indexes (DBP, SBP, TG, LDL and TyG index) (E), 13 selected metabolites (H), 13 selected metabolites and 8 clinical indexes (K) for the test set with prediabetes subjects (n=62) and diabetes subjects (n=62). (C, F, I, L) Box-and-whisker plot presents the risk probability of developing diabetes among the training datasets (prediabetes group, n=91; diabetes group, n=91), validation datasets 1 (prediabetes group, n=62; diabetes group, n=62), validation datasets 2 (pre-diabetes matched control, n=160) according to the RFC model, Age was additionally added to predict validation datasets 2. (D, J) The importance of clinical variables and metabolites variables. The red color indicated selected clinical indexes and the blue color indicated selected optimal metabolites panel.



The predictive performance of metabolites for diabetes development prediction was also examined using the same numbers of random selected subjects as the training and validation datasets. As illustrated in Figures 2G–J and Table 2, a model containing 13 features was successfully generated; the model exhibited an AUC of 95.68% (95% CI: 92.61-98.75%) for diabetes development prediction (Figure 2H). The risk probability of all subjects was estimated, and subjects with diabetes and prediabetes in the validation sets could be more broadly separated than clinical indexes (Figure 2I).


Table 2 | 13 features discriminating diabetes patients from prediabetes subjects selected with Random Forest model.



To investigate whether the identified metabolites improved diabetes risk prediction, the same numbers of random selected subjects as the training and validation sets were used to construct a risk prediction model of diabetes by combination of the 8 clinical indexes, and 13 metabolites selected above. The AUC of the new combinational model was 98.10% (95% CI: 96.29-99.91%) (Figure 2K). As shown in Figure 2L, the combination risk prediction model provided an increased predictive value comparing to the metabolites panel alone, or the clinical features model alone. Together, these results indicated that the metabolome profile was regulated in a complex manner during development from prediabetes to diabetes.



Discussion

In this prospective investigation using an untargeted high-resolution metabolomics approach, we detected alterations in serum metabolites preceding the onset of diabetes from prediabetes by about 5 years. In addition, we identified metabolites that were associated with risk of diabetes, and improved the ability to predict the development of diabetes beyond that using routine clinical risk factors. Prior metabolomics studies have focused on a mixture of individuals with normoglycemia and prevalent dysglycemia (21–23), whereas the current study is novel in the respect that the participants had baseline prediabetes and turned to T2D.

To identify metabolites that were altered between participants with prediabetes and those with T2D, we performed non-targeted serum metabolomics profiling of baseline prediabetes and follow-up T2D groups in order to reduce noise due to inter-individual variability. The significant metabolic signatures identified in this study can be broadly classified into those associated with amino acid metabolism, especially aromatic amino acids, and lipid metabolism. Prior studies have reported increased circulating levels of branch-chain amino acids (BCAAs) and aromatic amino acids are associated with insulin resistance (2, 24) and diabetes (25, 26). In the current study, the amino acids phenylalanine and tyrosine were down-regulated in diabetes group compared with the prediabetes group. Besides, the BCAA valine (VIP value=0.78, Q-value=5.04E-18, fold-change (diabetes/prediabetes) =1.26) was up-regulated and isoleucine (VIP value=0.29, Q-value=0.001, fold-change (diabetes/prediabetes) =0.94) was down-regulated in diabetes group based on the univariate statistics. On the other hand, phenylalanylphenylalanine, which is reported to be positively associated with pancreatic ductal adenocarcinoma (27), was significantly up-regulated in diabetes group and associated with an increased risk of diabetes.

In insulin-resistant states, the body aims to compensate for decreased peripheral tissue glucose uptake through increased pancreatic insulin secretion (28). Phenylalanine, which is positively associated with insulin secretion, may be involved compensation pathways in the early stages of insulin resistance via the stimulation of insulin secretion. Once the ability for compensated insulin secretion is reached, there is progression to overt diabetes. Our findings of early metabolite changes in the progression of prediabetes into diabetes are consistent with a recent Mendelian randomization analysis, that reported that elevations in amino acid levels occur after the development of insulin resistance (29). Aromatic amino acids may be potential markers for dysglycemic states; the precise role and function of the amino acids with respect to diabetes have yet to be identified. Although previous observational studies have reported associations of circulating aromatic amino acids with adverse events in non-diabetic persons, the present report for the first time has identified increased circulating levels of certain amino acids are associated with an increased risk of prediabetes progressing to diabetes. Interestingly, other metabolites such as BCCAs which were associated with diabetes incidence in previous studies were not prioritized by our selection algorithm; however, this finding is consistent with the results of a metabolomics study of American Indians (30). It is possible that the unique characteristics of the Chinese population, e.g., genetic background and lifestyle, could result in a unique population-specific metabolomics signature.

In this study we identified 13 metabolites, 3 up-regulated and 10 down-regulated, that independently predicted the progression from prediabetes to T2D. It is noteworthy that inosine, carvacrol, and carnitine were all associated with increased risk of developing diabetes from prediabetes, and the associations were independent of classical risk factors. Inosine, a naturally occurring purine, was long considered to be an inactive metabolite of adenosine. However, recent studies have shown that inosine has immunomodulatory and anti-inflammatory properties in vitro and in vivo (31). Inosine is a potent stimulator of insulin secretion from isolated mouse islet cells (32), but its relation with diabetes development in humans remains unknown. Carvacrol is a predominant constituent of essential oils and has well-known antioxidant, antimicrobial, antifungal, and anti-inflammatory properties (33, 34), and exerted an anti-hyperglycemic effect in STZ-induced diabetic mice and a protective role in diabetes-induced aortic hypercontractility (35, 36). In the present study, the OR associated with metabolites and clinical factors for the risk of diabetes after adjustment for confounding factors are analyzed. The OR of carvacrol was 17.63 (95% CI: 4.98-62.34), which was considered as complementary to glucose in improving diabetes forewarning, However, the role of carvacrol in the progression from prediabetes to diabetes in human remained unknown. Amino acid derivative carnitine is primarily synthesized in the liver in its L-form from lysine and methionine, and transported via the bloodstream to cardiac and skeletal muscle. It is required for mitochondrial fatty acid β-oxidation and the transport of long-chain fatty acids across the inner membrane of the mitochondria, in the form of acyl-carnitine, where they can be metabolized for energy. Carnitine has been used in a number of human studies alone or as part of a combination therapy (37, 38). However, a recent study indicated that dietary L-carnitine could be converted into the atherosclerosis- and thrombosis-promoting metabolite trimethylamine N-oxide via sequential gut microbiota–dependent transformations (39). While the 3 metabolites have been well-studied, the mechanisms by which the affect diabetes risk is not clear. Maybe the increased metabolites that occurs at the stage of diabetes is not part of the pathogenic mechanism that induces or maintains the disease. They only represent a kind of protective mechanism associated with recovery from the abnormal glucose metabolism in body. Future investigations are warranted to better understand the effects of these metabolites, and their relations with diabetes risk.

An important finding of this study is that the combination of the identified metabolites can predict the development of T2D from prediabetes better than using conventional risk factors. The AUC of 8 conventional clinical risk factors for predicting the development of T2D from prediabetes was only 0.72, which is lower than reported in other recent studies of normoglycemic individuals (40). A possible explanation might be related to the study population: in persons with prediabetes the predictive value of traditional T2D risk factors may not be as strong as in persons who are normoglycemic. A model that combined 13 metabolomics signatures and 8 traditional risk factors exhibited an AUC of 0.98 for predicting the development of diabetes from prediabetes. It is noteworthy that we observed significant associations between long chain-phospholipids and diabetes risk; long chain-phospholipids were found to be predictive of diabetes in the prospective Framingham Offspring cohort and the Malmö Diet and Cancer study (24). Similar observations have recently been reported with respect to the fatty acid compositions of triglycerides (41), suggesting that lipids with a shorter chain length may trigger development of diabetes, whereas those containing longer chains may offer protection.

In comparing of persons with prediabetes and those with T2D, we observed a significant reduction of lysophosphatidylcholine (LysoPC) species in diabetes patients, including LysoPC (20:1(11Z)) and LysoPC (P-16:0), which were selected by the diabetes prediction model. LysoPC is an important signaling molecule and fatty acid carrier, and accounts for 5–20% of total plasma phospholipids. Alterations in LysoPC species have been widely studied in relation to diabetes and obesity. A large cross-sectional study reported significantly lower levels of several LysoPC species in patients with impaired glucose tolerance and diabetes (42). In vivo and in vitro studies have reported that LysoPC species enhance glucose-dependent insulin secretion via G-protein-coupled receptor G119 (43).

There are some limitations to this study that should be considered. First, because all of the participants were Chinese, the conclusions may not be generalizable to other ethnicities. Second, it is possible that certain unstable metabolites will degrade during sample collection, storage, and processing; however, all samples were collected according to a standardized protocol and stored at -80°C. Plasma metabolites detected by UPLC-QTOF-MS have been shown to be stable over a period of 13-17 years when stored at -80°C. Thus, we do not believe that sample handling or storage had any marked effect on the study results. Third, we acknowledge that the results of our population-based analysis should be interpreted with caution since some unmeasured factors (e.g. changes in lifestyle factors, pre-clinical treatments or other diseased states over time) might have influenced our findings. Lastly, insulin level data were not available; thus, insulin resistance and insulin sensitivity could not be evaluated. In recent studies, TyG index was identified as a risk marker of insulin resistance, so we used TyG index as a conventional factor for diabetes prediction in prediabetes patients (44).

In conclusion, this study identified a discrete set of metabolites associated with an increased risk of prediabetic persons developing T2D. Changes in these metabolites preceded the onset of overt diabetes, and in clinical practice may help to identify individuals with prediabetes who are at increased risk of progressing to overt diabetes.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.



Ethics Statement

The studies involving human participants were reviewed and approved by Sun Yat-Sen Memorial Hospital, of Sun Yat-Sen University. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author Contributions

MR researched the literature, designed the experiments, analyzed the data, interpreted the results, and wrote and approved the manuscript. DL and KS performed the collection of clinical data and the statistical analysis. ZL, YQ, and JD interpreted the results, analyzed the data, and collaborated with all other authors. GB conducted and supervised the metabolomics measurements. XW and GJ also collected the clinical data. JL, JH, and CW analyzed data and drafted the manuscript. LY and MR are the guarantors of this work and, as such, have full access to all the data in the study and take responsibility for the integrity of the data and the accuracy of the data analysis. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by grants from the National Natural Science Foundation of China (81870571,81770827).



Acknowledgments

The authors gratefully acknowledge professor Jian Bo Wan for assistance in the experiments.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2021.745214/full#supplementary-material



References

1. Wang, L, Gao, P, Zhang, M, Huang, Z, Zhang, D, Deng, Q, et al. Prevalence and Ethnic Pattern of Diabetes and Prediabetes in China in 2013. JAMA (2017) 317(24):2515–23. doi: 10.1001/jama.2017.7596

2. Ligthart, S, van Herpt, TTW, Leening, MJG, Kavousi, M, Hofman, A, Stricker, BHC, et al. Lifetime Risk of Developing Impaired Glucose Metabolism and Eventual Progression From Prediabetes to Type 2 Diabetes: A Prospective Cohort Study. Lancet Diabetes Endocrinol (2016) 4(1):44–51. doi: 10.1016/S2213-8587(15)00362-9

3. Peters, AL, Davidson, MB, Schriger, DL, and Hasselblad, V. A Clinical Approach for the Diagnosis of Diabetes Mellitus: An Analysis Using Glycosylated Hemoglobin Levels. Meta-Analysis Research Group on the Diagnosis of Diabetes Using Glycated Hemoglobin Levels. JAMA (1996) 276(15):1246–52. doi: 10.1001/jama.276.15.1246

4. Newgard, CB, An, J, Bain, JR, Muehlbauer, MJ, Stevens, RD, Lien, LF, et al. A Branched-Chain Amino Acid-Related Metabolic Signature That Differentiates Obese and Lean Humans and Contributes to Insulin Resistance. Cell Metab (2009) 9(4):311–26. doi: 10.1016/j.cmet.2009.02.002

5. Würtz, P, Mäkinen, V-P, Soininen, P, Kangas, AJ, Tukiainen, T, Kettunen, J, et al. Metabolic Signatures of Insulin Resistance in 7,098 Young Adults. Diabetes (2012) 61(6):1372–80. doi: 10.2337/db11-1355

6. Wopereis, S, Rubingh, CM, van Erk, MJ, Verheij, ER, van Vliet, T, Cnubben, NHP, et al. Metabolic Profiling of the Response to an Oral Glucose Tolerance Test Detects Subtle Metabolic Changes. PloS One (2009) 4(2):e4525. doi: 10.1371/journal.pone.0004525

7. Suhre, K, Meisinger, C, Doering, A, Altmaier, E, Belcredi, P, Gieger, C, et al. Metabolic Footprint of Diabetes: A Multiplatform Metabolomics Study in an Epidemiological Setting. PloS One (2010) 5(11):e13953. doi: 10.1371/journal.pone.0013953

8. Merino, J, Leong, A, Liu, C-T, Porneala, B, Walford, GA, von Grotthuss, M, et al. Metabolomics Insights Into Early Type 2 Diabetes Pathogenesis and Detection in Individuals With Normal Fasting Glucose. Diabetologia (2018) 61(6):1315–24. doi: 10.1007/s00125-018-4599-x

9. Ning, G. Risk Evaluation of Cancers in Chinese Diabetic Individuals: A Longitudinal (REACTION) Study. J Diabetes (2012) 4(2):172–3. doi: 10.1111/j.1753-0407.2012.00182.x

10. Yu, Z, Zhai, G, Singmann, P, He, Y, Xu, T, Prehn, C, et al. Human Serum Metabolic Profiles Are Age Dependent. Aging Cell (2012) 11(6):960–7. doi: 10.1111/j.1474-9726.2012.00865.x

11. Mittelstrass, K, Ried, JS, Yu, Z, Krumsiek, J, Gieger, C, Prehn, C, et al. Discovery of Sexual Dimorphisms in Metabolic and Genetic Biomarkers. PloS Genet (2011) 7(8):e1002215. doi: 10.1371/journal.pgen.1002215

12. American Diabetes Association. Diagnosis and Classification of Diabetes Mellitus. Diabetes Care (2010) 33 Suppl 1:S62–9. doi: 10.2337/dc10-S062

13. Bi, Y, Lu, J, Wang, W, Mu, Y, Zhao, J, Liu, C, et al. Cohort Profile: Risk Evaluation of Cancers in Chinese Diabetic Individuals: A Longitudinal (REACTION) Study. J Diabetes (2014) 6(2):147–57. doi: 10.1111/1753-0407.12108

14. Navarro-Gonzalez, D, Sanchez-Inigo, L, Pastrana-Delgado, J, FernandezMontero, A, and Martinez, JA. Triglyceride-Glucose Index (TyG Index) in Comparison With Fasting Plasma Glucose Improved Diabetes Prediction in Patients With Normal Fasting Glucose: The Vascular-Metabolic CUN Cohort. Prev Med (2016) 86:99–105. doi: 10.1016/j.ypmed.2016.01.022

15. Dunn, WB, Broadhurst, D, Begley, P, Zelena, E, Francis-McIntyre, S, Anderson, N, et al. Procedures for Large-Scale Metabolic Profiling of Serum and Plasma Using Gas Chromatography and Liquid Chromatography Coupled to Mass Spectrometry. Nat Protoc (2011) 6(7):1060–83. doi: 10.1038/nprot.2011.335

16. Wang, J, Zhang, T, Shen, X, Liu, J, Zhao, D, Sun, Y, et al. Serum Metabolomics for Early Diagnosis of Esophageal Squamous Cell Carcinoma by UHPLC-QTOF/MS. Metabolomics (2016) 12(7):116. doi: 10.1007/s11306-016-1050-5

17. Anderson, MJ. A New Method for Non-Parametric Multivariate Analysis of Variance. Austral Ecol (2001) 26(1):32–46. doi: 10.1046/j.1442-9993.2001.01070.x

18. Feng, Q, Liang, S, Jia, H, Stadlmayr, A, Tang, L, Lan, Z, et al. Gut Microbiome Development Along the Colorectal Adenoma-Carcinoma Sequence. Nat Commun (2015) 6:6528. doi: 10.1038/ncomms7528

19. Zhang, X, Zhang, D, Jia, H, Feng, Q, Wang, D, Liang, D, et al. The Oral and Gut Microbiomes Are Perturbed in Rheumatoid Arthritis and Partly Normalized After Treatment. Nat Med (2015) 21(8):895–905. doi: 10.1038/nm.3914

20. Ren, M, Lin, Dz, Liu, ZP, Sun, K, Wang, C, Lao, Gj, et al. Data From: Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population (2020). Available at: https://figshare.com/s/b1f312a4151dd5bd6c6d.

21. Lu, Y, Wang, Y, Ong, C-N, Subramaniam, T, Choi, HW, Yuan, J-M, et al. Metabolic Signatures and Risk of Type 2 Diabetes in a Chinese Population: An Untargeted Metabolomics Study Using Both LC-MS and GC-MS. Diabetologia (2016) 59(11):2349–59. doi: 10.1007/s00125-016-4069-2

22. Floegel, A, Stefan, N, Yu, ZH, Muhlenbruch, K, Drogan, D, Joost, HG, et al. Identification of Serum Metabolites Associated With Risk of Type 2 Diabetes Using a Targeted Metabolomic Approach. Diabetes (2013) 62(2):639–48. doi: 10.2337/db12-0495

23. Walford, GA, Porneala, BC, Dauriz, M, Vassy, JL, Cheng, S, Rhee, EP, et al. Metabolite Traits and Genetic Risk Provide Complementary Information for the Prediction of Future Type 2 Diabetes. Diabetes Care (2014) 37(9):2508–14. doi: 10.2337/dc14-0560

24. Wang, TJ, Larson, MG, Vasan, RS, Cheng, S, Rhee, EP, McCabe, E, et al. Metabolite Profiles and the Risk of Developing Diabetes. Nat Med (2011) 17(4):448–U483. doi: 10.1038/nm.2307

25. Sas, KM, Karnovsky, A, Michailidis, G, and Pennathur, S. Metabolomics and Diabetes: Analytical and Computational Approaches. Diabetes (2015) 64(3):718–32. doi: 10.2337/db14-0509

26. Xu, FG, Tavintharan, S, Sum, CF, Woon, K, Lim, SC, and Ong, CN. Metabolic Signature Shift in Type 2 Diabetes Mellitus Revealed by Mass Spectrometry-Based Metabolomics. J Clin Endocrinol Metab (2013) 98(6):E1060–5. doi: 10.1210/jc.2012-4132

27. Stolzenberg-Solomon, R, Derkach, A, Moore, S, Weinstein, SJ, Albanes, D, and Sampson, J. Associations Between Metabolites and Pancreatic Cancer Risk in a Large Prospective Epidemiological Study. Gut (2020) 69(11):2008–15. doi: 10.1136/gutjnl-2019-319811

28. DeFronzo, RA. From the Triumvirate to the Ominous Octet: A New Paradigm for the Treatment of Type 2 Diabetes Mellitus. Diabetes (2009) 58(4):773–95. doi: 10.2337/db09-9028

29. Mahendran, Y, Jonsson, A, Have, CT, Allin, KH, Witte, DR, Jorgensen, ME, et al. Genetic Evidence of a Causal Effect of Insulin Resistance on Branched-Chain Amino Acid Levels. Diabetologia (2017) 60(5):873–8. doi: 10.1007/s00125-017-4222-6

30. Zhao, JY, Zhu, Y, Hyun, N, Zeng, DL, Uppal, K, Tran, VT, et al. Novel Metabolic Markers for the Risk of Diabetes Development in American Indians. Diabetes Care (2015) 38(2):220–7. doi: 10.2337/dc14-2033

31. Hasko, G, Kuhel, DG, Nemeth, ZH, Mabley, JG, Stachlewitz, RF, Virag, L, et al. Inosine Inhibits Inflammatory Cytokine Production by a Posttranscriptional Mechanism and Protects Against Endotoxin-Induced Shock. J Immunol (2000) 164(2):1013–9. doi: 10.4049/jimmunol.164.2.1013

32. Mabley, JG, Rabinovitch, A, Suarez-Pinzon, W, Haskó, G, Pacher, P, Power, R, et al. Inosine Protects Against the Development of Diabetes in Multiple-Low-Dose Streptozotocin and Nonobese Diabetic Mouse Models of Type 1 Diabetes. Mol Med (2003) 9(3-4):96–104. doi: 10.2119/2003-00016.Mabley

33. Chenet, AL, Duarte, AR, de Almeida, FJS, Andrade, CMB, and de Oliveira, MR. Carvacrol Depends on Heme Oxygenase-1 (HO-1) to Exert Antioxidant, Anti-Inflammatory, and Mitochondria-Related Protection in the Human Neuroblastoma SH-SY5Y Cells Line Exposed to Hydrogen Peroxide. Neurochem Res (2019) 44(4):884–96. doi: 10.1007/s11064-019-02724-5

34. Mbese, Z, and Aderibigbe, BA. Biological Efficacy of Carvacrol Analogues. Recent Pat Anti-Infect Drug Discov (2018) 13(3):207–16. doi: 10.2174/1574891X14666181205111821

35. Liu, Y, Wei, J, Ma, K-T, Li, C-L, Mai, Y-P, Qiu, X-X, et al. Carvacrol Protects Against Diabetes-Induced Hypercontractility in the Aorta Through Activation of the PI3K/Akt Pathway. BioMed Pharmacother (2020) 125:109825. doi: 10.1016/j.biopha.2020.109825

36. Li, Y, Mai, Y, Qiu, X, Chen, X, Li, C, Yuan, W, et al. Effect of Long-Term Treatment of Carvacrol on Glucose Metabolism in Streptozotocin-Induced Diabetic Mice. BMC Complement Med Ther (2020) 20(1):142. doi: 10.1186/s12906-020-02937-0

37. Yarizadh, H, Shab-Bidar, S, Zamani, B, Vanani, AN, Baharlooi, H, and Djafarian, K. The Effect of L-Carnitine Supplementation on Exercise-Induced Muscle Damage: A Systematic Review and Meta-Analysis of Randomized Clinical Trials. J Am Coll Nutr (2020) 39(5):457–68. doi: 10.1080/07315724.2019.1661804

38. Novakova, K, Kummer, O, Bouitbir, J, Stoffel, SD, Hoerler-Koerner, U, Bodmer, M, et al. Effect of L-Carnitine Supplementation on the Body Carnitine Pool, Skeletal Muscle Energy Metabolism and Physical Performance in Male Vegetarians. Eur J Nutr (2016) 55(1):207–17. doi: 10.1007/s00394-015-0838-9

39. Koeth, RA, Lam-Galvez, BR, Kirsop, J, Wang, Z, Levison, BS, Gu, X, et al. L-Carnitine in Omnivorous Diets Induces an Atherogenic Gut Microbial Pathway in Humans. J Clin Invest (2019) 129(1):373–87. doi: 10.1172/JCI94601

40. Tabák, AG, Herder, C, Rathmann, W, Brunner, EJ, and Kivimäki, M. Prediabetes: A High-Risk State for Diabetes Development. Lancet (2012) 379(9833):2279–90. doi: 10.1016/S0140-6736(12)60283-9

41. Rhee, EP, Cheng, S, Larson, MG, Walford, GA, Lewis, GD, McCabe, E, et al. Lipid Profiling Identifies a Triacylglycerol Signature of Insulin Resistance and Improves Diabetes Prediction in Humans. J Clin Invest (2011) 121(4):1402–11. doi: 10.1172/JCI44442

42. Wang-Sattler, R, Yu, Z, Herder, C, Messias, AC, Floegel, A, He, Y, et al. Novel Biomarkers for Pre-Diabetes Identified by Metabolomics. Mol Syst Biol (2012) 8:615. doi: 10.1038/msb.2012.43

43. Soga, T, Ohishi, T, Matsui, T, Saito, T, Matsumoto, M, Takasaki, J, et al. Lysophosphatidylcholine Enhances Glucose-Dependent Insulin Secretion via an Orphan G-Protein-Coupled Receptor. Biochem Biophys Res Commun (2005) 326(4):744–51. doi: 10.1016/j.bbrc.2004.11.120

44. Du, T, Yuan, G, Zhang, M, Zhou, X, Sun, X, and Yu, X. Clinical Usefulness of Lipid Ratios, Visceral Adiposity Indicators, and the Triglycerides and Glucose Index as Risk Markers of Insulin Resistance. Cardiovasc Diabetol (2014) 13:146. doi: 10.1186/s12933-014-0146-3




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.


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 © 2022 Ren, Lin, Liu, Sun, Wang, Lao, Fan, Wang, Liu, Du, Zhu, Wang and Yan. 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/fendo-12-745214-g001.jpg





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Potential Novel Serum Metabolic Markers Associated With Progression of Prediabetes to Overt Diabetes in a Chinese Population

      

        		

          Background

        



        		

          Methods

        



        		

          Findings

        



        		

          Interpretations

        



        		

          Introduction

        



        		

          Research Design and Methods

        

          		

            Study Population

          



          		

            Clinical and Biochemical Measurements

          



          		

            Serum Collection and Preparation

          



          		

            Serum Metabolomics Profiling by LC-Mass Spectrometry (LC-MS)

          



          		

            Data Analysis

          



        



        



        		

          Results

        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Name

Inosine(-)
PC(P-17:0/0:0)(+)
PC(O-16:0/3:1(2E))(+)
Carvacrol(-)
PC(O-16:0/0-1:0)(+)
PC(O-18:0/0-2:1(1E))(+)
LysoPC(20:1(112))(+)
Phe Phe(+)
PE(P-16:0e/0:0)(-)
PE(O-18:1(92)/0:0)(-)
LysoPC(P-16:0)(+)
1-Palmitoyl Lysophosphatidic

Acid(-)
L-Histidine(-)

mz

267.07

494.36

536.37

149.10

496.37

536.41

550.38

313.15

436.28

464.31

480.34

409.24

154.06

RT(min)*

226
7.54
7.49
5.95
7.57
8.22
7.87
3.72
711
7.84
747
6.07

0.58

ppm

0.56

3.59

3.75

0.88

3.1

3.85

3.44

3.30

0.13

0.14

3.26

0.02

0.27

lon

H+

H+

H+

H+

H+

H+

H-

FORMULA

C10H12N405

C25H52N06P

C27H54NO7P

C10H140

C25H54NO6P

C28H58NOBP

C28H56NO7P

C18H20N203

C21H44NO6P

C23H48NOBP

C24H50NOBP

C19H3907P

C6HIN302

Super_class

Nucleosides, Nucleotides, and
Analogues

Lipids

Lipids

others

Lipids

Lipids

Lipids

Amino Acids, Peptides, and
Analogues

Lipids

Lipids

Lipids

Lipids

Amino Acids, Peptides, and
Analogues

VIP§ Foldchange P value
(T2D/
Prediabetes)

2.36 4.29 6.44E-

23
3.03 0.13 7.98E-
25
1.86 0.48 5.60E-
24
1.33 1.66 8.09E-
23
3.19 o1 8.43E-
25
3.21 0.10 7.40E-
26
179 0.43 1.12E-
25
2.80 3.03 3.30E-
21
2.36 0.22 3.37E-
24
2.36 0.22 2.97E-
24
231 0.24 7.40E-
26
257 0.15 7.14E-
25
1.62 0.41 1.42E-
22

q valuef

3.89E-22

1.42E-23

5.27E-23

4.70E-22

1.46E-23

6.53E-24

7.07E-24

1.24E-20

3.58E-23

8.27E-23

6.53E-24

1.34E-23

7.56E-22

*Retention time. §VIP (Variable Importance for Projection),one indicator reflecting the capability of the variables to explain Y. $Adjusted p.value calculated by the paired two-tailed Wilcoxon
rank-sum tests after false discovery rate correction.





OEBPS/Images/fendo.2021.745214_cover.jpg
’ frontlers
n Endocrinology

Potential Novel Serum Metabolic
Markers Associated With
Progression of Prediabetes to Overt
Diabetes in a Chinese Population





OEBPS/Images/logo.jpg
’ frontiers
in Endocrinology





OEBPS/Images/fendo-12-745214-g002.jpg





OEBPS/Images/table1.jpg
Variables Pre-Diabetes Group# (Baseline ) Pre-Diabetes Matched Control Group (Baseline ) p.value*
Age 56+7 567 0.79
Gender (male/female) 49/104 46/114 0.61
BMI 242+28 24427 0.50
SBP 129 + 14 129 + 14 0.87
DBP 76+9 78+ 10 0.16
WC 83+8 84+8 0.76
HC 9B +7 96 + 6 0.24
Waist-hip ratio 0.88 + 0.06 0.87 + 0.06 0.44
HR 82+ 11 81+ 11 0.98
HDL-C (mmol/L) 1.22 +0.36 124 +£0.33 0.97
LDL-C (mmol/L) 3.11 £0.94 3.11 £0.92 0.81
TC (mmol/L) 521+1.26 5.16 £1.28 0.50
TG (mmol/L) 2.06 +1.90 1.84 +1.26 0.73
ALT (U/L) 16+9 16+ 10 0.70
AST (UL) 19+7 19+7 0.50
GGT (mg/dL) 28 +18 26 + 21 0.11
GluO (mmol/L) 5.75 + 0.64 5.63 +0.61 0.09
Glu120 (mmol/L) 9.19+1.16 873 +£1.21 <0.001
HbA1c (%) 5.97 +0.35 5.89 + 0.35 0.02
Urine-ALB 8.90 + 10.39 7.81 +9.39 0.03

#mean + SD or number of individuals (%). *P. value was calculated by the two-tailed Wilcoxon rank-sum tests (continuous variables) or chi-square tests (discontinuous variables). BMI,
Body Mass Index; SBP, Systolic blood pressure; DBP, Diastolic blood pressure; WC, Waist circumference; HC, hip circumference; HR, Heart Rate; HDL-C, High-density lipoprotein
cholesterol; LDL-C, Low-density lipoprotein cholesterol; TC, Total cholesterol; TG, Triglyceride; ALT, Alanine aminotransferase; AST, Aspartate aminotransferase; GGT, G-
glutamyltransferase; GluO, fasting plasma glucose; Glu120, 2-h blood glucose. Urine-ALB, urine albumin.





